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Preface

Aims and scope

This book is both an introductory textbook and a researchagmaph on modelling
the statistical structure of natural images. In very sintptens, “natural images” are
photographs of the typical environment where we live. Iis ook, their statistical
structure is described using a number of statistical modéisse parameters are
estimated from image samples.

Our main motivation for exploring natural image statisicsomputational mod-
elling of biological visual systems. A theoretical frameWwavhich is gaining more
and more support considers the properties of the visuaésy#d be reflections of
the statistical structure of natural images, because diiéwoary adaptation pro-
cesses. Another motivation for natural image statistisgaech is in computer sci-
ence and engineering, where it helps in development ofliettye processing and
computer vision methods.

While research on natural image statistics has been groveipiglly since the
mid-1990’s, no attempt has been made to cover the field inghesbook, providing
a unified view of the different models and approaches. Thiklaitempts to do just
that. Furthermore, our aim is to provide an accessible ¢htotion to the field for
students in related disciplines.

However, not all aspects of such a large field of study can beptetely covered
in a single book, so we have had to make some choices. Bgsiwallconcentrate
on the neural modelling approaches at the expense of engigegplications. Fur-
thermore, those topics on which the authors themselves heee doing research
are, inevitably, given more emphasis.

Xvii



xviii Preface

Targeted audience and prerequisites

The book is targeted for advanced undergraduate studeathjate students and re-
searchers in vision science, computational neuroscieoogputer vision and image
processing. It can also be read as an introduction to thebgreaople with a back-
ground in mathematical disciplines (mathematics, stesistheoretical physics).

Due to the multidisciplinary nature of the subject, the bbak been written so
as to be accessible to an audience coming from very diffdr@ckgrounds such as
psychology, computer science, electrical engineeringrat@ology, mathematics,
statistics and physics. Therefore, we have attempted teceethe prerequisites to a
minimum. The main thing needed are basic mathematicakskdlitaught in intro-
ductory university-level mathematics courses. In paléigihe reader is assumed to
know the basics of

e univariate calculus (e.g. one-dimensional derivativesbiategrals)

e linear algebra (e.g. inverse matrix, orthogonality)

e probability and statistics (e.g. expectation, probapdinsity function, variance,
covariance)

To help readers with a modest mathematical background,sh @aurse on linear
algebrais offered at Chapter 19, and Chapter 4 reviews pifityaheory and statis-
tics on a rather elementary level.

No previous knowledge of neuroscience or vision scienceg¢gssary for reading
this book. All the necessary background on the visual sys$egiven in Chapter 3,
and an introduction to some basic image processing metsaigdn in Chapter 2.

Structure of the book and its use as a textbook

This book is a hybrid of a monograph and an advanced gradextsobk. It starts
with background material which is rather classic, wherbaddtter parts of the book
consider very recent work with many open problems. The raterthe middle is
quite recent but relatively established.

The book is divided into the following parts

Introduction , which explains the basic setting and motivation.

Part |, which consists of background chapters. This is mainlysitamaterial
found in many textbooks in statistics, neuroscience, agabdiprocessing. How-
ever, here it has been carefully selected to ensure thatetider has the right
background for the main part of the book.

Part 1l starts the main topic, considering the most basic modelsdtural image
statistics. These models are based on the statistics @irlieatures, i.e. linear
combinations of image pixel values.

Partlll considers more sophisticated models of natural imagestastjin which
dependencies (interactions) of linear features are censit] which is related to
computing nonlinear features.
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Part IV applies the models already introduced to new kinds of datauc im-
ages, stereo images, and image sequences (video). Someotelsion the tem-
poral structure of sequences are also introduced.

Part V consists of a concluding chapter. It provides a short oesnaf the book
and discusses open questions as well as alternative apgoéx image mod-
elling.

Part VI consists of mathematical chapters which are provided ascd{ian ap-
pendix. Chapter 18 is a rather independent chapter on ggation theory. Chap-
ter 19 is background material which the reader is actualppssed to know; it
is provided here as a reminder. Chapters 20 and 21 providestmated supple-
mentary mathematical material for readers with such istsre

Dependencies of the parts are rather simple. When the basletsas a textbook,
all readers should start by reading the first 7 chapterdn the order they are given
(i.e. Introduction, Part I, and Part Il except for the lasapter), unless the reader is
already familiar with some of the material. After that, itgessible to jump to later
chapters in almost any order, except for the following:

e Chapter 10 requires Chapter 9, and Chapter 11 requires &iseépand 10.
e Chapter 14 requires Section 13.1.

Some of the sections are marked with an asterisk *, which siteat they are more
sophisticated material which can be skipped without infeting the flow of ideas.

An introductory course on natural image statistics can b®bi constructed by
going through the firsh chapters of the book, wherewould typically be between
7 and 17, depending on the amount of time available.

Referencing and Exercises

To keep the text readable and suitable for a textbook, thelfirschapters do not
include references in the main text. References are givensaparate section at
the end of the chapter. In the latter chapters, the naturbéeiraterial requires

that references are given in the text, so the style changasrore scholarly one.

Likewise, mathematical exercises and computer assigreraatgiven for the first

10 chapters.

Code for reproducing experiments

For pedagogical purposes as well as to ensure the repralityabthe experiments,
the Matlad™ code for producing most of the experiments in the first 11 tévap
and some in Chapter 13, is distributed on the Internet at

www. nat ur al i magest ati stics. net
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This web site will also include other related material.
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Chapter 1
Introduction

1.1 What this book is all about

The purpose of this book is to present a general theory of gesibn and image pro-
cessing. The theory is normative, i.e. it says what is theragtway of doing these
things. It is based on construction of statistical modelénwiges combined with
Bayesian inference. Bayesian inference shows how we caprigeinformation
on the structure of typical images to greatly improve imagalgsis, and statistical
models are used for learning and storing that prior inforamat

The theory predicts what kind of features should be compfuted the incoming
visual stimuli in the visual cortex. The predictions on thénpary visual cortex
have been largely confirmed by experiments in visual neigose. The theory also
predicts something about what should happen in higher aneets as V2, which
gives new hints for people doing neuroscientific experirment

Also, the theory can be applied on engineering problems veldp more effi-
cient methods for denoising, synthesis, reconstructiomgression, and other tasks
of image analysis, although we do not go into the details dfigpplications in this
book.

The statistical models presented in this book are quitedifft from classic sta-
tistical models. In fact, they are so sophisticated thatyndithem have been devel-
oped only during the last 10 years, so they are interestitiggin own right. The key
point in these models is the non-gaussianity (non-norgjafiherent in image data.
The basic model presented is independent component asydysithat is merely a
starting point for more sophisticated models.

A preview of what kind of properties these models learn isigufFe 1.1. The
figure shows a number of linear features learned from nalionadjes by a statistical
model. Chapters 5—7 will already consider models whichisaich linear features.
In addition to the features themselves, the results in Eidut show another visu-
ally striking phenomenon, which is their spatial arrangamer topography. The
results in the figure actually come from a model called Toppbic ICA, which
is explained in Chapter 11. The spatial arrangement is alsded to computation



2 1 Introduction

of nonlinear, invariant features, which is the topic of Ctes0. Thus, the result
in this figure combines several of the results we developimitbok. All of these
properties are similar to those observed in the visual systithe brain.

N W2 b NN
N

Fig. 1.1: An example of the results we will obtain in this bo@ach small square in the image
is one image feature, grey-scale coded to that middle gregnmeero, white positive, and black
negative values. The model has learned local, orientedriestvhich are similar to those computed
by cells in the brain. Furthermore, the model uses the staisdependencies of the features to
arrange them on a 2D surface. Such a spatial arrangemeniscelmesobserved in the visual cortex.
The arrangement is also related to computation of nonljneeariant features.

In the rest of this introduction, we present the basic pnobdd image analysis,
and an overview of the various ideas discussed in more detils book.
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1.2 What is vision?

We can define vision as the process of acquiring knowledgetanyironmental ob-
jects and events by extracting information from the ligh &bjects emit or reflect.
The first thing we will need to consider is in what form thisarmhation initially is
available.

The light emitted and reflected by objects has to be colleatetthen measured
before any information can be extracted from it. Both biadagjand artificial sys-
tems typically perform the first step by projecting light tarrin a two-dimensional
image Although there are, of course, countless differences éetvithe eye and any
camera, the image formation process is essentially the .sarom the image, the
intensity of the light is then measured in a large number afigplocations, or sam-
pled. In the human eye this is performed by the photorecsptanereas artificial
systems employ a variety of technologies. However, allesystshare the funda-
mental idea of converting the light first into a two-dimemsibimage and then into
some kind of signal that represents the intensity of thetlagheach point in the
image.

Although in general the projected images have both tempordichromatic di-
mensions, we will be mostly concerned with static, monontedgrey-scale) im-
ages. Such an image can be defined as a scalar function oveéimeasionsl| (x,y),
giving the intensity (luminance) value at every locatiary) in the image. Although
in the general case both quantities (the positiay) and the intensity(x,y)) take
continuous values, we will focus on the typical case wheedrttage has been sam-
pled at discrete points in space. This means that in our sissoox andy take only
integer values, and the image can be fully described by ay aontaining the inten-
sity values at each sample poinin digital systems, the sampling is typicaligct-
angular, i.e. the points where the intensities are sampled form tngeilar array.
Although the spatial sampling performed by biological seys$ is not rectangular
or even regular, the effects of the sampling process areargtdifferent.

It is from this kind of image data that vision extracts inf@tion. Information
about the physical environment is contained in such imagespnly implicitly.
The visual system must somehow transform this implicitinfation into an explicit
form, for example by recognizing the identities of objectthie environment. This is
not a simple problem, as the demonstration of the next seatiempts to illustrate.

1.3 The magic of your visual system

Vision is an exceptionally difficult computational task.t#dugh this is clear to
vision scientists, it might come as a surprise to others.réason for this is that we

1 When images are stored on computers, the entries in thesaatay have to be discretized; this is,
however, of less importance in the discussion that follavgl we will assume that this has been
done at a high enough resolution so that this step can beddnor
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are equipped with a truly amazing visual system that pergaim task effortlessly
and quite reliably in our daily environment. We are simplyt aware of the whole
computational process going on in our brains, rather we réapee only the result
of that computation.

To illustrate the difficulties in vision, Figure 1.2 dispkgn image in its numer-
ical format (as described in the previous section), wheylatlintensities have been
measured and are shown as a function of spatial locationther avords, if you
were to colour each square with the shade of grey correspgridithe contained
number you would see the image in the form we are used to, amaduld be eas-
ily interpretable. Without looking at the solution just y&ike a minute and try to
decipher what the image portrays. You will probably find txsremely difficult.

Now, have a look at the solution in Figure 1.4. It is immediatdear what the
image represents! Our visual system performs the task afgrézing the image
completely effortlessly. Even though the image at the I@fedur photoreceptors
is represented essentially in the format of Figure 1.2, aswal system somehow
manages to make sense of all this data and figure out the mld-abject that
caused the image.

In the discussion thus far, we have made a number of drastipligications.
Among other things, the human retina contains photorecgptith varying sensi-
tivity to the different wavelengths of light, and we typilyaview the world through
two eyes, not one. Finally, perhaps the most importantmiffee is that we normally
perceive dynamic images rather than static ones. Nonatheleese differences do
not change the fact that the optical information is, at thell®f photoreceptors,
represented in a format analogous to that we showed in Fig@rexnd that the task
of the visual system is to understand all this data.

Most people would agree that this task initially seems angdyihard. But after a
moment of thought it might seem reasonable to think thatagesthe problem is not
so difficult after all? Image intensity edges can be detelsyefihding oriented seg-
ments where small numbers border with large numbers. Trextieh of such fea-
tures can be computationally formalized and straightfedyaimplemented. Per-
haps such oriented segments can be grouped together amedjgehty object form
be analyzed? Indeed, such computations can be done, antbtheyhe basis of
many computer vision algorithms. However, although curcemputer vision sys-
tems work fairly well on synthetic images or on images fromgHly restricted en-
vironments, they still perform quite poorly on images fromunrestricted, natural
environment. In fact, perhaps one of the main findings of astepvision research
to date has been that the analysis of real-world images isreely difficult! Even
such a basic task as identifying the contours of an objecomspticated because
often there is no clear image contour along some part of itsighl contour, as
illustrated in Figure 1.3.

In light of the difficulties computer vision research has mto, the computa-
tional accomplishment of our own visual system seems alhibee amazing. We
perceive our environment quite accurately almost all theetiand only relatively
rarely make perceptual mistakes. Quite clearly, biology $@ved the task of ev-
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Fig. 1.2: An image displayed in numerical format. The shaflgrey of each square has been
replaced by the corresponding numerical intensity valueat™oes this mystery image depict?
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Fig. 1.3: Thisimage of a cup demonstrates that physicabtmatand image contours are often very
different. The physical edge of the cup near the lower-leftier of the image yields practically no
image contour (as shown by the magnification). On the othed e shadow casts a clear image
contour where there in fact is no physical edge.

eryday vision in a way that is completely superior to any preslay machine vision
system.

This being the case, it is natural that computer vision sisienhave tried to draw
inspiration from biology. Many systems contain image pesieg steps that mimic
the processing that is known to occur in the early parts ofkiodogical visual
system. However, beyond the very early stages, little isadlgt known about the
representations used in the brain. Thus, there is actualljnnch to guide computer
vision research at the present.

On the other hand, it is quite clear that good computatiodmebties of vision
would be useful in guiding research on biological vision,dpwing hypothesis-
driven experiments. So it seems that there is a dilemma: atatipnal theory is
needed to guide experimental research, and the resultspefiexents are needed
to guide theoretical investigations. The solution, as weeigés to seek synergy by
multidisciplinary research into the computational bagigision.

1.4 Importance of prior information

1.4.1 Ecological adaptation provides prior information

A very promising approach for solving the difficult probleinsvision is based on
adaptation to the statistics of the input. An adaptive re@néation is one that does
not attempt to represent all possible kinds of data; instéael representation is
adapted to a particular kind of data. The advantage is tleat the representation
can concentrate on those aspects of the data that are usefwither analysis. This
is in stark contrast to classic representations (e.g. Eoamalysis) that are fixed
based on some general theoretical criteria, and compliggetyre what kind of data
is being analyzed.
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Fig. 1.4: The image of Figure 1.2. It is immediately clearttie image shows a male face. Many
observers will probably even recognize the specific indigidnote that it might help to view the
image from relatively far away).
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Thus, the visual system is not viewed as a general signaépsiitg machine or
a general problem-solving system. Instead, it is acknoggédhat it has evolved to
solve some very particular problems that form a small subketl possible prob-
lems. For example, the biological visual system needs togmize faces under dif-
ferent lighting environments, while the people are spegkpossibly with differ-
ent emotional expressions superimposed,; this is defirgtelgxtremely demanding
problem. But on the other hand, the visual system cmtgeed to recognize a face
when it is given in an unconventional format, as in Figure 1.2

What distinguished these two representations (numbera photographic im-
age) from each other is that the latteeisologically valid i.e. during the evolution
of the human species, our ancestors have encountered tdhepr many times,
and it has been important for their survival. The case of aayanf numbers does
definitely not have any of these two characteristics. Mospewould label it as
“artificial”.

In vision research, more and more emphasis is being laid @mtiportance of
the enormous amount of prior information that the brain Hamuathe structure of
the world. A formalization of these concepts has recentigrbpursued under the
heading “Bayesian perception”, although the principlegoack to the “maximum
likelihood principle” by Helmholtz in the 19th century. Basian inference is the
natural theory to use when inexact and incomplete inforomais combined with
prior information. Such prior information should presurhabe reflected in the
whole visual system.

Similar ideas are becoming dominant in computer vision a& @Wemputer vi-
sion systems have been used on many different kinds of imégesnary” (i.e.
optical) images, satellite images, magnetic resonancges)do name a few. Is it
realistic to assume that the same kind of processing wowddwately represent all
these different kinds of data? Could better results be pbthif one uses methods
(e.g. features) that are specific to a given application?

1.4.2 Generative models and latent quantities

The traditional computational approach to vision focuse$ow, from the image
datal, one can compute quantities of interest cakgdvhich we group together
in a vectors. These quantities might be, for instance, scalar variaflies as the
distances to objects, or binary parameters such as siggiffyan object belongs to
some given categories. In other words, the emphasis is ondidun f that trans-
forms images into world or object information, asse- f(1). This operation might
be called imaganalysis

Several researchers have pointed out that the oppositatigperimageynthesis
often is simpler. That is, the mappimgthat generates the image given the state of
the world

I =g(s), (1.2)
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is considerably easier to work with, and more intuitive,rthithe mapping. This
operation is often calledynthesisMoreover, the framework based on a fixed ana-
lyzing functionf does not give much room for using prior information. Perhéys
intelligently choosing the functiofy some prior information on the data could be
incorporated.

Generative models use Eq. (1.1) as a starting point. Theynattto explain ob-
served data by some underlying hidden (latent) causes tmrés; about which we
have only indirect information.

The key point is that the models incorporate a seprdr probabilities for the
latent variables s That is, it is specified how often different combinationgaiént
variables occur together. For example, this probabilistribution could describe,
in the case of a cup, thgpical shape of a cup. Thus, this probability distribution
for the latent variables is what formalizes the prior inf@tion on the structure of
the world.

This framework is sufficiently flexible to be able to accomratedmany different
kinds of prior information. It all depends on how we defined thtent variables,
and the synthesis functian

But how does knowing help us, one may ask. The answer is that one may
then search for the parametérthat produce an image= g(3) which, as well as
possible, matches the observed imagén other words, a combination of latent
variables that is the “most likely”. Under reasonable agstiions, this might lead to
a good approximation of the correct parameters

To make all this concrete, consider again the image of theicufigure 1.3.
The traditional approach of vision would propose that atyestage extracts local
edge information in the image, after which some sort of giogmf these edge
pieces would be done. Finally, the evoked edge pattern woeldompared with
patterns in memory, and recognized as a cup. Meanwhileysinalf other scene
variables, such as lighting direction or scene depth, wpubdeed in parallel. The
analysis-by-synthesis framework, on the other hand, weugghest that our visual
system has an unconscious internal model for image geopr&stimates of object
identity, lighting direction, and scene depth are all atfjdsintil a satisfactory match
between the observed image and the internally generategkimachieved.

1.4.3 Projection onto the retina loses information

One very important reason why it is natural to formulate atfisas inference of
latent quantities is that the world is three dimensional mhe the retina is only
two-dimensional. Thus, the whole 3D structure of the wasldéemingly lost in the
eye! Our visual system is so good in reconstructing a thigeedsional perception
of the world that we hardly realize that a complicated retasion procedure is
necessary. Information about the depth of objects and theespetween is only
implicit in the retinal image.
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We do benefit from having two eyes which give slightly differeiews of the
outside world. This helps a bit in solving the problem of deperception, but it
is only part of the story. Even if you close one eye, you cdhwtiderstand which
object is in front of another. Television is also based onghmaciple that we can
quite well reconstruct the 3D structure of the world from aidiage, especially if
the camera (or the observer) is moving.

1.4.4 Bayesian inference and priors

The fundamental formalism for modelling how prior inforriat can be used in
the visual system is based on what is called Bayesian indferd3ayesian inference
refers to statistically estimating the hidden varialdegven an observed imade

In most models it is impossible (even in theory) to know thegise values 0§,

S0 one must be content with a probability dengifg|l ). This is the probability of
the latent variablegiventhe observed image. By Bayes’ rule, which is explained in
Section 4.7, this can be calculated as

plah) = 2R, (1.2)

To obtain an estimate of the hidden variables, many modeiglgifind the particu-
lar swhich maximize this density,

S=arg msaxo(s\l ). 1.3)

Ecological adaptation is now possible by learning the ppmbability distri-
bution from a large number of natural images. Learning far general, to the
process of constructing a representation of the regugaritif data. The dominant
theoretical approach to learning in neuroscience and ctenguience is the prob-
abilistic approach, in which learning is accomplished katistical estimation: the
data is described by a statistical model that contains a euwmiparameters, and
learning consists of finding “good” values for those parargtbased on the input
data. In statistical terminology, the input data is a sarttpé& contains observations.

The advantage of formulating adaptation in terms of staéisestimation is very
much due to the existence of an extensive theory of statlstieory and inference.
Once the statistical model is formulated, the theory ofistiaal estimation imme-
diately offers a number of tools to estimate the paramegard.after estimation of
the parameters, the model can be used in inference accdoding Bayesian theory,
which again offers a number of well-studied tools that candaalily used.
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1.5 Natural images
1.5.1 The image space

How can we apply the concept of prior information about theirmmment in early
vision? “Early” vision refers to the initial parts of visuptocessing, which are usu-
ally formalized as the computation of features, i.e. sonfeively simple functions
of the image (features will be defined in Section 1.8 belovaxlyEvision does not
yet accomplish such tasks as object recognition. In thikpe@ consider early
vision only.

The central concept we need here is the image space. Eadielegcribed an
image representation in which each image is representeshaarical array con-
taining the intensity values of its picture elementspixels To make the following
discussion concrete, say that we are dealing with imagediréd size of 256-by-
256 pixels. This gives a total of 65536256 pixels in an image. Each image can
then be considered as a pointin a 65536-dimensional spacieagis of which spec-
ifies the intensity value of one pixel. Conversely, each pmirthe space specifies
one particular image. This space is illustrated in FiguBe 1.

I1,2) -
4+
| -7 T T~ 1)
\ _ o
" \/ 8
. ra \
| 1) = 1l a
| 1 , OB |
2 Loy . /
1(2,1) _
Image space mage pixels

Fig. 1.5: The space representation of images. Images arpaddp points in the space in a one-to-

one fashion. Each axis of the image space corresponds toigfertess value of one specific pixel
in the image.

Next, consider taking an enormous set of images, and pipgich as the corre-
sponding point in our image space. (Of course, plotting é365@&imensional space
is not very easy to do on a two-dimensional page, so we wikkhabe content with
making a thought experiment.) An important question is: eould the points be
distributed in this space? In other words, what is the prditydensity function of
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our images like? The answer, of course, depends on the gatigEis chosen. Astro-
nomical images have very different properties from holidagpshots, for example,
and the two sets would yield very different clouds of poimt®ur space.

It is this probability density function of the image set inegtion that we will
model in this book.

1.5.2 Definition of natural images

In this book we will be specifically concerned with a partanget of images called
natural imagesor images ofnatural scenesSome images from our data set are
shown in Figure 1.6. This set is supposed to resemble theat@tput of the visual
system we are investigating. So what is meant by “naturaltit®This is actually
not a trivial question at all. The underlying assumptionhistline of research is
that biological visual systems are, through a complex couivn of the effects
of evolution and development, adapted to process the kingkogory input that
they receive. Natural images is thus some set that we bdli@ysimilar statistical
structure to that which the visual system is adapted to.

Fig. 1.6: Three representative examples from our set ofrahimages.

This poses an obvious problem, at least in the case of hursamvirhe human
visual system has evolved in an environment that is in manyswvaiferent from
the one most of us experience daily today. It is probablyegséfe to say that im-
ages of skyscrapers, cars, and other modern entities haeffaoted our genetic
makeup to any significant degree. On the other hand, few pgoghy experience
nature as omnipresent as it was tens of thousands of year§ hgs, the input on
the time-scale of evolution has been somewhat differemt fiwat on the time-scale
of the individual. Should we then choose images of naturmagies from a modern,
urban environment to model the “natural input” of our visggstem? Most work
to date has focused on the former, and this is also our chnitieis book. Fortu-
nately, this choice of image set does not have a drastic imfien the results of
the analysis: Most image sets collected for the purposealfaimg natural images
give quite similar results in statistical modelling, anédk results are usually com-
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pletely different from what you would get using most artiiicirandomly generated
data sets.

Returning to our original question, how wout@tural imagede distributed in
the image space? The important thing to note is that theydvoai be anything like
uniformly distributed in this space. It is easy for us to diavages from a uniform
distribution, and they do not look anything like our natunahges! Figure 1.7 shows
three images randomly drawn from a uniform distributionrafe image space. As
there is no question that we can easily distinguish thesgesfrtom natural images
(Figure 1.6) it follows that these are drawn from separagey different, distribu-
tions. In fact, the distribution of natural images is highlgn-uniform. This is the
same as saying that natural images contain a laedfindancy an information-
theoretic term that we turn to now.

Fig. 1.7: Three images drawn randomly from a uniform disttin in the image space. Each pixel
is drawn independently from a uniform distribution from dizto white.

1.6 Redundancy and information

1.6.1 Information theory and image coding

At this point, we make a short excursion to a subject that neayrs at first sight, to
be outside of the scope of statistical modelling: informatheory.

The development of the theory of information by Claude Sloarend others is
one of the milestones of science. Shannon considered tentission of a message
across a communication channel and developed a mathefrtagcay that quan-
tified the variables involved (these will be presented in i28a8). Because of its
generality the theory has found, and continues to find, a gx@wumber of appli-
cations in a variety of disciplines.

One of the key ideas in information theory is that the amofimemory needed
to store an image is often less than what is needed in a trimesentation (code),
where each pixel is stored using a fixed humber of bits, sud® @s24. This is
because some of the memory capacity is essentially conshyrediundant struc-
turein the image. The more rigid the structure, the less bitsaly@meeded to code
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the image. Thus, the contents of any image, indeed any sigaalessentially be
divided into information and redundancy. This is depicteéigure 1.8.

Memory bits in trivial code

Information Redundancy

Bits needed %
for an efficient code

Fig. 1.8: Redundancy in a signal. Some of the memory consumyéite storage of a typical image
is normally unnecessary because of redundancy (strudgtuthg image. If the signal is optimally
compressed, stripping it of all redundancy, it can be stogdg much less bits.

To make this more concrete, consider the binary image ofrEi@9. The image
contains a total of 3% 22= 704 pixels. Thus, the trivial representation (where the
colour of each pixel is indicated by a ‘1’ or a ‘0") for this irga requires 704 bits.
But it is not difficult to imagine that one could compress itoira much smaller
number of bits. For example, one could invent a represamtdiat assumes a white
background on which black squares (with given positions sinds) are printed.
In such a representation, our image could be coded by sing@yifying the top-
left corners of the squares ((5,5) and (19,11)) and the@ss(8 and 6). This could
certainly be coded in less than 704 Hits.

The important thing to understand is that this kind of repreation is good for
certain kinds of images (those with a small number of blaakasgs) but not oth-
ers (that do not have this structure and thus require a hugeiainof squares to be
completely represented). Hence, if we are dealing mostly imiages of the former
kind, and we are using the standard binary coding format, the representation is
highly redundant. By compressing it using our black-sgsiame-white representa-
tion we achieve an efficient representation. Although raturages are much more
variable than this hypothetical class of images, it is nbelesss true that they also
show structure and can be compressed.

Attneave was the first to explicitly point out the redundantimages in 1954.
The above argument is essentially the same as originallgnghy Attneave, al-
though he considered a ‘guessing game’ in which subjectssguakethe colour of
pixels in the image. The fact that subjects perform muchebéiian chance proves
that the image is predictable, and information theory esstinat predictability is
essentially the same thing as redundancy.

Making use of this redundancy of images is essential folowmisBut the same
statistical structure is in fact also crucial for many oth&sks involving images.

2 The specification of each square requires three numbershveigich could be coded in 5 bits,
giving a total of 30 bits for two squares. Additionally, a féits might be needed to indicate how
many squares are coded, assuming that we do not laqaniori that there are exactly two squares.
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Fig. 1.9: A binary image containing a lot of structure. Imadjke this can be coded efficiently; see
main text for discussion.

Engineers who seek to find compact digital image formatstéirgy or transmitting
images also need to understand this structure. Image sisthed noise reduction
are other tasks that optimally would make use of this stmgctlihus, the analysis
of the statistical properties of images has widespreadegifuins indeed, although
perhaps understanding vision is the most profound.

1.6.2 Redundancy reduction and neural coding

Following its conception, it did not take long before psyidgists and biologists
understood that information theory was directly relevanttte tasks of biological
systems. Indeed, the sensory input is a signal that canfesmation about the
outside world. This information isommunicatedby sensory neurons by means of
action potentials.

In Attneave’s original article describing the redundandydrent in images, At-
tneave suggested that the visual system recodes the irprgduce redundangy
providing an ‘economical description’ of the sensory signéle likened the task
of the visual system to that of an engineer who seeks to reptgsctures with the
smallest possible number of bits. It is easy to see the iméugppeal of this idea.
Consider again the image of Figure 1.9. Recoding imagesisfkihd using our
black-squares-on-white representation, we reduce reghgydand obtain an effi-
cient representation. However, at the same time we Hssovered the structuie
the signal: we now have the concept of ‘squares’ which didexatt in the origi-
nal representation. More generally: to reduce redundaneynoust first identify it.
Thus, redundancy reductisaquiresdiscovering structure.
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Although he was arguably the first to spell it out expliciyineave was certainly
not the only one to have this idea. Around the same time, Baifo1961, provided
similar arguments from a more biological/physiologicawpoint. Barlow has also
pointed out that the idea, in the form of ‘economy of thougistclearly expressed
already in the writings of Mach and Pearson in the 19th cgniNevertheless, with
the writings of Attneave and Barlow, the redundancy redurctor efficient coding)
hypothesis was born.

1.7 Statistical modelling of the visual system

1.7.1 Connecting information theory and Bayesian inferesc

Earlier we emphasized the importance of prior informatiod Bayesian modelling,
but in the preceding section we talked about informatiothend coding. This
may seem a bit confusing at first sight, but the reason is lieatito approaches are
very closely related.

Information theory wants to find an economical represematif the data for
efficient compression, while Bayesian modelling uses pnifarmation on the data
for such purposes as denoising and recovery of the 3D steuca accomplish their
goals, both of these methods fundamentally need the samg: thgood model of
the statistical distribution of the datdhat is the basic motivation for this book. It
leads to a new approach to normative visual modelling asheillliscussed next.

1.7.2 Normative vs. descriptive modelling of visual system

In visual neuroscience, the classic theories of receptie §itructuré can be called
descriptivein the sense that they give us mathematical tools (such asefFa@und
Gabor analysis, see Chapter 2) that allow us to describs pathe visual system
in terms of a small number of parameters.

However, the question we really want to answerWghy is the visual system
built the way neuroscientific measurements show? The bagimach to answer
such a question in neuroscience is to assume that the systguestion has been
optimizedby evolution to perform a certain function. (This does noamé¢hat the
system would be completely determined genetically, bexauslution can just have
designed mechanisms for self-organization and learniagehable the system to
find the optimal form.)

Models based on the assumption of optimality are oftendalemativebecause
they tell how the systershouldbehave. Of course, there is no justification to assume

3i.e., the way visual neurons respond to stimulation, seti@e8.3
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that evolution has optimized all parts of the organism; neb#tiem may be far from
the optimum, and such an optimum may not even be a well-defioecept.

However, in certain cases it can be demonstrated that thersyis not far from
optimal in certain respects. This happens to be the casehdtbarly cortical visual
processing system (in particular, the primary visual cqréee Chapter 3 for a brief
description of the visual system). That brain area seemartotion largely based
on principles of statistical modelling, as will be seen imsthook. Thus, there is
convincing proof that parts of the system are optimal fotistiaal inference, and it
is this proof that justifies these normative models.

Previous models of the early visual system did not providsfs&tory norma-
tive models, they only provided practical descriptive misdélthough there were
some attempts to develop a normative theory, the prediciicere too vagué The
statistical approach is the first one to give exact quaitéahodels of visual pro-
cessing, and these have been found to provide a good mateheiitroscientific
measurements.

1.7.3 Towards predictive theoretical neuroscience

Let us mention one more important application of this frarodwa mode of mod-
elling where we are able to predict the properties of viswatpssing beyond the
primary visual cortex. Then, we obtain quantitative prédits on what kinds of
visual processing should take place in areas whose funistioot well understood
at this point.

Almost all the experimental results in early visual pro@egshave concerned
the primary visual cortex, or even earlier areas such asdtiea. Likewise, most
research in this new framework of modelling natural imageistics has been on
very low-level features. However, the methodology of statal modelling can most
probably be extended to many other areas.

Formulating statistical generative models holds greatrise as a framework
that will give new testable theories for visual neuroscerfor the following rea-
sons:

e This framework is highly constructive. From just a couplesofple theoretical
specifications, natural images lead to the emergence oflesrphenomena, e.g.
the forms of the receptive fields of simple cells and theitisparganization in
Fig. 1.1.

e This framework is, therefore, less subjective than manyewothodelling ap-
proaches. The rigorous theory of statistical estimatiokesat rather difficult
to insert the theorist’'s subjective expectations in the ehodnd therefore the

4 The main theory attempting to do this is the joint spacedfesgy localization theory leading to
Gabor models, see Section 2.4.2. However, this does noderpvedictions on how the parameters
in Gabor models should be chosen, and what’s more serios)dt really clear why the features
should be jointly localized in space and frequency in thé filace.
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results are strongly determined by the data, i.e. the dbgectality. Thus, the
framework can be called data-driven.

e In fact, in statistical generative models we often see eararg of new kinds of
feature detectors — sometimes very different from what waeeted when the
model was formulated.

So far, experiments in vision research have been based logr neigue, qualita-
tive predictions. (This is even more true for other domaihseuroscience.) How-
ever, using the methodology described here, visual neigmose has the potential of
starting a new mode of operation where theoretical devetaypsdirectly give new
guantitativehypotheses to be falsified or confirmed in experimental resede-
coming theory-driven would be a real revolution in the wayrscience is done. In
fact, this same development is what gave much of the drivancefto exact natural
sciences in the 19th and 20th centuries.

1.8 Features and statistical models of natural images

1.8.1 Image representations and features

Most statistical models of natural images are based on ctngfeatures The word
“feature” is used rather loosely for any function of the ireaghich is to be used in
further visual processing. The same word can be used forutpuo(value) of the
function, or the computational operation of which comptkes value.

A classic approach to represent an image is a linear weighiedof features.
Let us denote each feature By(x,y),i = 1,...,n. These features are assumed to
be fixed. For each incoming image, the coefficients of eadufean an image are
denoted bys. Algebraically, we can write:

166) = 3 Al (1.4

If we assume for simplicity that the number of featuresquals the number of
pixels, the system in Eq. (1.4) can be inverted. This meaatsoh a given image,
we can find the coefficiensg that fulfill this equation. In fact, they can be computed
linearly as

Xy

for certain inverse weightd/. The terminology is not very fixed here, so eitifgr
W, or s can be called a “feature”. Th& can also be calledfaature detector
There are many different sets of features that can be usassiClchoices include
Fourier functions (gratings), wavelets, Gabor functidestures of discrete cosine
transform, and many more. What all these sets have in comsnbai they attempt
to represent all possible images, not just natural imageswiay which is “optimal”.
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What we want to do is téearn these features so that they are adapted to the
properties ofhaturalimages. We do not believe that there could be a single set of
features which would be optimal for all kinds of images. Alae want to use the
features to build a statistical model of natural images. Bdss for both of these is
to consider the statistics of the featusgs

1.8.2 Statistics of features

The most fundamental statistical properties of images amtuced by the his-
tograms of the outputs of linear feature detectors. Let us denote the output of
a single linear feature detector with weighi¥§x,y) by s.

S= %W(x,y)l (X,Y) (1.6)

Now, the point is to look at the statistics of the output wHesinhput of the detector
consists of a large number of natural image patches. Namege patches means
small subimages (windows) taken in random locations in oamlg selected natural
images. Thus, the featusgis a random variable, and for each input patch we get
a realization (observation) of that random variable. (Tirscedure is explained in
more detail in Section 4.1).

Now we shall illustrate this with real natural image datat ieconsider a couple
of simple feature detectors and the histograms of theingwifpen the input consists
of natural images. In Fig. 1.10 we show three simple feateteators. The firstis a
Dirac detector, which means that all the weidM§x, y) are zero except for one. The
second is a simple one-dimensional grating. The third is&clizabor edge detector.
All three feature detectors have been normalized to unitpae. y, , W(X, y)?=1.

The statistics of the output are contained in the histogranihe outputs. In
Fig. 1.11, we show the output histograms for the three difiekinds of linear detec-
tors. We can see that the histograms are rather differeaiddiition to the different
shapes, note that their variances are also quite different €ach other.

Thus, we see that different feature detectors are charaetdy different statis-
tics of their outputs for natural image input. This basicervation is the basis for
the theory in this book. We cdaarn featuredrom image data by optimizing some
statistical properties of the featurgs

1.8.3 From features to statistical models

The Bayesian goal of building a statistical (prior) modelttd data, and learning
features based on their output statistics are intimatdbted. This is because the
most practical way of building a statistical model procebysising features and
building a statistical model for them. The point is that tkegistical model for fea-
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I IC)-

Fig. 1.10: Three basic filters) a Dirac feature, i.e. only one pixel is non-zelp. a sinusoidal
grating.c) Gabor edge detector.
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Fig. 1.11: The histograms of the outputs of the filters in Big0 when the input is natural images
with mean pixel value subtracted) output of Dirac filter, which is the same as the histogram of
the original pixels themselves, output of grating feature detectar) output of edge detector.
Note that the scales of both axes are different in the thregs pl

tures can be much simpler than the corresponding model éopittels, so it makes
sense to first transform the data into a feature space.

In fact, a large class of model buildsdependenmodels for each of the features
s in Equation (1.5). Independence is here to be taken both iimtaitive sense,
and in the technical sense of statistical independencet iModels in Part Il of this
book are based on this idea. Even if the features are not eddetiependently, the
interactions (dependencies) of the features are usualhraimpler than those of
the original pixels; such models are considered in Partflthis book.

Thus, we will describe most of the models in this book basetherprinciple
of learning features. Another reason for using this appgnaachat the most inter-
esting neurophysiological results concern usually thenfof the features obtained.
In fact, it is very difficult to interpret or visualize a probitity distribution given
by the model; comparing the distribution with neurophysgital measurements is
next to impossible. It is the features which give a simple iahgitive idea of what
kind of visual processing these normative models dictaid, they allow a direct
comparison with measured properties (receptive fieldshekisual cortex.
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1.9 The statistical-ecological approach recapitulated

This chapter started with describing the difficulty of visji@and ended up proposing
one particular solution, which can be called the statis&calogical approach. The
two basic ingredients in this approach are

e Ecology: The visual system is only interested in propertied are important
in a real environment. This is related to the concepgitfatedness cognitive
sciences.

e Statistics: Natural images have regularities. The regtidarin the ecologically
valid environment could be modelled by different formahfraworks, but statis-
tical modelling seems to be the one that is most relevant.

Thus, we take the following approach to visual modelling:

1. Different sets of features are good for different kindslafa.

2. The images that our eyes receive have certain statigtiopkrties (regularities).

3. The visual system has learned a model of these statipticpérties.

4. The model of the statistical properties enables (closeftmal statistical infer-
ence.

5. The model of the statistical properties is reflected imtieasurable properties of
the visual system (e.qg. receptive fields of the neurons)

Most of this book will be concerned on developing differeimds of statistical
models for natural images. These statistical models aedo@svery few theoretical
assumptions, while they give rise to detailed quantitgtiealictions. We will show
how these normative models are useful in two respects:

1. They provide predictions that are largely validated bgsslc neuroscientific
measurements. Thus, they provide concise and theorgtiwell-justified ex-
planations of well-known measurements. This is the eviddahat justifies our
normative modelling.

2. Moreover, the models lead to new predictions of phenomdmeh have not yet
been observed, thus enabling theory-driven neurosci@imigis the big promise
of natural image statistics modelling.

Another application of these models is in computer scienm engineering.
Such applications will not be considered in detail in thimkoWwe hope we will
have convinced the reader of the wide applicability of suehhuads. See below for
references on this topic.

1.10 References

For textbook accounts of computer vision methods, such ge détection algo-
rithms, see, e.g. (Marr, 1982; Sonka et al, 1998; Gonzalds/oods, 2002); for
information theory, see (Cover and Thomas, 2006). The amrof generative
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models is presented in, e.g. (Grenander, 1976-1981; Kesastd Schrater, 2002;
Mumford, 1994; Hinton and Ghahramani, 1997).

For short reviews on using natural image statistics for alismodelling, see
(Field, 1999; Simoncelli and Olshausen, 2001; Olshause@320Ishausen and
Field, 2004; Hyvarinen et al, 2005b). For reviews on engiirgy applications of
statistical models, see (Simoncelli, 2005).

Historical references include (Mach, 1886; Pearson, 188dmholtz, 1867,
Shannon, 1948; Attneave, 1954; Barlow, 1961). See alsddBa?001a,b) on a
discussion on the history of redundancy reduction.
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Chapter 2
Linear filters and frequency analysis

This chapter reviews some classical image analysis toilsal filtering, linear
bases, frequency analysis, and space-frequency anaBmise of the basic ideas
are illustrated in Figure 2.1. These basic methods need tmberstood before the
results of statistical image models can be fully apprediaiée idea of processing
of different frequencies is central in the reviewed toolsefiefore, a great deal of the
following material is devoted to explaining whafraquency-based representation
of images is, and why it is relevant in image analysis.

2.1 Linear filtering

2.1.1 Definition

Linear filtering is a fundamental image-processing methodlich afilter is ap-
plied to an input image to produce an output image.

Figure 2.2 illustrates the way in which the filter and the inpoage interact to
form an output image: the filter is centered at each imagetilmtéx,y), and the
pixel value of the output imag®(x, y) is given by the linear correlation of the filter
and the filter-size subarea of the image at coordiriatg). (Note that the word
“correlation” is used here in a slightly different way thamthe statistical context.)
LettingW(x,y) denote a filter with sizé2K 4 1) x (2K + 1), I (x,y) the input image,
andO(x,y) the output image, linear filtering is given by

K K

O(va): ZK ZKW(X*’y*)l(X+X*ay+y*)' (21)
X =—KYi=—

An example of linear filtering is shown in Figure 2.3.
What Equation (2.1) means is that we “slide” the filter overwhole image and
compute a weighted sum of the image pixel values, sepaatelch pixel location.

25
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Fig. 2.1: The two classical image analysis tools revieweadigchapter are linear filtering b)-c) and
space-frequency analysis d)-a).An inputimageb) An example output of linear filtering of a); in
this case, the filter has retained medium-scaled verticattsires in the image. A more complete
description of what a linear filtering operation does is jded by the frequency representation
(Section 2.2)c) An example of how the outputs of several linear filters candrelzined in image
analysis. In this case, the outputs of four filters have beecgssed nonlinearly and added together
to form an edge image: in the image, lighter areas correspmimdage locations with a luminance
edge. This kind of a result could be used, for example, asrtrgfgoint to locate objects of a
certain shaped)—e) An example of space-frequency analysis, where the mainiglegmanalyze
the magnitude of a frequency d) at different locations. Ting esult e) reflects the magnitude of
this frequency at different points in the input image a).rfirihe point of view of image analysis,
this result suggests that the upper part of the image is ferdift texture than the lower part.
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Fig. 2.2: Linear filtering is an operation that involves adfil{denoted here bw(x,y)) an input
image (herd (x,y)) and yields an output image (he@x,y)). The pixel value of the output im-
age at locatior{x,y), that is,O(x,y), is given by the linear correlation of the filt&v(x,y) and a
filter-size subarea of the input imagdéx,y) centered at coordinate,y). a) A 3 x 3 linear filter
(template)NV(x,y). b) An imagel (x,y) and a 3x 3 subarea of the image centered at locatioy).
c¢) The output pixel valu®©(x,y) is obtained by taking the pixel-wise multiplication of thieef a)
and image subarea b), and summing this product overbaihdy-dimensions. Mathematically,

O(X,Y) = Tx, Sy W, Y )l (X+ X, Y+ V).
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Fig. 2.3: An example of linear filteringr) An input imageb) A filter. c) An output image.

Visual inspection of a filter alone is usually not sufficientinterpret a filtering
operation. This is also the case in the example in Figurev#hat does this filtering
operation actually accomplish? For a complete interpiatatf a filtering opera-
tion a different type of mathematical language is neededs lEmguage utilizes a
frequency-based representation of images, as explair@eation 2.2 below.

2.1.2 Impulse response and convolution

The impulse responde(x,y) is the response of a filter to an impulse

1, ifx=0andy=0

2.2
0, otherwise, (2:2)

6(X’y) = {

that is, to an image in which a single pixel is “on” (equal toahid the others are
“off” (equal to 0). The impulse response characterizes tfstesn just as well as
the original filter coefficient8V(x,y). In fact, in frequency-based analysis of lin-
ear filtering, rather than filtering with a filter, it is custamy to work with im-
pulse responses and an operation cati@alvolution This is because the frequency-
modifying properties of the linear filter can be read out dilgfrom the frequency-
based representation of the impulse response, as will Inebsdew. (In general, this
holds for any linear shift-invariant system, which are defifn Section 20.1.)
Based on the definition of filtering in Equation (2.1), it istwi@ficult to see that

H(X’y) :W(_X’ _y) (2.3)

Thus, the impulse responbKXx,y) is a “mirror image” of the filter weightsV(x,y):

the relationship is simply that of a 18@otation around the center of the filter. This
is due to the change of signsxafandy,; the impulse response is equal to one only if
x4+ x, = 0, which implies that only at points. = —x we have one and elsewhere the
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impulse response is zero. For a filter that is symmetric wagpect to this rotation,
the impulse response is identical to the filter.
The convolution of two imagelg andl is defined as

00 [oe]

Il(xvy)*IZ(va): Z z |1(X_X*ay—y*)|2(x*,y*) (24)

Xy =—00 Y, =—00

The only real difference to the definition of a filtering op@wa in Eq. (2.1) is that
we have minus signs instead of plus signs. Note that conwvalig symmetric in
the sense that we can change the orddi aidl,, since by making the change in
summation index, = x— x, andy, = y—y. we get the same formula with the roles
of 11 andl, interchanged (this is left as an exercise).

Therefore, we can express the filtering operation using thjgulse response
(which is considered just another image here) and the catigolsimply as

O(X’ y) =1 (X’ y) *H (X’ y) (2.5)

which is a slight modification of the original definition in E.1). Introduction

of this formula may seem like splitting hairs, but the poistthat convolution is

a well-known mathematical operation with interesting mdjes, and the impulse
response is an important concept as well, so this formularsihow filtering can be
interpreted using these concepts.

2.2 Frequency-based representation

2.2.1 Motivation

Frequency-based representation is a very useful tool inatieysis of image-
processing systems. In particular, a frequency-base@septation can be used to
interpret what happens during linear filtering: it descsitiaear filtering as modifi-
cation of strengths (amplitudes) and spatial locationa$phk) of frequencies (sinu-
soidal components) that form the input image. As an exammpdesaeak preview,
Figures 2.8a)—d) on page 36 show how the filtering operatidfigure 2.3 can be
interpreted as attenuation of low and high frequenciesclwigian be seen in the
output image as disappearance of large- and fine-scaldigtegor, alternatively,
preservation of medium-scale structures. This interpieiecan be read out from
Figure 2.8d), which shows the frequency amplification mapHs filter: this map,
which is called theamplitude responsef the filter, shows that both low frequen-
cies (in the middle of the figure) and high frequencies (fanfrthe middle) are
attenuated; in the map, higher grey-scale value indicatget amplitude response.

In what follows we will first describe the frequency-basegdresentation, and
then demonstrate its special role in the analysis and desiymear filters.
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2.2.2 Representation in one and two dimensions

Figure 2.4 illustrates the main idea of the frequency-baspiksentation in the case
of one-dimensional data. In the usual (spatial) representé~igure 2.4a), a signal
is represented by a set of numbers at each poiat0,...,N — 1; in this example,
N = 7. Therefore, to reconstruct the signal in Figure 2.4a), walifegumbers. In the
frequency-based representation of this signal we also nseribers to describe the
contents of the signal, but in this case the numbers havelytdifferent meaning:
they are themplitudesandphasef sinusoidal components, that is, paramefers
and y of signals of the formAcogwx+ ), wherew is the frequency parameter,
see Figure 2.4c.

The theory of thediscrete Fourier transfornftreated in detail in Chapter 20)
states thaanysignal of length 7 can be represented by the four amplituddstze
three phases of the four frequencies; the phase of the carstmal correspond-
ing to w = 0 is irrelevant because the constant signal does not chahga is
shifted spatially. For a family of signals of given lendth the set of frequencies
wy, U=0,...,U — 1, employed in the representation is fixed; in our example ghes
frequencies are listed in the second column of the tablegar€i2.4b). Overall, the
frequency-based representation is given by the sum

u-1

() = ZOAUCOS(%H W), (2.6)

whereaw, are the frequencies afg, their amplitudes angy, their phases.
In the case of images —that is, two-dimensional data — thessidal components
are of the form
Acog wx+ wy+ ), 2.7)

wherewy is the frequency in the-direction andwy in the y-direction. In order to
grasp the properties of such a component, let us define verterw, wy), and
denote the dot-product bly). Then, the component (2.7) can be written as

Acog WX+ wy+ ) = Acog ((x,Y),w) + i)
W

“frequency”™~——————
projection

which shows that computation of the argument of the cosinetfan can be inter-
preted as a projection of coordinate vecfeyy) onto the direction of the vectap,
followed by a scaling with frequendje|| . Figure 2.5 illustrates this dependency of
the frequency and the direction of the sinusoidal compoogia andw,.

Figure 2.5 also illustrates why it is necessary to considéh positive and nega-
tive values of eithety or wy,: otherwise it is not possible to represent all directions
in the (x,y)-plane. However, there is a certain redundancy in this sspation. For
example, the frequency pais = (w, wy) and—w = (—wy, —wy) represent sinu-
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a) c)
%: 12 3
_lelrml 30'? , OEJJT
_2_|HHH<'8 ﬁ_3z||||
0 2 4 6 01 2 3 01 2 3
X u u
b)
Uy Ar Yy Ay cos @ x+ ) >i—1Arcos @ x+ )
:_-:-:-:-:-:-:-_ %_-------
000.420_2_ :g:m””
0 2 4 6 0 2 4 6
X X
27 27 .
1 27 0.91 2.36 :i: :i:
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0 2 4 6 0 2 4 6
X X
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2 4T 0.45 3.04 Zg: :g:m””
0 2 4 6 0 2 4 6
X X
2] 2
3 9 1.24-301 :i Zl U\ :i ZI
FTTTTTT
0O 2 4 6 0O 2 4 6
X X

Fig. 2.4: In frequency-based representation, a signalpsesented as amplitudes and phases of
sinusoidal components) A signal. b) A table showing how the signal in a) can be constructed
from sinusoidal components. In the table, the number ofssiitlal components runs from 1 to
4 (frequency indexu runs from 0 to 3), and the rightmost column shows the cumudasum

of the sinusoidal components with frequencigg, having amplitudes\;, and phases,. In the
fifth column, the grey continuous lines show the continuaesjdency components from which
the discrete versions have been sampled. Here the frequencgonents are added in increasing
frequency, thatiswyu, > Wy, if U1 > Up. ) A frequency-based representation for the signal in a):
the signal is represented by the set of frequency amplitAdeshich is also called the amplitude
spectrum (on the left), and the set of frequency phage¢on the right) of the corresponding
frequencieswy , u= 0, ..., 3. Note that the phase of the constant componeatO corresponding

to frequencyw, o = O is irrelevant; thus 7 numbers are needed in the frequeasgédrepresentation
of the signal, just as in the usual representation a).
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soidal components that have the same direction and freguleecauseo and —w
have the same direction and length. So, it can be seen thétzdinyf the (cwy, wy)-
plane suffices to represent all directions. In practice & b@come customary to use
a redundant frequency representation which employs théewh®, wy)-plane, that
is, negative and positive parts lobththe c- andmj-axis.1

w=(wwy) o] TeT 1(xy)
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Fig. 2.5: In an equatioh(x,y) = cos(wx+ wy) of a two-dimensional sinusoidal image, the fre-
quenciesy, andwy, determine the direction and the frequency of the comporéotte specifically,

if w= (wy,wy), then the length ofo determines the frequency of the component, and the directio
of w determines the direction of the component. This is illustihere for three differerfioy, w,)
pairs; the sinusoidal components are of size 228 pixels. Notice that in the plots in the third
column,w, runs from top to bottom because of the convention that in Bsalyey-axis runs in this
direction. See equation (2.8) on page 30 for details.

1 n fact, because cosine is an even function — that is(-cag = coga) — the frequency com-
ponents corresponding to these two frequency pairs ardi@demhenAcos|((X,y), w) + ] =
Acos[—({(x,Y),w) + )] = Acos[((X,y), (—w)) + (—y)], that is, when their amplitudes are the
same and their phases are negatives or each other. Thensfara employing the wholeuwy, wy)-
plane, the amplitude of a frequency component are custbnsgiit evenly among the frequency
pairsw and—w with phasesp and—.



2.2 Frequency-based representation 33

Figure 2.6 shows an example of the resulting frequency sspitation. Again,
the theory of discrete Fourier transform (see Chapter 2fipstthatnyimage of
size 3x 3 pixels can be represented by five amplitudes and four phagesal of
9 numbers as in the usual spatial representation; the pHabke constant signal
corresponding tao = (0, 0) is irrelevant as before.

Note on terminology The square of the amplitud® is also called thé&ourier
energyor power, and when it is computed for many different frequencies, @t g
what is called thgpower spectrumThe power spectrum is a classic way of charac-
terizing which frequencies are present and with which ‘fegtbs” in a given signal

or image. If the original amplitudes are used, we talk abbetmplitude spectrum
(Fig. 2.4 c). It should be noted that the terminology of freaqcy-based analysis is
not very well standardized, so other sources may use difféeeminology.

2.2.3 Frequency-based representation and linear filtering

Sinusoidals also play a special role in the analysis andydesilinear filters. What

makes sinusoidals special is the fact that when a sinus@daput into a linear

filter, the response is a sinusoidaith the same frequengciput possibly different

amplitude and phase. Figure 2.7 illustrates this phenomédnathermore, both the
amplification factor of the amplitude and the shift in the gdaepend only on the
frequency of the input, and not its amplitude or phase (segp@h 20 for a detailed
discussion).

For a linear filter with impulse respons&(x,y), let |I—~|(a&,cq,)] denote the am-
plitude magnification factor of the system for horizontaduencywy and vertical
frequencyawy, and ZH (a, wy) denote the phase shift of the filter. Then if the input
signal has frequency-based representation

106Y) = 3 > Aucay COS(@X+ WY+ Paray ) (2.9)
@y

where the sum ovemy andwy is here and below taken over both positive and nega-
tive frequencies, the response of the linear filter has theviing frequency-based
representation
O(xy) =H(xy)*1(xy)
= ¥ > [0 )] Aa, o, cO X+ @y + Yy + ZH (0w w))).
X @y ——

amplitude phase

(2.10)

The amplitude magnification factq)HN(a&,Nay)] is called theamplitude response
of the linear system, while the phase shiftl (wy, wy) is called thephase response
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a)
0
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2 0.01 —-0.25 —0.08
_078 048 089
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2.06 —1.07 195
—-293 000 293

—-195 107 -2.06

d)

location of the componeni s~ °
in the (ay, wy)-plane 2t

>1

the component )

Fig. 2.6: An example of a two-dimensional frequency repnéstéon.a) The grey-scale (left) and
numerical (right) representation of an image of size 3 pixels.b) Amplitude information of
the frequency representation of the image in a): the grajesieft) and numerical (right) repre-
sentation of the amplitudes of the different frequenciestié¢¢ the symmetries/redundancies: the
amplitude of frequency is the same as the amplitude of frequerew. c) Phase information of
the frequency representation of the image in a); the axisisfrepresentation are the same as in b).
Notice the symmetries/redundancies: the phase &f the negative of the phase efw. d) Four
examples of the actual sinusoidal components that makeelpiidge in a) in the frequency repre-
sentation. In each column, the first row shows the locatidh@tomponent in thew, wy)-plane,
while the second row shows the actual component. The leftowaponent is the constant com-
ponent corresponding @ = (0,0). The second component is a horizontal frequency component.
Because of the symmetry in the frequency representatierthird and the fourth components are
identical. Notice that the second component (the horizdrequency component) is stronger than
the other components, which can also be seen in the ampligpdesentation in b).
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Fig. 2.7: Sinusoidal components play a special role in tradyais and design of linear systems,
because if a sinusoidal is input into a linear filter, the atitp a sinusoidal with the same frequency
but possibly different amplitude and phasg.Two examples of this phenomenon are shown here
in the one-dimensional case, one on each row. The left colsims the input signal, which is
here assumed to be a sinusoidal of infinite duration. The laicllumn shows a randomly selected
impulse response, and the column on the right the resportbésdinear system to the sinusoidal.
Notice the different scale in the output signals, which iatexl to the amplitude change taking
place in the filteringb) An illustration of the two-dimensional case, with a 644 -pixel input on

the left, a random 1% 11 -pixel impulse response in the middle, and the output enight.

The way these quantities are determined for a linear filtdescribed shortly below;
for now, let us just assume that they are available.

Figure 2.8 shows an example of the insight offered by theufeegy representa-
tion of linear filtering (equation (2.10)). The example slsdvow a linear filter can
be analyzed or designed by its amplitude response (the phagense is zero for
all frequencies in this example). Notice that while relgtthe forms of the filters
themselves (Figures 2.8b and f) to the end result of theifiljeis very difficult,
describing what the filter does is straightforward once tlegjdiency-based repre-
sentation (Figures 2.8d and e) is available.

How can the amplitude and phase responses of a linear systelatbrmined?
Consider a situation where we feed into the system a signieh/dontains a mixture
of all frequencies with unit amplitudes and zero phases:
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Fig. 2.8: An example of the usefulness of frequency-baspaksentation in the analysis and design
of linear filters.a) An input imageb) A filter of size 17x 17 pixels.c) The output of linear filtering

of image a) with filter b)d) The amplitude response of the filter in b); in this represtonedark
pixels indicate amplitude response values close to zerd&gtt pixels values close to one. The
amplitude response shows that the filtenuates low and high frequencigbat is, frequencies
which are either close to the origifu,, w,) = (0,0) or far away from it. This can be verified in
c¢), where medium-scaled structures have been preservdttimiage, while details and large-
scale grey-scale variations are no longer visible. The @hasponse of the filter is zero for all
frequenciese) Assume that we want to design a filter that has a reverse ¢ffantthe filter shown

in b): our new filter attenuates medium frequencies. Therfdén be designed by specifying its
amplitude and phase response. The amplitude responsews $teve, the phase response is zero
for all frequenciesf) The filter corresponding to the frequency-based repretiente).g) The
result obtained when the filter f) is applied to the image inTde results is as expected: the filter
preserves details and large-scale grey-scale variatigmie medium-scale variations are no longer
visible. Notice that just by examining the filters themsslye and f) it is difficult to say what the
filters do, while this becomes straightforward once the dspy-based representations (d and e)
are available.

I(xy) = ZZCos(cq(erwy ). (2.11)
oy

Then, applying equation (2.10), the frequency-based semtation of the output is

Oxy) =Hxy) « 1Y) =3 Y A (e wy)| cos{wx+ ayy+ /H (e, w)).
o & ~—— —

amplitude phase

(2.12)
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Ko 1 2 3 4 5 6 7 8

cos{ WX+ Wy kY)

350 COS( WX+ . y)

Fig. 2.9: An image containing all frequencies with unit aiales and zero phases is an impulse.
Here, the different frequency components are being adaed feft to right; the right-most image
is an impulse response.

In other words, the amplitude and phase responses of thar laystem can be read
from the frequency-based representation of the ouBi{mty). What remains to be
determined is what kind of a signal the sigh@, y) in Equation (2.11) is. The theory
of the Fourier transform states that the image obtained vetieinequencies with
identical amplitudes and zero phases are added togetherimspalse. Figure 2.9
illustrates this when image size isx33 pixels. To summarize, when we feed an
impulse into a linear filter,

e from the point of view of frequency-based description, we giving the system
an input with equal amplitudes of all frequencies at phase ze

e the linear system modifies the amplitudes and phases of fhexpaencies ac-
cording to the amplitude and phase response of the system

e the amplitude and phase response properties can be easllpue from the im-
pulse response, since the amplitudes of the input were equgbhases were all
zero.

In other words, themplitude and phase responses of a linear filter are obtained
from the frequency-based representation of the impulsgorese: the amplitude
responses are the amplitudes of the frequencies, and theepleaponses are the
phases of the frequenciesn example of this principle is shown in Figure 2.8: the
amplitude response images d) and e) are in fact the ampditofithe frequency-
based representations of the impulse responses b) and f).

2.2.4 Computation and mathematical details

Above we have outlined the nature of the frequency-basadseptation in the one-
and two-dimensional case, and the usefulness of this repieson in the design
and analysis of linear systems. The material presentedrsihéald therefore pro-
vide the reader with the knowledge needed to understandtiadtequency-based
representation is, and why it is used.
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However, a number of questions have been left unanswerdtkitekt above,
including the following:

e What exactly are the values of the frequendiesised in the frequency-based
representation?

e How is the frequency-based representation computed?

e What guarantees that a frequency-based representatsts 2xi

The set of mathematical tools used to define and analyzedreyubased rep-
resentations are part of mathematics caltedrier analysis In particular,Fourier
transformsare used to convert data and impulse responses to and frounefiey-
based representation. There are different types of Fotraesforms for different
purposes: continuous/discrete and finite/infinite dataedlmorking with digital im-
ages, the most important Fourier transform isdiexrete Fourier transform (DFT)
which is particularly suited for representation of diserand finite data in comput-
ers. The basics of DFT are described in Chapter 20. The catipoal implementa-
tion of DFT is usually through a particular algorithm calledst Fourier Transform,
or FFT.

The DFT has fairly abstract mathematical properties, beeaomplex numbers
are employed in the transform. The results of the DFT are gvew quite easily un-
derstood in terms of the frequency-based representatioxdample, Figure 2.8d)
was computed by taking the DFT of the filter in Figure 2.8b}] #ren showing the
magnitudes of the complex numbers of the result of the DFT.

A working knowledge of the frequency-based representagsomot needed in
reading this book: it is sufficient to understand what thefiency-based represen-
tation is and why it is used. If you are interested in workinghwrequency-based
representations, then studying the DFT is critical, beedlns DFT has some coun-
terintuitive properties that must be known when workinghwitsults of transforms;
for example, the DFT assumes that the data (signal or imageégriodic, which
causes periodicity effects when filtering is done in the @ienpy-based representa-
tion.

2.3 Representation using linear basis

Now we consider a general and widely-used framework for ier&gpresentation: a
linear basis. We will also see how frequency-based reptasen can be seen as a
special case in this framework.

2.3.1 Basic idea

A traditional way to represent grey-scale images is thelgizsed representation,
where the value of each pixel denotes the grey-scale valtleaparticular loca-
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a) b)

Fig. 2.10: Three different & 2 images consisting of vertical lineg) f; b) f, c) I3. Here black
denotes a grey-scale value of zero, light grey a grey-scallgevof 4, and the darker grey a grey-
scale value of 2.

tion in the image. For many different purposes, more coremmepresentations of
images can be devised.

Consider the three 8 2 imagesf;, f, andls shown in Figure 2.10. The tradi-
tional pixel-based representations of the images are

f_'4od
1= l400
f_'004
27 004]
l_'202
#7202

These images consist of vertical lines with different gsegle values. A com-
pact way to describe a set of images containing only vertigas is to define the
following basis images

[100]
B1=1100]
[010]
B2=1010]
[001]
%= 001

and then represent each image ag#ghted surf these basis images. For example,
f1 = 4B, f, = 4B3 andl3 = 2B; + 2B3. Such a representation could convey more
information about the inherent structure in these imagédso Af we had a very
large set of such images, consisting of only vertical lireeg] were interested in
compressing our data, we could store the basis images, anddheach image just
save the three coefficients of the basis images.

This simple example utilized a special property of the ingafye f, andls, that
is, the fact that in this case each image contains only aiites. Note that not
every possible X 2 image can be represented as a weighted sum of the basis im-
agesB;, B, andBg (one example is an image with a single non-zero pixel at any
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image location). This kind of a basis is called@mdercompletdasis. Usually the
word basisis used to refer to @omplete basisa basis which — when used in the
form of a weighted sum — can be used to represent any imagéh&cet of 3x 2
images, one example of a complete basis is the set of 6 imatfea single one at
exactly one image locatiofx,y). This basis is typically associated with the tradi-
tional pixel-based image representation: each pixel va&retes the coefficient of
the corresponding basis image.

A particularly important case is athogonalbasis. Then, the coefficients in the
basis simply equal the dot-products with the basis vectsmore on bases and
orthogonality, see Section 19.6.

The use of different bases in the representation of imagesé&waeral important
areas of application in image processing. Two of these wexngtioned already: the
description and analysis of the structure of images, and@i@gwmpression. Other
important applications are in the domain of image processystems: different
image representations are central in the analysis of thesteras (including the
analysis of the visual system), design of such systems,ratitir efficient imple-
mentation.

2.3.2 Frequency-based representation as a basis

Now we consider how frequency-based representation caagieased as finding
the coefficients in a basis. Consider the situation where aet\o analyze, in a
given signal, the amplitud& and phasey of a sinusoidal component

Acoq wx+ ). (2.13)

The key point here is that instead of determinfgndy directly, we can determine
the coefficient€€ andSof a cosine and sine signal with (centered) phase zero:

Ccogqwx) + Ssin(wx). (2.14)

To show this we will demonstrate that there is a one-to-omespondence between
signals of the form (2.13) and of the form (2.14). First, aegiwinusoidal of the
form (2.13) can be represented in form (2.14) as follows:

Acog wx+ ) = A(cog wx) cosy — sin(wx) siny)
= Acosy coq wx) + A(—siny) sin(wx)
—— ——

=C =S
= Ccoq wx) + Ssin(wx).

(2.15)

Conversely, if we are given a signal in form (2.14), the dation (2.15) can be
reversed (this is left as an exercise), so that we get
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_ /12, (2.16)

Y=- atanC—S;. (2.17)

Thus, to analyze the amplitude and phase of frequenicya given signal, it suffices
to find coefficient<C andSin equatiorCcog wx) + Ssin(wx); after the coefficients
have been computed, equations (2.16) and (2.17) can bewsethpute the am-
plitude and phase. In particular, the square of the amgit{iBourier power” or
“Fourier energy”) is obtained as the sum of squares of théficamnts.

The formula in Equation (2.16) is also very interesting frameural modelling
viewpoint because it shows how to compute the amplitudegugirite simple op-
erations, since computation of the coefficients in a linesidis a linear operation
(at least if the basis is complete). Computation of Fouriegrgy in a given fre-
guency thus requires two linear operations, followed byasig, and summing of
the squares. As we will see in Chapter 3, something simildingar Fourier op-
erators seems to be computed in the early parts of visuakpsirg, which makes
computation of Fourier energy rather straightforward.

How are the coefficientS andSthen computed? The key is orthogonality. The
signals coéwx) and sirfwx) are orthogonal, at least approximately. So, the coeffi-
cientsC andS are simply obtained as the dot-products of the signal wighlthsis
vectors given by the cos and sin functions.

In fact, Discrete Fourier Transform can be viewed as defimithgsis with such
cos and sin functions with many different frequencies, drabe frequencies are
carefully chosen so that the sinusoidals are exactly ocghay Then, the coefficients
for all the sin and cos functions, in the different frequencies pmoomputed as the
dot-products

ZI )cog wx) and ZI sin(wx) (2.18)

The idea generalizes to two dimensions (images) in the saayeas frequency-
based analysis was shown to generalize above. More detailseoDFT can be
found in Chapter 20.

2.4 Space-frequency analysis

2.4.1 Introduction

The frequency representation utilizes global sinusoidatiggs, that is, components
which span the whole image (see, e.g., Figure 2.5). Thisrtcpéarly useful for the
analysis and design of linear filters. However, becauseeftbbal nature of sinu-
soidals, the frequency representation tells us nothingiathe spatial relationship
of different frequencies in an image. This is illustratedFigures 2.11a) and b),
which show an image and the amplitudes of its frequency sgmtation. The upper
part of the image contains grass, which tends to have a matiealeorientation
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c)

e)

Fig. 2.11: The main idea in space-frequency analysis isnsider the amplitudes/phases of differ-
ent frequenciest different locations in an image) An image. Notice how different areas of the
image differ in their frequency contents) The standard frequency representation: the amplitudes
of the different frequencies that make up the frequencyesgatation of the image in a). Note that
while this representation suggests that fairly high hartabfrequencies are present in the image,
it does not convey information about the spatial locatiodifferent frequencies. For purposes of
visibility, the amplitudes of different frequencies haweb transformed with logarithmic mapping
before displayc) A spatially localized non-negative windowing functiadh). A localized area of
the image can be obtained by multiplying the image a) withalelowing function c).) In this
example the amplitude (strength) of this horizontal freguyeis analyzed at each point in the im-
age.f) Applying the weighting scheme c)-d) at each point in the inaly and then analyzing the
amplitude of the frequency e) at each of these points resuitss spatial map of the amplitude of
the frequency. As can be seen, the frequency tends to hayer lamplitudes in the upper part of
the image, as can be expected.

and sharper structure than the lower part of the image. Thaitmes of the fre-
guency representation (Figures 2.11b) show that many dwtiak or near-horizontal
frequencies — that is, frequencies in the vicinity of axis= 0 — have a relatively
large amplitude, even at fairly high frequencies. (Nottat tstructures with vertical
lines correspond tborizontalfrequencies.) From the amplitude spectrum there is,
however, no way to tell the spatial location of these freairsn

The spatial locations of different frequencies can conitaiportant information
about the image. In this example, if we are able to locatedtlansas which tend to
have more horizontal frequencies, we can use that infoangfior example, to facil-
itate the identification of the grass area in the image. Howtha spatial locations
of these frequencies be found? A straightforward way to doitto analyze the fre-
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guency contents dimited spatial areasFigures 2.11c)—f) illustrate this idea. The
original image (Figure 2.11a) is multiplied with a non-nggawindowing function
(Figure 2.11c) to examine the frequency contents of a dpelt@alized image area
(Figure 2.11d). For example, for the horizontal frequertayven in Figure 2.11e), a
spatial map of the amplitude of this frequency is shown iuFéd2.11f); the map has
been obtained by applying the weighting scheme (Figureczahdl d) aevery point
of the image, and analyzing the amplitude of the frequendhénlocalized image
area. Now, we see that in Figure 2.11f) that the differerasigrass vs. water) are
clearly separated by this space-frequency analysis.

In the case of space-frequency analysis, the computatiqeshtions underlying
the analysis are of great interest to us. This is because sopmtant results ob-
tained with statistical modelling of natural images canrierpreted as performing
space-frequency analysis, so the way the analysis is caumgeds to be under-
stood to appreciate these results. Because of this connegie need to delve a
little deeper into the mathematics.

Before going into the details, we first state the main resplice-frequency anal-
ysis can be done by the method illustrated in Figure 2.12: Ibsrifig the image
with two different localized sinusoidal filters, and comipgtthe amplitudes and
phases (in this example only the amplitudes) from the ostpfithese two filters.
The following section explains the mathematics behindrtigshod.

2.4.2 Space-frequency analysis and Gabor filters

Consider a situation where we want to analyze the local faqu contents of an
image: we want to compute the amplitude and phase for eaetidocxo, yo). Al-
ternatively, we could compute a set of coefficieBtso, yo) andS(xg, Yo) as in Sec-
tion 2.3.2, which now are functions of the location. The gsilis made local by
applying a weighting function, sa¥/(x,y), centered atxo, yo) before the analysis.

We can simply modify the analysis in Section 2.3.2 by centethe signalf
around the pointxo,Yyo) and weighting it byw before the analysis. Thus, we get a
formula for the coefficienC at a given point:

C(x0,Yo) = 3 3 1(%Y)W(X— 0,y — Yo) CO tx(X—X0) + &y —Yo)). ~ (2.19)
Xy

and similarly forS(xg, o). Note that the order in which we multiply the three images
(imagef, weighting imagew, sinusoidal cos) inside the sum is irrelevant. Therefore
it does not make any difference whether we apply the weightrthe image (x,y)

or to the sinusoidal cdsx(x — Xo) + wy(y — Yo)). If we define a new weighting
function

Wo(x,y) = W(X,y) cos(axx + ay), (2.20)
equation (2.19) becomes
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C(x0,Yo) & 3 3 1% YMa(X—X0,y = Yo)- (2.21)
Xy

Equations (2.20) and (2.21) show that computation of caefftsC(Xg, Yo) can be
approximated by filtering the image with a filter that is theghuict of a sinusoidal
coq wx+ wyy) and the weighting window. Similar analysis applies to coffits
S(x0,Yo), €xcept that in that case the sinusoidal i§&ixx+ wyy). Because the mag-
nitude of the weighting functiow (x, y) typically falls off quite fast from the origin
(x,y) = (0,0), computational savings can be obtained by truncating ttee fd zero
for (x,y) far away from the origin.

To summarize the result in an example, Figure 2.12 shows havampli-
tude map of Figure 2.11f on page 42 was compu@dy,yo) and S(xo,Yo) were
computed by filtering the image with weighted versions of(ag% + wyy) and
sin(wx + wyy), respectively, and the amplitude maixo,yo) was obtained by
A(X0,¥0) = 1/C(X0,¥0)? + S(x0, Yo)2.

The two filters used in the computation©fxo, yo) andS(xo, yo) are often called
aquadrature-phase paifThis is because s{rR+ J) = cogx), so the two filters are
W(x,y) cog wx + ayy) andW(x,y) cog axx+ wyy+ 3), that is, they are otherwise
identical expect for a a phase difference of one quarter dﬁalevcycle:%" =7

When the weighting function is a gaussian window, which axdhe-dimensional
case is of the form

1.2
Wo(x) = Je 27, (2.22)

the resulting filter is called &abor filter, parametero determines the width of
the window, and the scaling constahis typically chosen so thgf, Wy (x) = 1.
Overall, a one-dimensional Gabor function

Wo, e,y (X) = Wg (X) cog wx + ) (2.23)

has three parameters, width frequencyw and phasey. One-dimensional Gabor
functions are illustrated in Fig. 2.13.

In the two-dimensional case, a Gabor filter has a few additiparameters that
control the two-dimensional shape and orientation of therfilWhen the sinusoidal
in the filter has vertical orientation the filter is given bytfollowing equation

(2 y2>
W 050,41 (%, Y) = ée (% cog WX+ ); (2.24)
hereoy anday control the width of the weighting window in the andy-directions,
respectively. A Gabor-filter with orientatiam can be obtained by rotating the orig-
inal (x,y) coordinate system by a to yield a new coordinate systefr.,y.) (this
rotation is equivalent to the rotation of the filter itself lyj. The equations that
relate the two coordinate systems are

X = X, COSA + Y, Sina (2.25)
Yy = —X, Sina + Y, €osa. (2.26)
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Fig. 2.12: An example showing how the spatial map of ampétudf Figure 2.11 f) on page 42
was computeda) The analyzed imagéy) The spatial filter (called a Gabor filter) obtained by
multiplying cogwx + ayy) with the weighting windowV (x,y); the filter has been truncated to
a size of 33« 33 pixels.c) The spatial filter obtained by multiplying simx+ «yy) with the
weighting windowW (x,y). d) CoefficientsC(xo, Yo), obtained by filtering image a) with filter b).
e) CoefficientsS(xg, yo), obtained by filtering image a) with filter cf) The spatial amplitude map

A(X0,Y0) = +/C(X0, ¥0)2 + S(X0, Yo)2.
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a)

\AAAAAS /N V\}/\V/\v

b)

Fig. 2.13: lllustration of one-dimensional Gabor funcgoa) Construction of the function by
multiplication of the envelope with a sinusoidal functido). Two Gabor functions in quadrature
phase.

Substituting equations (2.25) and (2.26) into equatioB4Rgives the final form
(not shown here).

Examples of two-dimensional Gabor functions were alreadgrgin Fig. 2.12b)-
¢); two more will be given in the next section, Fig. 2.15.

2.4.3 Spatial localization vs. spectral accuracy

Above we have outlined a scheme where the frequency condémis image at a
certain point is analyzed by first multiplying the image wéhocalized weighting
window, and then analyzing the frequency contents of theglated image. How
accurate is this procedure, that is, how well can it captieclocalized frequency
structure?

The answer is that there is a trade-off between spatialilata@dn and spectral
(frequency) accuracy, because the use of a weighting wird@mges the spectral
contents. Figure 2.14 illustrates this phenomenon by shgwibw the results of
space-frequency analysis of a pure sinusoiggl = cos(%x) depend on the degree
of spatial localization. The mathematical theory behirid ghenomenon goes un-
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o W(x) W(x) cos(3x) A(w)
l 77— 1 70
0 -1 11 S NV
0 150 0 150 -5 0 5
X x w
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X X w
1 1+ 4
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Fig. 2.14: In space-frequency analysis, there is a traflbetfveen spatial localization and spectral
accuracy. This example shows how the use of a weighting wintf¢x) (second column) changes
the spectral (frequency) contents of a pure sinusdigal= cos(%x) ,Xx=0,...,127. The rightmost
column shows the amplitude spectrum of the localized sig@)l (x), which in turn is plotted
in the third column. With no spatial localization (windowdith o = «; top row), the amplitude
spectrumA(w) shows a clear peak at the locatian= % As window widtho decreases, spatial
localization increases, but accuracy in the spectral domiecreases: the two peaksifw) spread
out and eventually fuse so thatw) is a unimodal function whea = 1.

der the naméime-bandwidth product theoreim signal processing , arncertainty

principlein physics. These theories state that there is a lower bonrtkdeoproduct
of the spread of the energy in the spatial domain and the &ecpudomain. See
References at the end of this chapter for more details.

With images, the extra dimensions introduce another factocertainty about
orientation. This parameter behaves just like frequenay lanation in the sense
that if we want to have a filter which is very localized in orietion, we have to give
up localization in the other parameters. This is illustdateFig. 2.15, in which we
see that a basic Gabor which is very localized in space apneispto a wider range
of different orientations than the Gabor in b). The Gabor)ihds has been designed
to respond only to a small range of orientations, which wdsg possible by making
it more extended in space.
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Fig. 2.15: Uncertainty in two dimensions. Compared with asis” Gabor function ima), the
Gabor inb) is very localized in orientation, that is, it responds toyoalsmall range of different
orientations. The thin black lines show the orientationshaf lines which still fall on the white
(positive) area of the function: a line which is more obliqud partly fall on the black (negative)
areas and thus the response of the filter will the reduced. &Wesee that in b), the range of
orientations producing very large responses (falling @wthite area only) is much smaller than in
a). This illustrates that in order to make the basic Gaboction in a) more localized in orientation,
it is necessary to make it longer, and thus to reduce itsapatialization.

2.5 References

Most of the material covered in this chapter can be found istrimoage-processing
textbooks. A classic choice is (Gonzales and Woods, 200@hwdoes not, how-
ever, consider space-frequency analysis. A large numhextiooks explain time-
frequency analysis, which is the one-dimensional couattrmf space-frequency
analysis, for example (Cohen, 1995). Related material ¢smtze found in text-
books on wavelets, which are a closely related method (set@8e.7.3.2 for a very
short introduction), for example (Vetterli and Kovadevi995; Strang and Nguyen,
1996).

2.6 Exercices

Mathematical exercises

1. Show that convolution is a symmetric operation.

2. Show Eq. (2.3).

3. Prove Equation (2.17). Hint; Find two different values %cso that you get the
two equations

Acosy =C (2.27)
—Asing =S (2.28)

Now, solve forA andy as follows. First, take the squares of both sides of both
equations (2.27) and (2.28) and sum the two resulting egnstRecall the sum
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of squares of a sine and a cosine function. Second, dividedides of the equa-
tions (2.27) and (2.28) with each other.

Computer assignments

The computer assignments in this book are designed to be midudlatlab™.
Most of them will work on Matlab clones such as Octave. We agsume that you
know the basics of Matlab.

1. The commandneshgrid is very useful for image processing. It creates two-
dimensional coordinates, just like a command sucfbaf1:5] creates a one-
dimensional coordinate. Give the commapdY]=meshgrid([-5:0.1:5]); and
plot the matricex andY usingimagesc.

2. Create Fourier gratings sm(X), sin(Y), sin(X+Y). Plot the gratings.

3. Create a gabor function using thesandY, simply by plugging in those matri-
ces in the formula in Eq. 2.24. Try out different values foe frarameters until
you get a function which looks like the one in Fig. 2.12b).

4. Change the roles of andY to get a Gabor filter in a different orientation.

5. Try out a Gabor function of a different orientation by piilgg in X+Y instead of
X andX-Y instead ofY.

6. Linear filtering is easily done with the functiaonv2 (the “2” means two-
dimensional convolution, i.e. images). Take any image ornip to Matlab, and
convolve it with the three Gabor functions obtained above.






Chapter 3
Outline of the visual system

In this chapter, we review very briefly the structure of thertaun visual system. This
exposition contains a large number of terms which are likelige new for readers
who are not familiar with neuroscience. Only a few of themreageded later in this
book; they are given in italics for emphasis.

3.1 Neurons and firing rates

Neurons The main information processing workload of the brain isriear by
nerve cells, omeurons Estimates of the number of neurons in the brain typically
vary between 18 and 13*. What distinguishes neurons from other cells are their
special information-processing capabilities. A neurocerees signals from other
neurons, processes them, and sends the result of that pingé&s other neurons. A
schematic diagram of a neuron is shown in Fig. 3.1, while aemealistic picture is
given in Fig. 3.2.

Axons How can such tiny cells send signals to other cells which neafabaway?

Each neuron has one very long formation callecag@onwhich connects it to other
cells. Axons can be many centimeters or even a couple of mietng, so they can
reach from one place in the brain to almost any other. Axong lzasophisticated
biochemical machinery to transmit signals over such nadhtilong distances. The
machinery is based on a phenomenon cadleiibn potential

Action potentials An action potential is a very short (1 ms) electrical impulse
travelling via the axon of the neuron. Action potentials #itestrated in Fig. 3.3.
Due to their typical shape, action potential are also calf@kles Action potentials
are fundamental to the information processing in neurdmes; tonstitute the signals
by which the brain receives, analyzes, and conveys infaomat

51
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Fig. 3.1: A schematic diagram of information-processing imeuron. Flow of information is from
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Fig. 3.2: Neurons (thick bodies, some lettered), each withaxon (thicker line going up) for send-
ing out the signal, and many dendrites (thinner lines) feendng signals. Drawing by Santiago

Ramon y Cajal in 1900.
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Action potentials are all-or-none, in the sense that theyagé have the same
strength (a potential of about 100mV) and shape. Thus, a kiegiple in brain
function is that the meaning of a spike is not determined bgitwhe spike is like
(because they are all the same), but rativkereit is, i.e. which axon is it travelling
along, or equivalently, which neuron sent it. (Of course, theaning also depends
onwhenthe spike was fired.)

Y G

Time

Electric potential

Fig. 3.3: An action potential is a wave of electrical potahivhich travels along the axon. It travels
quite fast, and is very short both in time and its spatial ter{glong the axon). The figure shows
the potentials in different parts of the axon soon after thgran has emitted two action potentials.

Signal reception and processing At the receiving end, action potentials are input
to neurons via shorter formations called dendrites. Tyiyican axon has many
branches, and each of them connects to a dendrite of anatsym Thus, the axon
could be thought of as output wires along which the outpuiaigf the neuron is
sent to other neurons; dendrites are input wires which vediie signal from other
neurons. The site where an axon meets a dendrite is calletepsg. The main cell
body, or soma, is often thought of as the main “processor’civldoes the actual
computation. However, an important part of the computacadready done in the
dendrites.

Firing rate The output of the neuron consists of a sequence of spikegeemit
(a “spike train”). To fully describe such a sequence, oneukhoecord the time
intervals between each successive spike. To simplify tib@tsdn, most research in
visual neuroscience has concentrated on the neufioing rates i.e. the number of
spikes “fired” (emitted) by a neuron per second. This givemgls scalar quantity
which characterizes the activity of the cell. Since it issta@ction potentials which
are transmitted to other cells, the firing rate can also beefikas the “result” of the
computation performed by the neuron, in other words, itpout

Actually, most visual neurons are emitting spikes all tmeetj but with a rela-
tively low frequency (of the order of 1 Hz). The “normal” figrrate of the neuron
when there is no specific stimulation is called gp@ntaneous firing rat&Vhen the
firing rate is increased from the spontaneous one, the nésigaid to be active or
activated.
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Computation by the neuron How is information processed, i.e. how are the in-
coming signals integrated in the soma to form the outcomimgad? This question
is extremely complex and we can only give an extremely sifigpliexposition here.

A fundamental principle of neural computation is that theeqgtion of a spike at a
dendrite can either excite (increase the firing rate) of @eeiving neuron, or inhibit
it (decrease the firing rate), depending on the neuron fronclntihe signal came.
Furthermore, depending on the dendrite and the synapses Bmwoming signals
have a stronger tendency to excite or inhibit the neuron.sThuneuron can be
thought of as an elementary pattern-matching device: itgffirates is large when
it receives input from those neurons which excite it (stighgand no input from
those neurons which inhibit it. A basic mathematical modekiuch an action is to
consider the firing rate as a linear combination of incomiggals; we will consider
linear models below.

Thinking in terms of the original visual stimuli, it is oftehought that a neuron
is active when the input contains a feature for which the oeis specialized — but
this is a very gross simplification. Thus, for example, a hiptical “grandmother
cell” is one that only fires when the brain perceives, or ppsitainks of, the grand-
mother. Next we will consider what are the actual responepeaties of neurons in
the visual system.

3.2 From the eye to the cortex

Figure 3.4 illustrates the earliest stages of the main Vipathway. Light enters
the eye, reaching theetina. The retina is a curved, thin sheet of brain tissue that
grows out into the eye to provide the starting point for népracessing of visual
signals. The retina is covered by a more than a hundred mifllcotoreceptors,
which convert the light into an electric signal, i.e. newadivity.

From the photoreceptors, the signal is transmitted thraugiouple of neural
layers. The last of the retinal processing layer consistgasfglion cells, which
send the output of the retina (in form of action potentialsy from the eye using
their very long axons. The axons of the ganglion cells form dptic nerve. The
optic nerve transmits the visual signals to the lateral ggate nucleus (LGN) of
the thalamus. The thalamus is a structure in the middle obthm through which
most sensory signals pass on their way from the sensory stgahe main sensory
processing areas in the brain.

From the LGN the signal goes to various other destinatidresptost important
being the visual cortex at the back of the head, where mosteofisual processing
is performed. Cortex, or cerebral cortex to be more precisans here the surface
of the two cerebral hemispheres, also called the “grey niat#ost of the neurons
associated with sensory or cognitive processing are lddatihe cortex. The rest of
the cerebral cortex consists mainly of axons connectinticadmeurons with each
other, or the “white matter”.
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The visual cortex contains some 1/5 of the total corticahanehumans, which
reflects the importance of visual processing to us. It cémsisa number of distinct
areas. Therimary visual cortexor V1 for short, is the area to which most of the
retinal output first arrives. It is the most widely-studiedual area, and also the
main focus in this book.

e retina /
Ll

—

Fig. 3.4: The main visual pathway in the human brain.

3.3 Linear models of visual neurons

3.3.1 Responses to visual stimulation

How to make sense of the bewildering network of neurons msing visual infor-
mation in the brain? Much of visual neuroscience has beeocsrord with measur-
ing the firing rates of cells as a function of some propertiea visual input. For
example, an experiment might run as follows: An image is satidprojected onto a
(previously blank) screen that an animal is watching, arecilmber of spikes fired
by some recorded cell in the next second are counted. Byragsiteally changing
some properties of the stimulus and monitoring the eliciesghonse, one can make
a quantitative model of the response of the neuron. An examphown in Fig. 3.5.
Such a model mathematically describes the response (faiedr; of a neuron as a
function of the stimulus(x,y).

In the early visual system, the response of a typical neuepedds only on
the intensity pattern of a very small part of the visual filtis area, where light
increments or decrements can elicit increased firing ragesalled the (classical)
receptive field(RF) of the neuron. More generally, the concept also referthée
particular light pattern that yields the maximum response.
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Fig. 3.5: A caricature of a typical experiment. A dark bar owlite background is flashed onto
the screen, and action potentials are recorded from a neWeoging the orientation of the bar
yields varying responses. Counting the number of spikegedi within a fixed time window fol-
lowing the stimulus, and plotting these counts as a funabidoar orientation, one can construct a
mathematical model of the response of the neuron.

So, what kind of light patterns actually elicit the strongessponses? This of
course varies from neuron to neuron. One thing that moss belve in common is
that they don't respond to a static image which consists afiform surface. They
respond to stimuli in which there is some change, either teaily or spatially;
such change is callezbntrastin vision science.

The retinal ganglion cells as well as cells in the lateraligglate nucleus typi-
cally have circular center-surround receptive field stuuet Some neurons are ex-
cited by light in a small circular area of the visual field, mhibited by light in a
surrounding annulus. Other cells show the opposite effesponding maximally to
light that fills the surround but not the center. This is déggldn Figure 3.6a).

3.3.2 Simple cells and linear models

The cells that we are modelling are mainly in the primary &lstortex (V1). Cells
in V1 have more interesting receptive fields than those imgtiea or LGN. The so-
calledsimple cellgypically have adjacent elongated (instead of concentricikar)
regions of excitation and inhibition. This means that thesés respond maximally
to orientedimage structure. This is illustrated in Figure 3.6b).
Linear models are the ubiquitous workhorses of science agtheering. They
are also the simplest successful neuron models of the \8gst#m. A linear model
for a visual neurohmeans that the response of a neuron is modelled by a weighted

1 Note that there are two different kinds of models one couleetig for a visual neuron. First,
one can model the output (firing rate) as a function ofitipait stimuluswhich is what we do here.
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Fig. 3.6: Typical classical receptive fields of neuronsyearlthe visual pathway. Plus signs de-
note regions of the visual field where light causes excitatininuses regions where light inhibits
responsesa) Retinal ganglion and LGN neurons typically exhibit cergarround receptive field
organization, in one of two arrangemertt$.The majority of simple cells in V1, on the other hand,
have oriented receptive fields.

simple cells

sum of the image intensities, as in

r= XZyVVj(x,y)l (X,Y) + o, (3.1)

whereW,(x,y) contains the pattern of excitation and inhibition for ligbit the neu-
ron j in question. The constang is the spontaneous firing rate. We can define the
spontaneous firing rate to be the baseline (zero) by subtgattrom the firing rate:

Fj =Trj—Tro, (3.2)

which will be done in all that follows.

Linear receptive-field models can be estimated from viseakons by employ-
ing a method called reverse correlation. In this methodnealr receptive field is
estimated so that the mean square error between the estimateequation (3.1),
and the actual firing rate is minimized, where the mean isrtaker a large set of
visual stimuli. The name “reverse correlation” comes frdra fact that the general
solution to this problem involves the computation of thedigorrelation of stimu-
lus and firing rate. However, the solution is simplified whemporally and spatially
uncorrelated (“white noise”, see Section 4.6.4) sequeaoesised as visual stim-
uli — in this case, the optimah; is obtained by computing an average stimulus
over those stimuli which elicited a spike. Examples of eatiu receptive fields are
shown in Fig. 3.7.

Alternatively, one could model the output as a function @dfrect inputsto the cell, i.e. the rates
of action potentials received in its dendrites. This laipproach is more general, because it can
be applied to any neuron in the brain. However, it is not Uguged in vision research because it
does not tell us much about the function of the visual systelass we already know the response
properties of those neurons whose firing rates are inpugta¢uron via dendrites, and just finding
those cells whose axons connect to a given neuron is tedlynveay difficult.
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Fig. 3.7: Receptive fields of simple cells estimated by mwerorrelation based on single-cell
recordings in a macaque monkey. Courtesy of Dario Ringa€i,Al

3.3.3 Gabor models and selectivities of simple cells

How can we describe the receptive field of simple cells in ratitical terms? Typ-
ically, this is based on modelling the receptive fields by @dbnctions, reviewed in
Section 2.4.2. A Gabor function consists of an oscillatamysoidal function which
generates the alternation between the excitatory anditohil(“*white/black”) ar-
eas, and a gaussian “envelope” function which determinesplatial size of the
receptive field. In fact, when comparing the receptive fielérig. 3.7 with the Ga-
bor functions in Fig. 2.12b)-c), it seems obvious that Gaflomictions provide a
reasonable model for the receptive fields.

Using a Gabor function, the receptive field is reduced to allsmanber of pa-
rameters:

Orientation of the oscillation

Frequency of oscillation

Phase of the oscillation

Width of the envelope (in the direction of the oscillation)

Length of the envelope (in the direction orthogonal to theiltzion). The ratio
of the length to the width is called the aspect ratio.

e The location in the image (on the retina)
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These parameters are enough to describe the basic sdjeptivperties of simple
cells: a simple cell typically gives a strong response wihenihput consists of a
Gabor function with approximately the right (“preferred/glues for all, or at least
most, of these parameters (the width and the length of thelepe are not criti-
cal for all simple cells). Thus, we say that simple cells aledtive for frequency,
orientation, phase, and location.

In principle, one could simply try to find a Gabor function whigives the best
fit to the receptive field estimated by reverse correlatiompriactice, however, more
direct methods are often used since reverse correlatioatler laborious. Typi-
cally, what is computed areining curvesor some of these parameters. This was
illustrated in Fig. 3.5. Typical stimuli include two-dimgional Fourier gratings (see
Fig. 2.5) and simple, possibly short, lines or bars. Examplesuch analyses will
be seen in Chapters 6 and 10.

3.3.4 Frequency channels

The selectivity of simple cells (as well as many other cebisfrequency is related
to the concept of “frequency channels” which is widely usedlision science. The
idea is that in the early visual processing (something likg, Vhformation of differ-
ent frequencies is processed independently. Justifickdiotalking about different
channelsis abundantin research on V1. In fact, the veryt poirsing Gabor models
is to model the selectivity of simple cells to a particulatfuency range.

Furthermore, a number of psychological experiments parguch a division
of early processing. For example, in Figure 3.8, the infdramin the high- and
low-frequency parts are quite different, yet observes havdifficulty in process-
ing (reading) them separately. This figure also illustrakespractical meaning of
frequency selectivity: some of the cells in V1 respond to ‘es” letters but do
not respond to the “no” letters, while for other cells, thepenses are the other
way round. (The responses depend, however, on viewingndistastimuli which
are low-frequency when viewed from a close distance will igialirequency when
viewed from far away.)

3.4 Nonlinear models of visual neurons

3.4.1 Nonlinearities in simple-cell responses

Linear models are widely used in modelling visual neuronsthey are definitely a
rough approximation of the reality. Real neurons exhilffedent kinds of nonlinear
behaviour. The most basic nonlinearities can be handlediting a simple scalar
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b) c)

yes yes yes yes yes yes yes yes yes yes
Yyes yes yes yes yes yes yes yes yes yes
yes yes yes yes yes yes yes yes yes yes
yes yes yes yes yes yes yes yes yes yes
yes yes yes yes yes yes yes yes yes yes
yes yes yes yes yes yes yes yes yes yes
Yyes yes yes yes yes yes yes yes yes yes
yes yes yes yes yes yes yes yes yes yes
yes yes yes yes yes yes yes yes yes yes
Yyes yes yes yes yes yes yes yes yes yes

Fig. 3.8: A figure with independent (contradictory?) infation in different frequency channeks).
the original figureb) low-frequency part of figure in a), obtained by taking the Feutransform
and setting to zero all high-frequency components (whostace from zero is larger than a certain
threshold) ¢) high-frequency part of figure in a). The sum of the figures i c) equals a).
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nonlinearity to the model, which leads to what is simply edlalinear-nonlinear
model.

In the linear-nonlinear model, a linear stage is followedabstatic nonlinearity
f:

Fj=f (ZWJ'(X,V)I(X,V)> : (3.3)

Xy
A special case of the linear-nonlinear modehaf-wave rectificationdefined by

f(a) =max{0,a}. (3.4)

One reason for using this model is that if a neuron has a velgtiow spontaneous
firing rate, the firing rates predicted by the linear model rtiegn tend to be negative.
The firing rate, by definition, cannot be negative.

We must distinguish here between two cases. Negative fiatggare, of course,
impossible by definition. In contrast, it is possible to haesitive firing rates that
are smaller than the spontaneous firing rate; they give aivegain Equation (3.2).
Such firing rates correspond to the sum term in Eq. (3.1) beéuative, but not so
large that thej; becomes negative. However, in V1, the spontaneous firiegeats
to be rather low, and the models easily predict negativerfirates for cortical cells.
(This is less of a problem for ganglion and LGN cells, sinagrtkpontaneous firing
rates are relatively high.)

Thus, half-wave rectification offers one way to interpret thurely linear model
in Eqg. (3.1) in a more physiologically plausible way: thesiém model combines the
outputs of two half-wave rectified (non-negative) cellshai¢versed polarities into
a single output; — one cell corresponds to linear R¥; and the other to RF-W;.

The linear-nonlinear model is flexible and can accommodatenaber of other
properties of simple cell responses as well. First, whenlitrear model predicts
small outputs, i.e., the stimulus is weak, no output (inseda firing rate) is actually
observed in simple cells. In other words, it seems therettwesholdwhich the
stimulus must attain to elicit any response. This phenomgommbined with half-
wave rectification, could be modelled by using a nonlingasiich as

f(a) =max0,a —c) (3.5)

wherec is a constant that gives the threshold.

Second, due to biological properties, neurons have a manrifiting rate. When
the stimulus intensity is increased above a certain linotchange in the cell re-
sponse is observed, a phenomenon cadkdiration This is in contradiction with
the linear model, which has no maximum response: if you iplylthe input stimu-
lus by, say, 1,000,000, the output of the neuron increasésdiyame factor. To take
this property into account, we need to use a nonlinearityshturates as well, i.e.
has a maximum value. Combining the three nonlinear pragelisted here leads us
to a linear-nonlinear model with the nonlinearity

f(a) =min(d,max0,a —c)) (3.6)
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whered is the maximum response. Figure 3.9 shows the form of thistfon.
Alternatively, we could use a smooth function with the sarimellof behaviour,

such as

C(2

c+a?’
wherec is another constant that is related to the threskold

f(a)=d (3.7)

-

Fig. 3.9: The nonlinear function in (3.6).

3.4.2 Complex cells and energy models

Although linear-nonlinear models are useful in modellingmm cells, there are also
neurons in V1 calledomplex cellfor which these models are completely inade-
quate. These cells do not show any clear spatial zones dfaérai or inhibition.
Complex cells respond, just like simple cells, selectitelpars and edges at a par-
ticular location and of a particular orientation; they drewever, relatively invariant
to the spatial phase of the stimulus. An example of this isréngersing the contrast
polarity (e.g. from white bar to black bar) of the stimulusedanot markedly alter
the response of a typical complex cell.

The responses of complex cells have often been modellecttnfdhbsical ‘energy
model’. (The term ‘energy’ simply denotes the squaring agien.) In such a model
(see Figure 3.10) we have

2

2
rj= (ZWh(va)l(x,y)> + (ZVij(XJ)'(X»Y))
Xy Xy

whereW;, (x,y) andWi,,(x,y) are quadrature-phase Gabor functions, i.e., they have
a phase-shift of 90 degrees, one being odd-symmetric andttier being even-
symmetric. It is often assumed that V1 complex cells poolrésponses of simple
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cells, in which case the linear responses in the above egquaité outputs of simple
cells.

The justification for this model is that since the two line#tefs are Gabors in
guadrature-phase, the model is computing the local Fotetargy” in a particular
range of frequencies and orientations, see Equation (2Th& provides a model of
a cell which is selective for frequency and orientation, eralso spatially localized,
but does not care about the phase of the input. In other worglphase-invariant
(This will be discussed in more detail in Chapter 10.)

The problem of negative responses considered earlier stgygesimple modifi-
cation of the model, where each linear RF again correspantsd simple cells.
The output of a linear RF is divided to the positive and negatarts and half-wave
rectified. In this case, the half-wave rectified outputs arther squared so that they
compute the squaring operation of the energy model. In maditomplex cells sat-
urate just as simple cells, so it makes sense to add a satyrainlinearity to the
model as well.

|
%

\l/ S
\l/

Fig. 3.10: The classic energy model for complex cells. Tlspoase of a complex cell is modelled
by linearly filtering with quadrature-phase Gabor filtersaf®r functions whose sinusoidal com-
ponents have a 90 degrees phase difference), taking sqaatesumming. Note that this is purely
a mathematical description of the response and should nditéetly interpreted as a hierarchical
model summing simple cell responses.

STIMULUS

i
|

3.5 Interactions between visual neurons

In the preceding models, V1 cells are considered completelgpendent units:
each of them just takes its input and computes its output.édewy different kinds
interactions between the cells have been observed.

The principal kind of interaction seems to lmhibition: when a cellj is active,
the responses of another ceié reduced from what they would be without that cell
j being active. To be more precise, let us consider two simglle whose receptive
fieldsW andW; are orthogonal (for more on orthogonality see Chapter 18keT
for example, two cells in the same location, one with vettanad the other with
horizontal orientation). Take any stimullgswhich excites the cellv;. For example,
we could take a stimulus which is equal to the receptive Wglitself. Now, we add
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another stimulus pattern, sy to lo. This simply means that we add the intensities
pixel-by-pixel, showing the following stimulus to the negi:

[(xy) = lo(X,y) + 11(X,y) (3.8)

The added stimuluk is often called a mask or a pedestal.

The point is that by choosinhy suitably, we can demonstrate a phenomenon
which is probably due to interaction between the two celisecHically, let us
choose a stimulus which is equal to the receptive field of icdl = W. This is
maximally excitatory for the cell, but it is orthogonal to the receptive field of cell
j- With this kind of stimuli, the typical empirical observati is that the celj has a
lower firing rate for the compound stimuliis= Ig+ I than forlg alone. This inhibi-
tion cannot be explained by the linear models (or the limeartinear models). The
maskl; should have no effect on the linear filter stage, because sk s orthog-
onal to the receptive fielaV;. So, to incorporate this phenomenon in our models,
we must include some interaction between the linear filt€h& outputs of some
model cells must reduce the outputs of others. (It is not detaly clear whether
this empirical phenomenon is really due to interaction leetthe cells, but that is
a widely-held view, so it makes sense to adopt it in our moylels

a) b) C)

Fig. 3.11: Interaction between different simple cedls Original stimulusly of a simple cell, cho-
sen here as equal the receptive fieldMdt b) Masking pattern; which is orthogonal tdo. c)
Compound stimulus. The response tb is smaller than the response lipalthough the linear
models predicts that the responses should be equal.

This phenomenon is typically called “contrast gain coritrdhe idea is that
when there is more contrast in the image (due to the additfahe mask), the
system adjusts its responses to be generally weaker. Ibigtit to be necessary
because of the saturating nonlinearity in the cells and thstid changes in illumi-
nation conditions observed in the real world. For examgie,dells would be re-
sponding with the maximum value most of the time in brightlagt (or a brightly
lit part of the visual scene), and they would be respondingllizaat all in a dim
environment (or a dimly lit part of the scene). Gain contr@ahanisms alleviate
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this problem by normalizing the variation of luminance od#ferent scenes, or
different parts of the same scene. For more on this pointSsetion 9.5

This leads us to one of the most accurate currently knownlsiogl models, in
terms of predictive power, the divisive normalization mbdet W, ..., Wk denote
the receptive fields of those cells whose receptive fieldsapmroximately in the
same location, and a scalar parameter. In the divisive normalization moded, th
output of the cell corresponding to R is given by

r = f (Zx,yvvj (va)l (va))
L S (S WY (xY)) + 02

wheref is again a static nonlinearity, such as the half-wave reatifon followed
by squaring. This divisive normalization model providesrae account of con-
trast gain control mechanisms. In addition, it also autdcady accounts for such
simple-cell nonlinearities as response saturation arestiold. In fact, if the input
stimulus is such that it only excites cglland the linear responses in the denomi-
nator are all zero expect for the one corresponding to jceathe model reduces to
the linear-nonlinear model in Section 3.4.1. If we furthefide f to be the square
function, we get the nonlinearity in Equation 3.7.

(3.9)

3.6 Topographic organization

A further interesting point is how the receptive fields ofgtddouring cells are re-
lated. In the retina, the receptive fields of retinal gangtiells are necessarily linked
to the physical position of the cells. This is due to the féattthe visual field
is mapped in an orderly fashion to the retina. Thus, neighbguetinal ganglion
cells respond to neighbouring areas of the visual field. Hewehere is nothing to
guarantee the existence of a similar organization furtppehe visual pathway.

But the fact of the matter is that, just like in the retina,gidiouring neurons in
the LGN and in V1 tend to have receptive fields covering neagining areas of the
visual field. This phenomenon is calleetinotopy Yet this is only one of several
types of organization. In V1, the orientation of receptivads also tends to shift
gradually along the surface of the cortex. In fact, neuraesadten approximately
organized according to several functional parametersh(sisdocation, frequency,
orientation) simultaneously. This kind édpographic organizatioralso exists in
many other visual areas.

Topographical representations are not restricted to aartireas devoted to vi-
sion, but are present in various forms throughout the biaikamples include the

2 |n fact, different kinds of gain control mechanisms seem ecoperating in different parts of
the visual system. In the retina, such mechanisms norm#izeeneral luminance level of the
inputs, hence the name “luminance gain control”. Contragt gontrol seems to be done after that
initial gain control. The removal of the mean grey-scaleiea]DC component) that we do in later
chapters can be thought to represent a simple luminancecgatrol mechanism.
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tonotopic map (frequency-based organization) in the prynaaiditory cortex and
the complete body map for the sense of touch. In fact, onetrbiglpressed to find
a brain area that would not exhibit any sort of topography.

3.7 Processing after the primary visual cortex

From V1, the visual signals are sent to other areas, such a¥4,2and V5, called
extrastriateas another name for V1 is the “striate cortex”. The functiérseme
of these areas (mainly V5, which analyzes motion) is reddyiwell understood,
but the function of most of them is not really understood &t Bdr example, it
is assumed that V2 is the next stage in the visual proceskirtghe differences
in the features computed in V1 and V2 are not really known. @4 been vari-
ously described as being selective to long contours, cerensses, circles, “non-
Cartesian” gratings, colour, or temporal changes (seedfegances section below).
Another problem is that the extrastriate cortex may be qditierent in humans
and monkeys (not to mention other experimental animalsjesolts from animal
experiments may not generalize to humans.

3.8 References

Among general introductions to the visual system, see, @glmer, 1999). A most
interesting review of the state of modelling of the visuatter, with extensive ref-
erences to experiments, is in (Carandini et al, 2005).

For a textbook account of reverse correlation, see e.g.gDaynd Abbott, 2001);
reviews are (Ringach and Shapley, 2004; Simoncelli et &4PClassic application
of reverse correlation for estimating simple cell recepfields is (Jones and Palmer,
1987b; Jones et al, 1987; Jones and Palmer, 1987a). Footepayioral extensions
see (DeAngelis et al, 1993a,b). LGN responses are estimatgd in (Cai et al,
1997), and retinal ones, e.g. in (Davis and Naka, 1980).

The nonlinearities in neuron responses are measured inafAetzal, 1999b;
Ringach and Malone, 2007); theoretical studies includen@dband van Vreeswijk,
2002; Miller and Troyer, 2002). These studies concentraté¢he “thresholding”
part of the nonlinearity, ignoring saturation. Reverserelation in the presence of
nonlinearities is considered in (Nykamp and Ringach, 2002)

A review on contrast gain control can be found in (Carandf4). The divisive
normalization model is considered in (Heeger, 1992; Caramrd al, 1997, 1999).
More on the interactions can be found in (Albright and Stp2€02). For review
of the topographic organization in different parts of thetew, see (Mountcastle,
1997).

A discussion on our ignorance of V2 function can be found ioyi@on and
Hedgé, 2004). Proposed selectivities in V4 include longtaors (Pollen et al,
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2002), corners and related features (Pasupathy and Caot®@®, 2001), crosses,
circles, and other non-Cartesian gratings (Gallant et2831 Wilkinson et al, 2000),
as well as temporal changes (Gardner et al, 2005). An atieena@ewpoint is that
the processing might be quite similar in most extrastriaéas, the main difference
being the spatial scale (Hegdé and Essen, 2007). A modebak \broposed in
(Simoncelli and Heeger, 1998).

Basic historical references on the visual cortex includet{#él and Wiesel, 1962,
1963, 1968, 1977).

3.9 Exercices

Mathematical exercises

1. Show that the addition of a mask which is orthogonal to #oeptive field, as in
Section 3.5 should not change the output of the cell in thealimodel

2. What is the justification for using the same lettiefor the constants in Equa-
tions (3.6) and (3.7)?

Computer assignments

1. Plot function in Equation (3.7) and compare with the fiorcin (3.6).
2. Receptive fields in the ganglion cells and the LGN are ofterdelled as a
“difference-of-gaussians” model in whith (x,y) is defined as
1 1
exp(—5 5 l(x~ X0)? + (Y= ¥0)?]) — aexp(— 55 [(x—%0)? + (Y~ ¥0)?]) (3.10)
(o 2045
Plot the receptive fields for some choices of the paramdtard.some parameter
values that reproduce a center-surround receptive field.






Chapter 4
Multivariate probability and statistics

This chapter provides the theoretical background in prdipatheory and statis-

tical estimation needed in this book. This is not meant assa ifitroduction to

probability, however, and the reader is supposed to be i@milith the basics of
probability theory. The main emphasis here is on the extensi the basic notions
to multidimensionadata.

4.1 Natural images patches as random vectors

To put the theory on a concrete basis, we shall first disciesstutidamental idea on
how natural image patches can be considered as a randonn.vecto

A random vector is a vector whose elements are random vasaBlandomness
can be defined in different ways. In probability theory, iusually formalized by
assuming that the value of the random variable or vector ndpen some other
variable (“state of the world”) whose value we do not know, e randomness is
due to our ignorance.

In this book, an image patdhis typically modelled as a random vector, whose
obtained values (called “observations”) are the numegy-scale values of pixels
in a patch (window) of a natural image. A patch simply meansallssub-image,
such as the two depicted in Fig. 1.3. We use small patchesibeaghole images
have too large dimensions for existing computers (we musbieto perform com-
plicated computations on a large number of such images ohpa}. A typical patch
size we use in this book is 3232 pixels.

To get one observation of the random vector in question, weamly select one
of the images in the image set we have, and then randomlyt $keélocation of the
image patch. The randomness of the values in the vector stemsthe fact that
the patch is taken in some “random” position in a “randomlgfested image from
our database. The “random” position and image selectiorbased on a random
number generator implemented in a computer.

69
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It may be weird to call an image patch a “vector” as it is twaidnsional and
could also be called a matrix. However, for the purposes o$tnod this book, a
two-dimensional image patch has to be treated like a onelional vector, or a
point in the image space, as was illustrated in Fig. 1.5. (Atpand a vector are
basically the same thing in this context.) This is becausenied data are typically
considered to be such vectors in statistics, and matrieassad for something quite
different (that is, to represent linear transformatiore Section 19.3 for details).
In practical calculations, one often has to transform thagepatches into one-
dimensional vectors, i.e. “vectorize” them. Such a tramsftion can be done in
many different ways, for example by scanning the numeriafiies in the matrix
row-by-row; the statistical analysis of the vector is nalainfluenced by the choice
of that transformation. In most of the chapters in this babils assumed that such
a transformation has been made.

On a more theoretical level, the random vector can also sepitehe whole set of
natural images, i.e. each observation is one natural iniagdich case the database
is infinitely large and does not exist in reality.

4.2 Multivariate probability distributions

4.2.1 Notation and motivation

In this chapter, we will denote random variablesfyz,...,z, ands;, S, ..., S
for some numben. Taken together, the random variablgsz, . .. ,z, form ann-
dimensional random vector which we denotezby

z= . (4.2)

Likewise, the variables;, s, ..., s, can be collected to a random vector, denoted by
S.

Although we will be considering general random vectors riaen to make things
concrete, you can think of eaghas the grey-scale value of a pixel in the image
patch. In the simple case of two variablesandz,, this means that you take samples
of two adjacent pixels (say, one just to the right of the oth&scatter plot of such
a pixel pair is given in Fig. 4.1. However, this is by no meams only thing the
variables can represent; in most chapters of this book, Welso consider various
kinds of features which are random variables as well.

The fundamental goal of the models in this book is to desdtikeeprobability
distribution of the random vector of natural image patct&s,. we need to next
consider the concept of a probability density function.
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_f4 -2 0 2 4 6

Fig. 4.1: Scatter plot of the grey-scale values of two netghilmg pixels. The horizontal axis gives
the value of the pixel on the left, and the vertical axis gitresvalue of the pixel on the right. Each
dot corresponds to one observed pair of pixels.

4.2.2 Probability density function

A probability distribution of a random vector such as usually represented using
aprobability density functiopdf). The pdf at a point in the-dimensional space is
denoted byp,.

The definition of the pdf of a multidimensional random vedta simple gen-
eralization of the definition of the pdf of a random variabieone dimension. Let
us first recall that definition. Denote lzya random variable. The idea is that we
take a small number, and look at the probability thattakes a value in the interval
[a,a+ V] for any givena. Then we divide that probability by, and that is the value
of the probability density function at the poiatThat is

P(zisin[a,a+V])

pz(a) = v 4.2)

This principle is illustrated in Fig. 4.2. Rigorously spé&alk we should take the
limit of an infinitely smallv in this definition.

This principle is simple to generalize to the case ofresimensional random
vector. The value of the pdf function at a point, say (a1,ay,...,an), gives the
probability that an observation afbelongs to a small neighbourhood of the point
a, divided by the volume of the neighbourhood. Computing tfebpbility that the
values of eaclz; are between the values afanda; + v, we obtain

pa(a) = P(zisin [a,3+v] foralli) (4.3)

whereV" is the volume of thex-dimensional cube whose edges all have length
Again, rigorously speaking, this equation is true only ia timit of infinitely small
V.

A most important property of a pdf is that it is normalized:integral is equal to
one

/ p:(a)da=1 (4.4)
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a atv

Fig. 4.2: The pdf of a random variable at a poangives the probability that the random variable
takes a value in a small intervéd, a+ V], divided by the length of that interval, i.&. In other
words, the shaded area, equapi@)v, gives the probability that that the variable takes a vafue i
that interval.

This constraint means that you cannot just take any nontivedganction and say
that it is a pdf: you have to normalize the function by divigliit by its integral.
(Calculating such an integral can actually be quite diffiemd sometimes leads to
serious problems, as discussed in Chapter 21).

For notational simplicity, we often omit the subscripiVe often also writep(z)
which means the value @k at the pointz. This simplified notation is rather ambigu-
ous because nowis used as an ordinary vector (likeabove) instead of a random
vector. However, often it can be used without any confusion.

Example 1 The most classic probability density function for two véies is the
gaussian, or normal, distribution. Let us first recall the-@iimensional gaussian
distribution, which in the basic case is given by

P(2) = ﬁ exp( 22> (4.5)
It is plotted in Fig. 4.3 b). This is the “standardized” versi(mean is zero and
variance is one), as explained below. The most basic casetwb-@imensional
gaussian distribution is obtained by taking this one-dish@mal pdf separately for
each variables, and multiplying them together. (The maaafrsuch multiplication
is that the variables are independent, as will be explairgolb) Thus, the pdf is
given by

p(z1,22) = — exp( (22 +2)) (4.6)

A scatter plot of the distribution is shown in Fig. 4.3 a). The-dimensional pdf
itself is plotted in Fig. 4.3 c).

Example 2 Let us next consider the following two-dimensional pdf:
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Lif|zz|+|z <1
,22) = 4.7
P(21,22) {0, otherwise @.7)

This means that the data is uniformly distributed inside @aseg which has been
rotated 45 degrees. A scatter plot of data from this distidlouis shown in Figure 4.4
a).

a) 4 ; ; ; b) 0.5
IR 0.4
) L
0.3
0
0.2
2 01
_§4 -2 0 2 4

Fig. 4.3:a) scatter plot of the two-dimensional gaussian distribuiioiiEquation (4.6).b) The
one-dimensional standardized gaussian pdf. As explaimegkection 4.3, it is also the marginal
distribution of one of the variables in a), and furthermdrens out to be equal to the conditional
distribution of one variable given the other variabtd. The probability density function of the
two-dimensional gaussian distribution.

4.3 Marginal and joint probabilities

Consider the random vectarwhose pdf is denoted byg;. It is important to make
a clear distinction between theint pdf and themarginal pdf’s. The joint pdf is
just what we called pdf above. The marginal pdf’'s are what goght call the
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Fig. 4.4:a) scatter plot of data obtained from the pdf in Eq. (4£) marginal pdf of one of the
variables in a)c) conditional pdf ofz, givenz; = 0. d) conditional pdf ofz, givenz = .75

“individual” pdf’s of z, i.e. the pdf’s of those variablesy, (1), pz,(z),... when
we just consider one of the variables and ignore the existefithe other variables.

There is actually a simple connection between marginal aimd pdf's. We can
obtain a marginal pdf by integrating the joint pdf over ondlad variables. This is
sometimes called “integrating out”. Consider for simglidhe case where we only
have two variableg; andz. Then, the marginal pdf of, is obtained by

Pa(2) = [ Pel.22)02 4.8)

This is a continuous-space version of the intuitive idea fiblaa given value of;,
we “count” how many observations we have with that valuengahrough all the
possible values ab.! (In this continuous-valued case, no observed values afe

1 Note again that the notation in Eq. (4.8) is sloppy, because z in the parentheses, both on
the left and the right-hand side, stands for any vaueight obtain, although the same notation is
used for the random quantity itself. A more rigorous notatimuld be something like:

Pz (V1) = / pz(v1,Vv2)dva (4.9)
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likely to be exactly equal to the specified value, but we canthe idea of a small
interval centred around that value as in the definition oftitabove.)

Example 3 In the case of the gaussian distribution in Equation (4.€)have

p(z) :/p(zlazZ)dZZZ/%TEXF(—%(Z%—I—Z%))dZZ

1 1 1 1

Here, we used the fact that the pdf is factorizable sincéaexjb) = exp(a) exp(b).
In the last integral, we recognize the pdf of the one-dimamai gaussian distribu-
tion of zero mean and unit variance given in Equation (4.5usl that integral is
one, because the integral of any pdf is equal to one. This sneat the marginal
distributionp(z) is just the the classic one-dimensional standardized gaupdf.

Example 4 Going back to our example in Eq. (4.7), we can calculate thegimal

pdf of z to equal
1- ‘Zl|, if ‘Zl‘ <1
7)) = 411
Pz, (21) {0, otherwise (4.11)

which is plotted in Fig. 4.4 b), and shows the fact that thereore “stuff” near
the origin, and no observation can have an absolute valgerldnan one. Due to
symmetry, the marginal pdf @b has exactly the same form.

4.4 Conditional probabilities

Another important concept is ttnditionalpdf of z, givenz;. This means the pdf

of z, when we have observed the valuezpfLet us denote the observed valuezpf

by a. Then conditional pdf is basically obtained by just fixing tralue ofz; toain

the pdf, which givep;(a,z). However, this is not enough because a pdf must have
an integral equal to one. Therefore, we must normatiz@, z>) by dividing it by

its integral. Thus, we obtain the conditional pdf, denotgglr, |z = a) as

pZ(a’ 22)
lzn=a)= ——————— 4.12
P(z2|z1=a) Tha.2)dz (4.12)
Note that the integral in the denominator equals the makgifeof z; at pointa, so
we can also write

where we have used two new variables,to denote the point where we want to evaluate the
marginal density, ansl, which is the integration variable. However, in practice Wi do not
want to introduce new variable names in order to keep thingple, so we use the notation in
Eq. (4.8).
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pZ(a’ 22)
|lzp=a)= 4.13
P(z2|z = a) 0 (@) (4.13)
Again, for notational simplicity, we can omit the subscsipnd just write
_ . _ h(az)
or, we can even avoid introducing the new quardignd write
p(zlsz)
|71) = 4.15
Plls) = o) @19

Example 5 For the gaussian density in Equation (4.6), the computatidime con-
ditional pdf is quite simple, if we use the same factorizats in Equation (4.10):

~p(z1,22) 757 X0 37) 5= exp(— 3 ) 1 1
P(z2|z1) = o) \/%rexp(—% ) _mexp( 2zg) (4.16)

which turns out to be the same as the marginal distributiaa.dfThis kind of situ-
ation wherep(z|z1) = p(z) is related to independence as discussed in Section 4.5
below.)

Example 6 In our example pdf in Eq. (4.7), the conditional pdf changeiteca lot
as a function of the valua of z;. If z; is zero (i.e.a = 0), the conditional pdf ok,

is the uniform density in the intervg+1,1]. In contrast, ifz; is close to 1 (or -1),
the values that can be taken byare quite small. Simply fixing; = a in the pdf,

we have
1if |z <1-|q
= 4.17
P(@.2) {0 otherwise (4.17)
which can be easily integrated:
[ paz)dz =201~ a) (4.18)

(This is just the length of the segment in whighis allowed to take values.) So, we
get
ﬁ\zﬂ’ if |22| <1-— |Zl|

. (4.19)
0 otherwise

p(z|z1) = {
where we have replacealby z. This pdf is plotted forzz = 0 andz = 0.75 in
Fig. 4.4 a) and b), respectively.

Generalization to many dimensions The concepts of marginal and conditional
pdf’s extend naturally to the case where we havandom variables instead of just
two. The point is that instead of two random variablgsandz,, we can have two
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random vectors, sag; andz,, and use exactly the same formulas as for the two
random variables. So, starting with a random veetave take some of its variables
and put them in the vectay, and leave the rest in the vector

7= (Z) (4.20)

Now, the marginal pdf ot; is obtained by the same integral formula as above:

pu(21) = [ Pol21,22)d22 (4.21)
and, likewise, the conditional pdf @ givenz; is given by:

p(z1,22)
p(z1)

Both of these are, naturally, multidimensional pdf’s.

p(Zz | Zl) = (4.22)

Discrete-valued variables For the sake of completeness, let us note that these
formulas are also valid for random variables with discretkigs; then the integrals
are simply replaced by sums. For example, for the conditipnababilities, we
simply have

P(21,2)
Pz|z1) = =—— 4.23
(z|2) Py (21) (4.23)
where marginal probability af; can be computed as
Py(21) =) Pu(21,22) (4.24)
2

4.5 Independence

Let us consider two random variables,andz,. Basically, the variableg andz,
are said to be statistically independent if information loa value taken by; does
not give any information on the value »f, and vice versa.

As an example, let us consider again the grey-scale valusgoafieighbouring
pixels. Asin Fig. 4.1, we go through many differentlocagaman image in random
order, and take the grey-scale values of the pixels as theradxd values of the two
random variables. These random variables molibe independent. One of the basic
statistical properties of natural images is that two nemiring pixels are depen-
dent. Intuitively, it is clear that two neighbouring pixdéend to have very similar
grey-scale values: If one of them is black, then the otherisfack with a high
probability, so they do give information on each other. Tisiseen in the oblique
shape (having an angle of 45 degrees) of the data “cloud"dn4=iL. Actually, the
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grey-scale values are correlated, which is a special foraependence as we will
see below.

The ideathat; gives no information om, can be intuitively expressed using con-
ditional probabilities: the conditional probability(z; | z;) should be just the same
asp(z):

P(z2|z1) = p(z) (4.25)
for any observed valua of z;. This implies
p(z1,22)
o(z1) p(z2) (4.26)
or
P(z1.22) = p(z1) p(z2) (4.27)

for any values ofz; andz. Equation (4.27) is usually taken as the definition of

independence because it is mathematically so simple. filgisays that the joint

pdf must be a product of the marginal pdf’s. The joint pdf isrtltalled factorizable.
The definition is easily generalizedmovariablesz;, ,, . . ., z,, in which case it is

P(z1,22,...,20) = P(z1) P(22) ... P(Zn) (4.28)

Example 7 For the gaussian distribution in Equation (4.6) and Fig, w8 have

Pler.22) = ——exp(~57) x ——exp(—52) (4.29)

So, we have factorized the joint pdf as the product of two gd€ach of which
depends on only one of the variables. Thiasandz, are independent. This can also
be seen in the form of the conditional pdf in Equation (4.6)ich does not depend
on the conditioning variable at all.

Example 8 For our second pdf in Eq. (4.7), we computed the conditiomtl p
p(z|z1) in EqQ. (4.19). This is clearly not the same as the marginalpéi. (4.11);

it depends om;. So the variables are notindependent. (See the discussitingfore
Eq. (4.17) for an intuitive explanation of the dependenties

Example 9 Consider the uniform distribution on a square:

p(zl 22) = {%27 if |Zl| < \/:-_)’ and‘ZZ‘ < \/:__3,

4.30
0, otherwise ( )

A scatter plot from this distribution is shown in Fig. 4.5. M@ andz, are indepen-
dent because the pdf can be expressed as the product of thmatalistributions,
which are
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L if |zl <V3
oz = | 2va Tl V3 (4.31)
0, otherwise

and the same fan.

/R 0 2 4

Fig. 4.5: A scatter plot of the two-dimensional uniform disttion in Equation (4.30)

4.6 Expectation and covariance

4.6.1 Expectation

The expectation of a random vector, or its “mean” value,ngheory, obtained by
the same kind of integral as for a single random variable

E{z} :/pz(z)zdz (4.32)

In practice, the expectation can be computed by taking theaation of each vari-
able separately, completely ignoring the existence of therovariables

E{z} [ Pzn(z1)z1dz
E{z} = E{:ZZ} |/ pZZ(Z?)ZZdZZ (4.33)
E(zt)  \J palz)mdz

The expectation of any transformatignwhether one- or multidimensional, can be
computed as:

E{9(2)} = [ P(9(2) 2 (4.34)
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The expectation is a linear operation, which means
E{az+bs} = aE{z} + bE{s} (4.35)

for any constanta andb. In fact, this generalizes to any multiplication by a matrix
M:
E{Mz} = ME{z} (4.36)

4.6.2 Variance and covariance in one dimension

The variance of a random variable is defined as
var(z)) = E{Z} — (E{z1})? (4.37)

This can also be written vém ) = E{(Z — E{z})?}, which more clearly shows
how variance measures average deviation from the mean.value

When we have more than one random variable, it is useful ttya@éhecovari-
ance

cov(z1,2) = E{z1} —E{z1}E{%} (4.38)

which measures how well we can predict the value of one of #m@ables using a
simple linear predictor, as will be seen below.
The covariance is often normalized to yield the correlatioafficient

cov(z1,2p)

COrM(zy,2)) = ————220
21,2) var(zi)var(z)

(4.39)

which is invariant to the scaling of the variables, i.e. ihig changed if one or both
of the variables is multiplied by a constant.

If the covariance is zero, which is equivalent to saying thatcorrelation coef-
ficient is zero, the variables are said tolreorrelated

4.6.3 Covariance matrix

The variances and covariances of the elements of a randotoreare often col-
lected to acovariance matrixwvhosei, j-th element is simply the covariance nf
andz;:

cov(z;,21) COV(Z1,2p) ... COM(Z1,2Zn)

)= cov(z:z,zl) CoV(22,27) cov(z:z,zq) (4.40)

COV(Zn,21) COV(Zn,22) ... COV(Zn, Zn)
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Note that the covariance @ with itself is the same as the variancezfSo, the
diagonal of the covariance matrix gives the variances. Tvarance matrix is ba-
sically a generalization of variance to random vectors: angncases, when moving
from a single random variable to random vectors, the comagamnatrix takes the
place of variance.

In matrix notation, the covariance matrix is simply obtalres a generalization
of the one-dimensional definitions in Equations (4.38) ahd@7%) as

C(z) =E{zZ'} —E{z}E{z}" (4.41)

where taking the transposes in the correct places is eakdntimost of this book,
we will be dealing with random variables whose means are, zenohich case the
second term in Equation (4.41) is zero.

If the variables are uncorrelated, the covariance matriiagjonal. If they are
all further standardized to unit variance, the covarianegrix equals the identity
matrix.

The covariance matrix is the basis for the analysis of natorages in the next
chapter. However, in many further chapters, the covarianaix is not enough,
and we need further concepts, such as independence, so déonesderstand the
connection between these concepts.

4.6.4 Independence and covariances

A most important property oindependentandom variableg; andz is that the
expectation of any product of a function nf and a function of is equal to the
product of the expectations:

E{01(21)92(2)} = E{01(z1) }E{92(2) } (4.42)

for any functionsg; andg,. This implies thaindependent variables are uncorre-
lated, since we can takg;(z) = g2(z) = z, in which case Eq. (4.42) simply says that
the covariance is zero.

Example 10 In the standardized gaussian distribution in Equation)(4n@ means
of bothz; andz, are zero, and their variances are equal to one (we will nototry
prove this here). Actually, the word “standardized” meaxactly that the means
and variances have been standardized in this way. The emeatoyz;,z,) equals
zero, because the variables are independent, and thuselaced.

Example 11 What would be the covariance af andz, in our example pdf in
Eq. (4.7)? First, we have to compute the means. Without ctéingpany integrals,
we can actually see thBt{z; } = E{z} = 0 because of symmetry: both variables are
symmetric with respect to the origin, so their means are.Zeis can be justified as
follows: take a new variablg = —z;. Because of symmetry of the pdf with respect
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to zero, the change of sign has no effect and the pdgfisfust the same as the pdf
of z;. Thus, we have

E{y} =E{-z} =-E{z} =E{z} (4.43)

which implies thaE{z } = 0. Actually, the covariance is zero because of the same
kind of symmetry with respect to zero. Namely, we have (§m) = cov(z1,2)
because again, the change of sign has no effect and the girdfpy,z is just

the same as the pdf @f,z. This means ca¥,z) = E{(-z)z} = —-E{z1zn} =
E{z2z}. This obviously implies that the covariance is zero. Theac@nce matrix

of the vectorz is thus diagonal (we don’t bother to compute the diagonahelss,
which are the variances).

Example 12 Let’s have a look at a more classical example of covariarfcesime
thatzy has mean equal to zero and variance equal to one. Assume (anhoise”
variable) is independent fromy. Let us consider a variab® which is a linear
function ofx, with noise added:

p=az+n (4.44)

What is the covariance of the two variables? We can calculate

cov(z1,2) = E{zi(az +n)} + 0 x E{z} = aE{Z} + E{zin}
=a+E{z}E{n}=a+0xE{zs} =a (4.45)

Here, we have the equality{zin} = E{zy}E{n} because of the uncorrelatedness
of z7 andn, which is implied by their independence. A scatter plot oftsdata,
created for parametex set at 05 and with noise variance var) = 1, is shown in
Fig. 4.6. The covariance matrix of the vecioe (z,2) is equal to

C(z) = (; i‘) (4.46)

Example 13 White noisaefers to a collection of random variables which are in-
dependent and have the same distribution. (In some sownckys,ncorrelatedness
is required, notindependence, but in this book the defimitiowhite noise includes
independence.) Depending on the context, the variabldd beuthe value of noise
at different time pointsi(t), or at different pixelN(x,y). In the first case, white
noise in the system is independent at different time pointse latter, noise at dif-
ferent pixels is independent. When modelling physical @oighich can be found in
most measurement devices, it is often realistic and mathieatls simple to assume
that the noise is white.
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/R 0 2 4

Fig. 4.6: A scatter plot of the distribution created by th@eledence relation in Equation (4.44)

4.7 Bayesian inference

Bayesian inference is a framework that has recently beeneasagly applied to
model such phenomena as perception and intelligence. @hete/o viewpoints on
what Bayesian inference is.

1. Bayesian inference attempts to infer underlying caudasnwve observe their
effects.

2. Bayesian inference uses prior information on parameteder to estimate
them better.

Both of these goals can be accomplished by using the cedégbBatyes’ formula,
which we will now explain.

4.7.1 Motivating example

Let us start with a classic example. Assume that we have daeatrare genetic
disorder. The test s relatively reliable but not perfeci: & patient with the disorder,
the probability of a positive test result is 99%, whereasdqratient without the
disorder, the probability of a positive test is only 2%. Letdenote the test result by
t and the disorder bgt. A positive test result is expressedtas 1 and a negative one
ast =0. Likewise,d = 1 means that the patient really has the disorder, wherea3
means the patients doesn’t. Then, the specifications wegavet can be expressed
as the following conditional probabilities:

Pt=1/d=1)=.99 (4.47)
Pt=1|d=0)=.02 (4.48)
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Because probabilities sum to one, we immediately find thieviahg probabilities
as well:

Pt=0ld=1)=.01 (4.49)
P(t=0|d=0)=.98 (4.50)

Now, the question we want to answer @Given a positive test result, what is the
probability that the patient has the disordekhowing this probability is, of course,
quite important when applying this medical test. Basically then want to compute
the conditional probability of the formp(d = 1|t = 1). The order of the variables in
this conditional probability is reversed from the formuédmve. This is because the
formulas above gave us the observable effects given thesabist now we want to
know the causes, given observations of their effects.

To find that probability, let’s try to use the definition in E¢.23)

Pd=1t=1)

Pd=1|t=1)= Pi=1) (4.51)
which presents us with two problems: We know neither the d@nator nor the nu-
merator. To get further, let's assume we know the margirstidutionP(d). Then,
we can easily find the numerator by using the definition of émthl probability

Pd=1t=1)=Pt=1|d=1)P(d=1) (4.52)

and after some heavy thinking, we see that we can also corttputienominator in
Eqg. (4.51) by using the formula for marginal probability:

Pt=1)=Pd=1t=1)+P(d=0t=1) (4.53)

which can be computed once we know the joint probabilitie$4§2) and its cor-
responding version witd = 0. Thus, in the end we have
Pt=1|/d=1)Pd=1)

PA=1t=1= s=q[a=pa=1 1 Pe=1jd=op@=0 %

So, we see that the key to inferring the causes from obsefffect®is to know
the marginal distribution of the causes, in this c&d). This distribution is also
called theprior distribution ofd, because it incorporates our knowledge of the cause
d prior to any observations. For example, let's assumi@@of the patients given
this test have the genetic disorder. Then, before the tesbest guess is that a
given patient has the disorder with the probability dd@L. However, after making
the test, we have more information on the patient, and tHatrimation is given
by the conditional distributiofP(d |t = 1) which we are trying to compute. This
distribution, which incorporates both our prior knowledged and the observation
of t, is called theposteriorprobability.

To see a rather surprising phenomenon, let us plug in the evalu
P(d = 1) = 0.001 as the prior probability of disorder in Equation (4.5%hen,
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we can calculate

0.99x0.001

PA=1[t=1) = 559 0,001+ 0.02x (1—0.001)

~0.05 (4.55)

Thus, even after a positive test result, the probability the patient has the disorder
is approximately 5%. Many people find this quite surprisingcause they would
have guessed that the probability is something like 99%hagest gives the right
result in 99% of the cases.

This posterior probability depends very much on the priatability. Assume
that half the tested patients actually have the disofé@,= 1) = 0.5. Then the
posterior probability is 99%. This prior actually gives usinformation because the
chances are 50-50, and the 99% accuracy of the test is glisseth in the posterior
probability.

Thus, in cases where the prior assigns very different priibab to different
causes, Bayesian inference shows that the posterior piibleslof the causes can
be very different from what one might expect by just lookindghe effects.

4.7.2 Bayes’' Rule

The logic of the previous section was actually the proof & tielebrated Bayes’
rule. In the general case, we consider a continuous-valaedom vectors that
gives the causes andhat gives the observed effects. The Bayes’ rule then tdilees t

form

p(s|z) = - PEIIPLS (4.56)

I'p(z|s) ps(s)ds
which is completely analogous to Eq. (4.54) and can be deiivehe same way.
This is the Bayes’ rule, in one of its formulations. It givee tposterior distribution
of shased on its prior distributiop(s) and the conditional probabilitiqgz|s). Note
that instead of random variables, we can directly use vedatathe formula without
changing anything.
To explicitly show what is random and what is observed in Bayge, we should

rewrite it as (alb) ps(b)
pz\s a Ps
=) = T alu () du

wherep,s(alb) is the conditional probability(z = ajs= b), ais the observed value
of z, andb is a possible value of This form is, of course, much more difficult to
read than Eq. (4.56).

In theoretical treatment, Bayes rule can sometimes be Biethbecause the de-
nominator is actually equal tp(z), which gives

P(z[s) ps(s)

e (4.58)

p(s|z) =
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However, in practice we usually have to use the form in Ec&¥because we do
not know how to directly computp,.

The prior ps contains the prior information on the random variakl&@he con-
ditional probabilitiesp(z|s) show the connection between the observed quantity
(the “effect”) and the underlying variab$g(the “cause”).

Where do we get the prior distributiop(s)? In some caseq(s) can be esti-
mated, because we might be able to observe the origimalthe medical example
above, the prior distributiop(d) can be estimated if some of the patients are sub-
jected to additional tests which are much more accurates (tisually much more
expensive) so that we really know for sure how many of thegpési have the dis-
order. In other cases, the prior might be formulated morgestibely, based on the
opinion of an expert.

4.7.3 Non-informative priors

Sometimes, we have no information on the prior probabdiie Then, we should
use a non-informative prior that expresses this fact. Irctse of discrete variables,
a non-informative prior is one that assigns the same prdibatn all the possible
values ofs (e.g. 50% probability of a patient to have the disorder oj.not

In the case of continuous-valued priors defined in the wredélne[—oo, o], the
situation is a bit more complicated. If we take a “flat” pdftieaconstantp(s) = c,
it cannot be a real pdf because the integral of such a pdf iwt@fjor zero ifc = 0).
Such a prior is called improper. Still, they can often be useBayesian inference
even though the non-integrability may pose some theotgirchlems.

What happens in the Bayes rule if we take such a flat, non+imdtive prior? We
get

_plzlsc _ plz|s)

I'p(z|s)cds [ p(z|s)ds
The denominator does not dependofthis is always true in Bayes'’ rule), so we
see thap(s|z) is basically the same qf(z|s); it is just rescaled so that the integral
is equal to one. What this shows is that if we have no inforomatin the prior
probabilities, the probabilities of effects given the aagiare simply proportional to
the probabilities of causes given the effects. Howevehéf prior p(s) is far from
flat, these two probabilities can be very different from eater, as the example
above showed in the case where the disorder is rare.

p(s|z) (4.59)

4.7.4 Bayesian inference as an incremental learning proses

The transformation from the prior probabilipys) to p(s|z) can be compared to an
incremental (on-line) learning process where a biologzghnism receives more
and more information in an uncertain environment.
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In the beginning, the organism’s belief about the value ofuantity s is the
prior probability p(s). Here we assume that the organism performs probabilistic
inference: the organism does not “think” that it knows thiieaf s with certainty;
rather, it just assigns probabilities to different valisamight take. This does not
mean that we assume the organism is highly intelligent armvknBayes’ rule.
Rather, we assume that the neural networks in the nervotensyf the organism
have evolved to perform something similar.

Then, the organism receives information via sensory orgassnilar means. A
statistical formulation of “incoming information” is théfhe organism observes the
value of a random variablg.. Now, the belief of the organism is expressed by the
posterior pdfp(s|z1). This pdf gives the probabilities that the organism assigns
different values os.

Next, assume that the organism observes another pieceasfafion, sayz,.
Then the organism’s belief is changedd(®| z1, z)

p(s|22,22) — PELZ2[IPE) (4.60)

P(z1,22)

Assume further that, is independent frorz; givens, which mean$(zi,z,|s) =
p(z1|s)p(zz|s) (see Sec. 4.5 for more on independence). Then, the poskesior

womes (2219p(z:| 9P(S) _ plz2l9) p(zal9p(S)
P(Z1S)P(22]S)P(S) _ P(Z2]S) P(Z1]S)P(S
S|z1,20) = = 4.61
Pon 2 = e b P pa) (@64
Now, the expressiop(z1 |s)p(s)/p(z1) is nothing but the posteriqu(s|z;) that the
organism computed previously. So, we have

P(2|s)p(s|z1)
p(z2)

The right-hand side is just like the Bayes’ Rule appliedandz, but instead of the
prior p(s) it hasp(s|z1). Thus, the new posterior (after observing is computed
as if the previous posterior were a prior

This points out an incremental learning interpretation af/@s rule. When the
organism observes new information (new random variables)pdates its belief
about the world by the Bayes rule, where the current belitfken as the prior, and
the new belief is computed as the posterior. This is illusttan Fig. 4.7

Such learning can happen on different time scales. It coalthhts is a very
slowly changing parameter, say, the length of the arms (natdes) of the organism.
In that case, the organism can collect a large number of gatens over time, and
the belief would change very slowly. The first “prior” beligfat the organism may
have had before collection of any data, eventually losesigsificance (see next
section).

On the other hand could be a quantity that has to be computed instantaneously,
say, the probability that the animal in front of you is tryit@geat you. Then, only
a few observed quantities (given by the current visual inpu¢ available. Such

p(s|z1,22) = (4.62)
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Replace prior by posterior

Observe new z

»

Prior p(s) | Posterior p(s|z)

Fig. 4.7: Computation of posterior as an incremental legymrocess. Given the current prior, the
organism observes the inpytand computes the posteripfs|z). The prior is then replaced by this
new posterior, which is used as the prior in the future.

inference can then be heavily influenced by the prior infafomethat the organism
has at the moment of encountering the animal. For examptleeibnimal is small

and cute, the prior probability is small, and even if the aadiseems to behaves in
an aggressive way, you will probably infer that it is not ggio try to eat you.

4.8 Parameter estimation and likelihood

4.8.1 Models, estimation, and samples

A statistical modetiescribes the pdf of the observed random vector using a numbe
of parameters. The parameters typically have an intuititerpretation; for exam-
ple, in this book, they often define image features. A modeascally a conditional
density of the observed data variali¥z| o), wherea is the parameter. The param-
eter could be a multidimensional vector as well. Differealues of the parameter
imply different distributions for the data, which is why $htan be thought of as a
conditional density.

For example, consider the one-dimensional gaussian pdf

1 1 )
p(z|a) \/ﬁexp( 2(2 a)) (4.63)
Here, the parameter has an intuitive interpretation as the mean of the distidiut
Given a, the observed data variabiethen takes values aroura, with variance
equal to one.

Typically, we have a large number of observations of the ocamd/ariablez,
which might come from measuring some phenomendimes, and these obser-
vations are independent. The set of observations is cabadwlen statistics? So,
we want to use all the observations to better estimate thenpeters. For example,

2 In signal processing, sampling refers the process of reduaicontinuous signal to a discrete
signal. For example, an imadéx,y) with continuous-valued coordinatesandy is reduced to a
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in the model in (4.63), it is obviously not a very good idea stirmate the mean of
the distribution based on just a single observation.

Estimationhas a very boring mathematical definition, but basicallyétams that
we want to find a reasonable approximation of the value of Hrampeter based on
the observations in the sample. A method (a formula or arrigfgn) that estimates
o is called an estimator. The value given by the estimator foagicular sample is
called an estimate. Both are usually denoted by adat:

Assume we now have a sample mbbservations. Let us denote the observed
values byz(1),z(2),...,z(n). Because the observations are independent, the joint
probability is simply obtained by multiplying the probabés of the observations,
so we have

p(z(1),2(2),...,z(n)|a) = p(z(1)[a) x p(Z(2) |a) x ... x p(z(n) [a) ~ (4.64)

This conditional density is called tHielihood It is often simpler to consider the
logarithm, which transforms products into sums. If we take lbgarithm, we have
the log-likelihood as

logp(z(1),2(2),...,z(n)|a) =logp(z(1) |a) +logp(z(2)|a) +...
+logp(z(n)|a) (4.65)

4.8.2 Maximum likelihood and maximum a posteriori

The question is then, How can we estimat®In a Bayesian interpretation, we can
consider the parameters as “causes” in Bayes’ rule, andlibereed data are the
effects. Then, the estimation of the parameters means ghabmpute the posterior
pdf of the parameters using Bayes rule:

p(z(1)....z(n)|a)p(a)
p(z(1)...,2(n))
In estimating parameters of the model, one usually takeg pritar, i.e. p(a) = c.

Moreover, the ternp(z(1)...,z(n)) does not depend om, it is just for normaliza-
tion, so we don't need to care about its value. Thus, we sde tha

p(a]z(l)...,z(n)) = (4.66)

p(alz1)...,z(n)) = p(z(1),2(2),...,z(n)| a) x const. (4.67)

the posterior of the parameters is proportional to the iliiad in the case of a flat
prior.

Usually, we want a single value as an estimate. Thus, we lbas@behow sum-
marize the posterior distributiop(a | z(1)...,z(n)), which is a function ofnr. The

finite-dimensional vector in which the coordinateandy take only a limited number of values
(e.g. as on arectangular grid). These two meanings of thd {gample” need to be distinguished.



90 4 Multivariate probability and statistics

most widespread solution is to use the valuerdhat gives the highest value of the
posterior pdf. Such estimation is callethximum a posterio(MAP) estimation.

In the case of a flat prior, the maximum of the posterior disifion is obtained at
the same point as the maximum of the likelihood, becauskHiked is then propor-
tional to the posterior. Thus, the estimation is then catfedmaximum likelihood
estimator If the prior is not flat, the maximum a posteriori estimatcayrbe quite
different from the maximum likelihood estimator.

The maximum likelihood estimator has another intuitiveeiptetation: it gives
the parameter value that gives the highest probability ierabserved data his in-
terpretation is slightly different from the Bayesian imgestation that we used above.

Sometimes the maximum likelihood estimator can be comployeal simple al-
gebraic formula, but in most cases, the maximization hastddne numerically.
For a brief introduction to optimization methods, see Chaf8.

Example 13 In the case of the model in Eq. (4.63), we have
logp(z|a) = —%(z—a)2+const. (4.68)

where the constant is not important because it does not deprea. So, we have
for a sample

logp(z(1),2(2), .., 2(n) |a) = _% j (2i)—a)2+const.  (4.69)

It can be shown (this is left as an exercise) that this is medthby

a = z(i) (4.70)
Thus, the maximum likelihood estimator is given by the ageraf the observed

values. This is not a trivial result: in some other models, thaximum likelihood
estimator of such a location parameter is given by the median

Example 14 Here's an example of maximum likelihood estimation with ssle
obvious result. Consider the exponential distribution

p(zja) = aexp(—az) (4.71)

wherezis constrained to be positive. The parametetetermines how likely large
values are and what the mean is. Some examples of this pdfianasn Fig. 4.8.
The log-pdf is given by

logp(Za) =loga — az (4.72)

so the log-likelihood for a sample equals
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n

logp(z(1),2(2),...,z(n)|a) =nloga — a _le(i) (4.73)

To solve for thea which maximizes the likelihood, we take the derivative asth
with respect tax and find the point where it is zero. This gives

n n
——32z(i)=0 (4.74)
a i;
from which we obtain 1
G=—— (4.75)
E3naz(i)

So, the estimate is the reciprocal of the mean ofztimethe sample.

0 12 3

Fig. 4.8: The exponential pdf in Equation (4.71) plotted ttree different values ofr, which is
equal 1,2, or 3. The value af is equal to the value of the pdf at zero.

4.8.3 Prior and large samples
If the prior is not flat, we have the log-posterior

logp(a|z(1),2(2),...,2(n))

= log p(a; +logp(z(1)|a)+logp(z(2)|a)+...+logp(z(n)| a) + const.
(4.76)

which usually needs to be maximized numerically.

Looking at Equation (4.76), we see an interesting phenomenbenn grows
large, the prior loses its significance. There are more ancertems in the like-
lihood part, and, eventually, they will completely detemmithe posterior because
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the single prior term will not have any influence anymore. thes words, when
we have a very large sample, the data outweighs the priorrivdtion. This phe-
nomenon is related to the learning interpretation we dsedsbove: the organism
eventually learns so much from the incoming data that ther fplief it had in the
very beginning is simply forgotten.

4.9 References

Most of the material in this chapter is very classic. Mosttafan be found in ba-
sic textbooks to probability theory, while Section 4.8 canfbund in introductory
textbooks to the theory of statistics. A textbook coverinthbareas is (Papoulis and
Pillai, 2001). Some textbooks on probabilistic machinenaay also cover all this
material, in particular (Mackay, 2003; Bishop, 2006).

4.10 Exercices

Mathematical exercises

1. Show that a conditional pdf as defined in Eq. (4.15) is prigp®rmalized, i.e.
its integral is always equal to one.

2. Compute the mean and variance of a random variable digtdbuniformly in
the interval[a, b] (b > a).

3. Considem scalar random variables, i = 1,2,...,n, having, respectively, the
variancesaxzi. Show that if the random variablgsare all uncorrelated, the vari-
ance of their sum equals the sum of their variances

n
2 2
o, = oy 4.77)
v =2 %

4. Assume the random vectrrhas uncorrelated variables, all with unit variance.
Show that the covariance matrix equals the identity matrix.

5. Take a linear transformation afin the preceding exercisg:= Mx for some
matrix M. Show that the covariance matrix pequalsMM T.

6. Show that the maximum likelihood estimator of the mean géassian distribu-
tion equals the sample average, i.e. Eq. (4.70).

7. Next we consider estimation of the variance parametegggssian distribution.
We have the pdf

2
p(z|lo) = ﬁexp(—ﬁ) (4.78)
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Formulate the likelihood and the log-likelihood, given angde z(1),...,z(n).
Then, find the maximum likelihood estimator far

Computer assignments

1. Generate 1,000 samples of 100 independent observafi@engaussian variable
of zero mean and unit variance (e.g. with Matlakémdn function). That is,
you generate a matrix of size 10@0L00 whose all elements are all independent
gaussian observations.

a. Compute the average of each sample. This is the maximefihliod estima-
tor of the mean for that sample.

b. Plot a histogram of the 1,000 sample averages.

c. Repeat all the above, increasing the sample size to 11Dl 0,000.

d. Compare the three histograms. What is changing?

2. Generate a sample of 10,000 observations of a two-dimealsiandom vector
x with independent standardized gaussian variables. Pt @agervation in a
column and each random variable in a row, i.e. you havexal@000 matrix,
denote it byX.

a. Compute the covariance matrix of this samplexp&.g. by using thesov
function in Matlab. Note that the transpose convention irtl&tais different
from what we use here, so you have to applydbe function of the transpose
of X. Compare the result with the theoretical covariance mdtixat is its
value?)

b. Multiply x (or in practice X) from the left with the matrix

23
A= (0 1) (4.79)

Compute the covariance matrix Ak. Compare withAA T
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Chapter 5
Principal components and whitening

The most classical method of analyzing the statisticalcttine of multidimen-
sional random data is principal component analysis (PCA)chvis also called the
Karhunen-Loeve transformation, or the Hotelling tramsfation. In this chapter we
will consider the application of PCA to natural images. Ithwe found that it is not a
successful model in terms of modelling the visual systenwél@r, PCA provides
the basis for all subsequent models. In fact, before apglsie more successful
models described in the following chapters, PCA is ofteriapmas a preprocessing
of the data. So, the investigation of the statistical strreebf natural images must
start with PCA.

Before introducing PCA, however, we will consider a very glemand funda-
mental concept: the DC component.

5.1 DC component or mean grey-scale value

To begin with, we consider a simple property of an image patsfdC component.
The DC component refers to the mean grey-scale value of #edspgn an image or
an image patch.It is often assumed that the DC component does not contain int
esting information. Therefore, it is often removed from iimage before any further
processing to simplify the analysis. Removing the DC conembithus means that
we preprocess each image (in practice, image patch) asviollo

00) = 100y) = 3 1) 5.1)

wheremis the number of pixels. All subsequent computations woshtusd .

1 The name "DC” comes from a rather unrelated context in eleitengineering, in which it
originally meant “direct current” as opposed to “altermgticurrent”. The expression has become
rather synonymous with “constant” in electrical enginegri

97
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In section 1.8, we looked at the outputs of some simple featetectors when the
input is natural images. Let us see what the effect of DC rexhiewon the statistics
of these features; the features are depicted in Fig. 1.1@&ge RO. Let us denote the
output of a linear feature detector with weighigx,y) by s:

Xy

The ensuing histograms of tlsg for the three detectors when input with natural
images, and after DC removal, are shown in Fig. 5.1. Compawith Fig. 1.11 on
page 20, we can see that the first histogram changes radiehbye as the latter two
do not. This is because the latter two filters were not affébtethe DC component
in the first place, which is because the sum of their weightapasoximately zero:
YxyW(x,y) = 0. Actually, the three histograms are now more similar tcheatber:
the main difference is in the scale. However, they are by nanaédentical, as will
be seen in the analyses of this book.

The effect of DC component removal depends on the size ofntiagé patch.
Here, the patches were relatively small, so the removal hizdge effect on the
statistics. In contrast, removing the DC component from lwhmages has little
effect on the statistics.

In the rest of this book, we will assume that the DC componastieen removed
unless otherwise mentioned. Removing the DC componentasms that the mean
of anysis zero; this is intuitively rather obvious but needs sonmsagtions to be
shown rigorously (see Exercises). Thus, in what follows Wallsassume that the
mean of any featurgis zero.

a) 8000, b) 8000, C) 10000y

6000 6000 8000
6000
4000 4000
4000

2000 2000 2000

94 -2 0 2 4 6 *910 -20 0 20 40 *‘iO -5 0 5 10

Fig. 5.1: Effect of DC removal. These are histograms of thiputs of the filters in Fig. 1.10 when
the output is natural images whose DC component has beerveeimioeft: output of Dirac filter,
which is the same as the histogram of the original pixels gewes. Center: output of grating
feature detector. Right: output of edge detector. The saafi¢he axes are different from those in
Fig. 1.10.

Some examples of natural image patches with DC componeioueairare shown
in Figure 5.2. This is the kind of data analyzed in almost fthe rest of this book.
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Fig. 5.2: Some natural image patches, with DC componentvetho

5.2 Principal component analysis

5.2.1 A basic dependency of pixels in natural images

The point in PCA is to analyze the dependencies of the pixey-gcale values
I(x,y) andl(X,y) for two different pixel coordinate pair&,y) and(X,y’). More
specifically, PCA considers the second-order structureadfinal images, i.e. the
variances and and covariances of pixel valL(gsy).

If the pixel values were all uncorrelated, PCA would havehinag to analyze.
Even a rudimentary analysis of natural images shows, hawthat the pixel val-
ues are far from independent. It is intuitively rather cléaat natural images are
typically smoothin the sense that quite often, the pixel values are very amil
two near-by pixels. This can be easily demonstrated by desgaibt of the pixel
values for two neighbouring pixels sampled from naturalges This is shown in
Figure 5.3. The scatter plot shows that the pixels are catedl In fact, we can com-
pute the correlation coefficient (Equation 4.39), and ihtuout to be approximately
equal to 0.9.

Actually, we can easily compute the correlation coefficgarfta single pixel with
all near-by pixels. Such a plot is shown in grey-scale in Big, both without re-
moval of DC component (in a) and with DC removal (in b). We $&d the correla-
tion coefficients (and, thus, the covariances) fall off witbreasing distance. These
two plots, with or without DC removal, look rather similardsaise the plots use
different scales; the actual values are quite different.cafe take one-dimensional
cross-sections to see the actual values. They are showg.iB.Bic) and d). We see
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that without DC removal, all the correlation coefficients atrongly positive. Re-
moving the DC components reduces the correlations to soteatexnd introduces
negative correlations.

a) ° b) ¢

% 2 o 2 4 6 4 2 o 2 4
Fig. 5.3: Scatter plot of the grey-scale values of two neghilmg pixels.a) Original pixel values.

The values have been scaled so that the mean is zero and ilweceaoneb) Pixel values after
removal of DC component in a 3232 patch.

5.2.2 Learning one feature by maximization of variance

5.2.2.1 Principal component as variance-maximizing feate

The covariances found in natural images pixel values cambi/zed by PCA. In
PCA, the pointis to find linear features that explain mosheftariance of the data.

It is natural to start the definition of PCA by looking at thdid&ion of the first
principal component. We consider the variance of the output

var(s) = E{s’} — (E{s})*=E{s’} (5-3)

where the latter equality is true becawsdeas zero mean.

Principal components are featurethat contain (or “explain”) as much of the
variance of the input data as possible. It turns out that theuat of variance ex-
plained is directly related to the variance of the featusewéll be discussed in
Section 5.3.1 below. Thus, the first principal componenteingd as the feature, or
linear combination of the pixel values, which has the maxmvariance. Finding a
feature with maximum variance can also be considered istiagein its own right.
The ideais to find the “main axis” of the data cloud, whichligstrated in Fig. 5.5.

Some constraint on the weigh®d, which we call theprincipal component
weights must be imposed as well. If no constraint were imposed, tagimum
of the variance would be attained whd@hbecomes infinitely large (and the mini-
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a) b)

$5 0 5 0 5 10 15 5 10 5 0 5 10 15

Fig. 5.4: The correlation coefficients of a pixel (in the migdwith all other pixelsa) For original
pixels. Black is small positive and and white is obg After removing DC component. The scale
is different from a): black is now negative and white is pluga) A cross-section of a) in 1D to
show the actual valued) A cross-section of b) in 1D.

Fig. 5.5: lllustration of PCA. The principal component ofditartificial) two-dimensional data is
the oblique axis plotted. Projection on the principal axiplains more of the variance of the data

than projection on any other axis.
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mum would be attained when all thé(x,y) are zero). In fact, just multiplying all
the weights inW by a factor of two, we would get a variance that is four times
as large, and by dividing all the coefficients by two the vacm decreases to one
quarter.

A natural thing to do is to constrain the norm\bft

Wi =[S Wxy)? (5.4)
Xy

For simplicity, we constrain the norm to be equal to one, Inyt@her value would
give the same results.

5.2.2.2 Learning one feature from natural images

What is then the feature detector that maximizes the vagiafiche output, given
natural image input, and under the constraint that the ndrtiheodetector weights
equals one? We can find the solution by taking a random sanfpieage patches.
Let us denote by the total number of patches used, and{gach patch, where
is an index that goes from 1 . Then, the expectation af can be approximated
by the average over this sample. Thus, we maximize

2
T Z (ZW (X, ¥)lt (x y)) (5.5)

with respect to the weights W(x,y), while constraining the values 9¥(x,y) so
that the norm in Equation (5.4) is equal to one. The comparaif the solution is
discussed in Section 5.2.4.

Typical solutions for natural images are shown in Fig. 5.8e Teature detector
is an object of the same size and shape as an image patchasdi¢ plotted as an
image patch itself. To test whether the principal compomeights are stable, we
computed it ten times for differentimage samples. It candemghat the component
is quite stable.

Fig. 5.6: The feature detectors giving the first principaimgmnent of image windows of size
32 x 32, computed for ten different randomly sampled dataséesntdrom natural images. The
feature detector is grey-scale-coded so that the greg-sedle of a pixel gives the value of the
coefficient at that pixel. Grey pixels mean zero coefficielgt-grey or white pixels are positive,
and dark-grey or black are negative.
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5.2.3 Learning many features by PCA

5.2.3.1 Defining many principal components

One of the central problems with PCA is that it basically giealy one well-defined
feature. It cannot be extended to the learning of many featira very meaningful
way. However, if we want to model visual processing by PCAyauld be absurd
to compute just a single feature which would then be supptusadalyze the whole
visual scene.

Definition Typically, the way to obtain many principal components isab{de-
flation” approach: After estimating the first principal cooment, we want to find
the feature of maximum varianemder the constrainthat the new feature must be
orthogonalto the first one (i.e. the dot-product is zero, as in Equatid).5This
will then be called the second principal component. Thixpdure can be repeated
to obtain as many components as there are dimensions in thespace. To put
this formally, assume that we have estimakgatincipal components, given by the
weight vectordh\y,Ws ... \W. Then thek+ 1-th principal component weight vector
is defined by

maxvar (X, Y)W(X,Y) (5.6)
under the constraints
W= [SWixy?=1 (5.7)
Xy
ZV\/j(x,y)W(x,y) =0forallj=1,...,k (5.8)

Xy

An interesting property is that any two principal comporsesrte uncorrelated, and
not only orthogonal. In fact, we could change the constrairthe definition to
uncorrelatedness, and the principal components wouldésaime.

Critique of the definition This classic definition of many principal components
is rather unsatisfactory, however. There is no really gamtification for thinking
that the second principal component corresponds to sontgthieresting: it is not

a feature that maximizes any property in itself. It only nmaizes the variance not
explained by the first principal component.

Moreover, the solution is not quite well defined, since fotunal images, there
are many principal components that give practically theesaaniance. After the first
few principal components, the differences of the variarndekfferent directions get
smaller and smaller. This is a serious problem for the follfmrreason. If two prin-
cipal components, sayands;, have the same variance, then any linear combination
01S + gzsj has the same variance as welind the weightsW (x,y) + QW (X, Y)

2 This is due to the fact that the principal components are wetzied, see Section 5.8.1.
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fulfill the constraints of unit norm and orthogonality, if mermalize the coefficients
g1 andgp so thatq% + q% = 1. So, not only we cannot say what is the order of the
components, but actually there is an infinite number of diffé components from
which we cannot choose the “right” one.

In practice, the variances of the principal components ateeractly equal due
to random fluctuations, but this theoretical result meaas tthe principal compo-
nents are highly dependent on those random fluctuationfelparticular sample
of natural images that we are using, the maximum variandbggonal to previous
components) can be obtained by any of these linear combigfihus, we cannot
really say what the 100th principal component is, for exampkcause the result
we get from computing it depends so much on random samplfiegtef This will
be demonstrated in the experiments that follow.

5.2.3.2 All principal components of natural images

The first 320 principal components of natural images pateltesshown in Fig-
ure 5.7, while Figure 5.9 shows the variances of the prindpmponents. For lack
of space, we don't show all the components, but it is obvioosfthe figure what
they look like. As can be seen, the first couple of featuremsgeite meaningful:
they are oriented, something like very low-frequency edgfectors. However, most
of the features given by PCA do not seem to be very interestinact, after the
first, say, 50 features, the rest seem to be just garbage. dileelpcalized in fre-
qguency as they clearly are very high-frequency featuresié¥er, they do not seem
to have any meaningful spatial structure. For example, #neyot oriented.

In fact, most of the features do not seem to be really well éefiior the reason
explained in the previous section: the variances are toiesifor different features.
For example, some of the possible 100th principal companémtdifferent random
sets of natural image patches, are shown in Figure 5.8. Titora changes in the
component are obvious.

5.2.4 Computational implementation of PCA

In practice, numerical solution of the optimization prahlerhich defines the prin-
cipal components is rather simple and based on what is ctiledigenvalue de-
composition We will not go into the mathematical details here; they carfdund
in Section 5.8.1. Briefly, the computation is based on thiefahg principles

1. The variance of any linear feature as in Equation (5.2)miomputed if we
just know the variances and covariances of the image pixels.

2. We can collect the variances and covariances of imagédsgixa single matrix,
called thecovariance matrixas explained in Section 4.6.3. Each entry in the ma-
trix then gives the covariance between two pixels—variassanply covariance
of a pixel with itself.
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Fig. 5.7: The 320 first principal components weighff image patches of size 3232. The order
of decreasing variances is left to right on each row, and adpottom.

Fig. 5.8: Ten different estimations of the 100th principahmponent of image windows of size
32x 32. The random image sample was different in each run.
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B 500 1000 1500

Fig. 5.9: The logarithms of the variances of the principahponents for natural image patches,
the first of which were shown in Fig. 5.7.

3. Any sufficiently sophisticated software for scientifiogoutation is able to com-
pute the eigenvalue decomposition of that matrix. (Howebheramount of com-
putation needed grows fast with the size of the image pattithe patch size
cannot be too large.)

4. As aresult of the eigenvalue decomposition we get twagkhifrirst, thesigen-
vectors which give theA, which are the principal component weights. Second,
theeigenvalueswhich give the variances of the principal componentSo, we
only need to order the eigenvectors in the order of descgnelgenvalues, and
we have computed the whole PCA decomposition.

5.2.5 The implications of translation-invariance

Many of the properties of the PCA of natural images are duetécpéar property of
the covariance matrix of natural images. Namely, the cavexé for natural images
is translation-invariant, i.e. it depends only on the dis&a

cov(l (xY),1(X.Y)) = f(x=X)?+(y-Y¥)?) (5.9)

for some functionf. After all, the covariance of two neighbouring pixels is not
likely to be any different depending on whether they are @nl¢fit or the right side
of the image. (This form of translation-invariance shoutd be confused with the
invariances of complex cells, discussed in Section 3.4d2CGimapter 10).



5.3 PCA as a preprocessing tool 107

The principal component weight® (x,y) for a covariance matrix of this form
can be shown to always have a very particular form: they amessiids:

W (x,y) = sin(ax+ by+c) (5.10)

for some constants b, ¢ (the scaling is arbitrary so you could also multifglfwith
a constantl). See Section 5.8.2 below for a detailed mathematical arsalyhich
proves this.

The constants andb determine the frequency of the oscillation. For example,
the first principal components have lower frequencies thandter ones. They also
determine the orientation of the oscillation. It can be sieeffig. 5.7 that some of
the oscillations are oblique while others are vertical andzontal. Some have os-
cillations in one orientation only, while others form a kioficheckerboard pattern.
The constant determines the phase.

The variances associated with the principal componensst#iLhow strongly the
frequency of the sinusoid is present in the data, which isadiorelated to computing
the power spectrum of the data.

Because of random effects in the sampling of image patchésamputation
of the covariance matrix, the estimated feature weightsnateexactly sinusoids.
Of course, just the finite resolution of the images makes td#éfarent from real
sinusoidal functions.

Since the principal component weights are sinusoids, thiyaily perform some
kind of Fourier analysis. If you apply the obtain®¢l as feature detectors on an
image patch, that will be related to a discrete Fourier fi@ns of the image patch.
In particular, this can be interpreted as computing thefawefits of the patch in the
basis given by sinusoidal functions, as discussed in Se2ti®.2.

An alternative viewpoint is that you could also consider ¢tbenputation of the
principal components as doing a Fourier analysis of the cawee matrix of the
image patch; this interesting connection will be considéneSection 5.6.

5.3 PCA as a preprocessing tool

So far, we have presented PCA as a method for learning fesatubéch is the classic
approach to PCA. However, we saw that the results were rdibappointing in the
sense that the features were not interesting as neuropbgisial models, and they
were not even well-defined.

However, PCA is not a useless model. It accomplishes sewsefillilpreprocess-
ing tasks, which will be discussed in this section.
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5.3.1 Dimension reduction by PCA

One task where PCA is very useful is in reducing the dimensfdhe data so that
the maximum amount of the variance is preserved.

Consider the following general problem that also occurs enynother areas
than image processing. We have a very large numbernsaf random variables
X1,...,%Xm. Computations that use all the variables would be too bigoiee. We
want to reduce the dimension of the data by linearly tramshog the variables into
a smaller number, say, of variables that we denote lay, ..., z,:

m
Zi:ZVVinj,fora"i:l,...,n (5.11)
=1

The number of new variablasmight be only 10% or 1% of the original number
m. We want to find the new variables so that they preserve as iémmation on
the original data as possible. This “preservation of infation” has to be exactly
defined. The most wide-spread definition is to look at the segharror that we get
when we try to reconstruct the original data using th& hat is, we reconstruc;

as a linear transformatiogy; ajjz, minimizing the average error

E §<Xj—lzaji2a>2 =E{IIX—|ZaaZa||2} (5.12)

where then;; are also determined so that they minimize this error. Fop#uaity, let
us consider only transformations for which the transforgnareights are orthogonal
and have unit norm:

> wi =1, forall (5.13)
J

ZWijij =0, foralli#k (5.14)
]

What is the best way of doing this dimension reduction? Thetism is to take
as thez then first principal components! (A basic version of this resalshown in
the exercises.) Furthermore, the optimal reconstructieiyht vectorsy; in Equa-
tion (5.12) are given by the very same principal componegights which compute
thez.

The solution is not uniquely defined, though, because ampgdnal transforma-
tion of thez is just as good. This is understandable because any susidraration
of thez contains just the same information: we can make the inveaissfiormation
to get theg from the transformed ones.

As discussed above, the features given by PCA suffer fronptbblem of not
being uniquely defined. This problem is much less seriousércase of dimension
reduction. What matters in the dimension reduction congaxbt so much the actual
components themselves, but thebspacevhich they span. Thprincipal subspace
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means the set of all possible linear combinations ofitfiest principal components.

It corresponds to taking all possible linear combinatiofthie principal component
weight vectord\f associated with the principal components. As pointed out above,
if two principal components ands; have the same variance, any linear combina-
tion 1S + gzsj has the same variance qu+q§ = 1. This is not a problem here,
however, since such a linear combination still belongs éostime subspace as the
two principal components ands;. Thus, it does not matter if we consider the com-
ponentss ands;j, or two components of the foroys + gz andr1s + rosj where
the coefficients; andr, give a different linear combination than theanday.

So, then-dimensional principal subspace is usually uniquely defeen if some
principal components have equal variances. Of course, ytimapen that the-th
and the(n+ 1)-th principal components have equal variances, and thatamaat
decide which one to include in the subspace. But the effethenvhole subspace
is usually quite small and can be ignored in practice.

Returning to the case of image data, we can rephrase thik byssaying that
it is the setof features defined by thefirst principal components and their linear
combinations that is (relatively) well defined, and not teattires themselves.

5.3.2 Whitening by PCA

5.3.2.1 Whitening as normalized decorrelation

Another task for which PCA is quite useful is whitening. Wdming is an impor-
tant preprocessing method where the image pixels are transfl to a set of new
variabless,,...,s, so that thes are uncorrelated and have unit variance:

0ifi# |

5.15
lifi=]j ( )

E{ss;} ={

(Itis assumed that all the variables have zero mean.) Is@said that the resulting
vector(sy,...,S) is white.

In addition to the principal components weights being ogthreal, the principal
components themselves are uncorrelated, as will be showrone detail in Sec-
tion 5.8.1. So, after PCA, the only thing we need to do to getemed data is to
normalize the variances of the principal components byditig them by their stan-
dard deviations. Denoting the principal componentgibthis means we compute

§— I (5.16)

vvarnyi)

to get whitened componenss Whitening is a useful preprocessing method that
will be used later in this book. The intuitive idea is thatdinepletely removes the
second-order information of the data. “Second-order” nsdzere correlations and
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variances. So, it allows us to concentrate on propertiesateanot dependent on
covariances, such as sparseness in the next chapter.

Whitening by PCA is illustrated in Figure 5.10.
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Fig. 5.10: lllustration of PCA and whitening) The original data “cloud”. The arrows show the
principal components. The first one points in the directibthe largest variance in the data, and
the second in the remaining orthogonal directibhWhen the data is transformed to the principal
components, i.e. the principal components are taken aseleconordinates, the variation in the
data is aligned with those new axes, which is because theipaincomponents are uncorrelated.
c) When the principal components are further normalized tda uaiiance, the data cloud has
equal variance in all directions, which means it has beertenkd. The change in the lengths of
the arrows reflects this normalization; the larger the varé the shorter the arrow.

5.3.2.2 Whitening transformations and orthogonality

It must be noted that there are many whitening transformatitn fact, if the ran-
dom variables;,i = 1...,n are white, then angrthogonal transformationf those
variables is also white (the proof is left as an exerciseje@fwhitening is based
on PCA because PCA is a well-known method that can be competgdast, but
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it must be kept in mind that PCA is just one among the many whitgtransforma-
tions. Yet, PCA is a unique method because it allows us to aoertbree different
preprocessing methods into one: dimension reduction gnhig, and anti-aliasing
(which will be discussed in the next section).

In later chapters, we will often use the fact that the corninadietween orthog-
onality and uncorrelatedness is even stronger for whitelaga. In fact, if we com-
pute two linear componen}g vis andy; wis from white data, they are uncorrelated
only if the two vectorsy andw (which contain the entrieg andw;, respectively)
are orthogonal.

In general, we have the following theoretical result. Foiterdata, multiplication
by a square matrix gives white componentarifd only if the matrix is orthogonal.
Thus, when we have computed one particular whitening toansdtion, we also
know thatonly orthogonal transformations of the transformed data cantigew

Note here the tricky point in terminology: a matrix if calledthogonal if its
columns, or equivalently its rows, are orthogoratd the norms of its columns
are all equal to one. To emphasize this, some authors calftangonal matrix
orthonormal We stick to the word “orthogonal” in this book.

5.3.3 Anti-aliasing by PCA

PCA also helps combat the problemadiasing, which refers to a class of problems
due to the sampling of the data at a limited resolution — in case the limited
number of pixels used to represent an image. Sampling ofntlagé loses infor-
mation; this is obvious since we only know the image througlvalues at a finite
number of pixels. However, sampling can also introduce ¢dssous distortions in
the data. Here we consider two important ones, and show howda@ help.

5.3.3.1 Oblique gratings can have higher frequencies

One problem is that in the case of the rectangular sampliidy gblique higher

frequencies are overrepresented in the data, becauseithes gible to represent
oblique oscillations which have a higher frequency thahegithe vertical or hori-

zontal oscillations of the highest possible frequency.

This is because we can have an image which takes the form afcketboard
as illustrated in Figure 5.11 a). If you draw long obliquesknalong the white and
black squares, the distance between such lines is eqyélf@ as can be calculated
by basic trigonometry. This is smaller than one, which isshertest half-cycle (half
the length of an oscillation) we can have in the vertical aodzontal orientation.
(It corresponds to the Nyquist frequency as discussed iméx¢ subsection, and
illustrated in Figure 5.11 b).

In the Fourier transform, this lack of symmetry is seen inféet that the area
of possible 2-D frequencies is of the form of a square, irst#aa circle as would
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be natural for data which is the same in all orientationstéition-invariant”, as
will be discussed in Section 5.7). Filtering out the highalstique frequencies is
thus a meaningful preprocessing step to avoid any artedaiet$o this aliasing phe-
nomenon. (Note that we are here talking about the rectanfprta of the sampling
grid, i.e. the relation of the pixels centerpoints to eadteatThis is not at all related
to the shape of the sampling window, i.e. the shape of théhpatc

It turns out that we can simply filter out the oblique frequesdy PCA. With
natural images, the last principal components are thosetmeespond to the high-
est oblique frequencies. Thus, simple dimension redudiioRCA alleviates this
problem.

Fig. 5.11: Effects of sampling (limited number of pixels) eery high-frequency gratings) A
sinusoidal grating which has a very high frequency in theouia orientation. The cycle of the
oscillation has a length of 21/2 = /2 which is shorter than the smallest possible cycle length
(equal to two) in the vertical and horizontal orientatiob$.A sinusoidal grating which has the
Nyquist frequency. Although it is supposed to be sinusoidak to the limited sampling (i.e.,
limited number of pixels), it is really a block grating.

5.3.3.2 Highest frequencies cannot can have only two diffent phases

Another problem is that at the highest frequencies, we camae sinusoidal grat-
ings with different phases. Let us consider the highestiplesBequency, called in

Fourier theory the Nyquist frequency, which means thateli®one cycle for every
two pixels, see Figure 5.11 b). What happens when you chdrggptiase of the
grating a little bit, i.e. shift the “sinusoidal” grating at® Actually, almost noth-

ing happens: the grating does not shift at all because dueettnhited resolution

given by the pixel size, it is impossible to represent a sstaft in the grating. (The

grey-scale values will be changed; they depend on the matwtelen the sampling
lattice and the underlying sinusoidal they try to repregertie sampled image re-
ally changes only when the phase is changed so much that sheygroximation

is to flip all the pixels from white to black and vice versa.
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Thus, a grating sampled at the Nyquist frequency can reallg lonly two differ-
ent phases which can be distinguished. This means that nunegpts depending
on the phase of the grating, such as the phase tuning curegd$6€.4) or phase-
invariance (Chapter 10) are rather meaningless on the Nydreiquency. So, we
would like to low-pass filter the image to be able to analyzghsuhenomena with-
out the distorting effect of a limited resolution.

Again, we can alleviate this problem by PCA dimension redugtbecause it
amounts to discarding the highest frequencies.

5.3.3.3 Dimension selection to avoid aliasing

So, we would like to do PCA so that we get rid of the checkerbpatterns as well
as everything in the Nyquist frequency. On the other handjeret want to get rid
of any lower frequencies.

To investigate the dimension reduction needed, we computed amount of
checkerboard and Nyquist gratings is present in the datdwascdion of dimension
after PCA. We also computed this for gratings that had hafMlyquist frequency
(i.e. a cycle was four pixels), which is a reasonable canditar the highest fre-
guency patterns that we want to retain.

The results are shown in Figure 5.12. We can see in the figatetohget rid
of checkerboard patterns, not much dimension reductioreéessary: 10% or so
seems to be enoughlo get rid of the Nyquist frequency, at least 30% seems to be
necessary. And if we look at how much we can reduce the diraengithout losing
any information on the highest frequencies that we arey@atirested in, it seems
we can easily reduce even 60%-70% of the dimensions.

Thus, the exact number of dimensions is not easy to detern@icause we don’t
have a very clear criterion. Nevertheless, a reduction déagt 30% seems to be
necessary to avoid the artifacts, and even 60%-70% can benreended. In the
experiments in this book, we usually reduce dimension by.75%

5.4 Canonical preprocessing used in this book

Now, we have arrived at a preprocessing method that we cafidoical preprocess-
ing” because it is used almost everywhere in this book. Caabpreprocessing
means:

1. Remove the DC componentas in Eq. (5.1).
2. Compute the principal components of the image patches.

3 Note that this may be an underestimate: van Hateren propibse®0% may be needed (van
Hateren and van der Schaaf, 1998). This is not importantdridtiowing because we will anyway
reduce at least 30% for other reasons that will be explaimed n
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Fig. 5.12: The percentage of different frequencies preseiihe data as a function of PCA di-
mension reduction. Horizontal axis: Percentage of dinmssiretained by PCA. Vertical axis:
Percentage of energy of a given grating retained. SoligsliGratings of half Nyquist frequency
(vertical and oblique) (wanted). Dotted line (see lowehtiand corner): checkerboard pattern
(unwanted). Dashed lines: Gratings of Nyquist frequeneyti®al and oblique) (unwanted).

3. Retain only then first principal components and discard the rest. The number

is typically chosen as 25% of the original dimension.
4. Divide the principal components by their standard déwetas in Equation (5.16)

to get whitened data.
Here we see two important (and interrelated) reasons fangdwihitening by

PCA instead of some other whitening method. We can reducertiian to com-
bat aliasing and to reduce computational load with hardiyeatira computational

effort.

Notation The end-product of this preprocessing is radimensional vector for
each image patch. The preprocessed vector will be denotedioyl its elements by
Z,...,Zy, when considered as a random vector and random variablegr@tions

of the random vector will be denoted fy, z,, ..., or more often with the subscript
t as inz. In the rest of this book, we will often use such canonicalggrocessed

data. Likewise, observed image patches will be denoteld ayd their individual
pixels byl (x,y), when these are considered a random vector and random lessiab

respectively, and their observations will be denoted; andl; (x,y).
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5.5 Gaussianity as the basis for PCA

5.5.1 The probability model related to PCA

In PCA and whitening, it is assumed that the only interestisgect of the data
variablesxy, ..., x, is variances and covariances. This is the case with gaudatan
where the probability density function equals

1
ex
(2r)"2|detC| 172

P(X1, ..., %) = p(—%inxj [C7Yij) (5.17)
Ny

whereC is the covariance matrix of the datg ! is its inverse, andC~1Jj; is
thei, j-th element of the inverse. Thus, the probability distribatis completely
characterized by the covariances (as always, the meanssarmad zero here).

These covariance-based methods are thus perfectly suoffi€ige distribution
of the data is gaussian. However, the distribution of imaafe ¢ typically very far
from gaussian. Methods based on the gaussian distribiticerteglect some of the
most important aspects of image data, as will be seen in tkichapter.

Using the gaussian distribution, we can also interpret PEA statistical model.
After all, one of the motivations behind estimation of stitial models for natural
images was that we would like to use them in Bayesian infereRor that, it is
not enough to just have a set of features. We also need to staddrhow we can
compute the prior probability density functiqu(xs,...,X,) for any given image
patch.

The solution is actually quite trivial: we just plug in thevesiance of the data in
Eq. (5.17). There is actually no need to go through the t®obtomputing PCA in
order to get a probabilistic model! The assumption of gaurssy is what gives us
this simple solution.

In later chapters, we will see the importance of the assumpmif gaussianity, as
we will consider models which do not make this assumption.

5.5.2 PCA as a generative model

A more challenging question is how to interpret PCA as a gaiver model, i.e. a
model which describes a process which “generated” the @atxe is a large litera-
ture on such modelling, which is typically call&atctor analysisPCA is considered
a special case, perhaps the simplest one, of factor anaigiitels. The point is that
we can express data as a linear transformation of the pahcgmponents

H(xy) = W(xy)s (5.18)
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What we have done here is simply to invert the transformédtiom the data to the
principal components, so that the data is a function of thecjpal components
and not vice versa. This is very simple because the ve@tpase orthogonal: then
the inverse of the system (matrix) they form is just the samaé&rimtransposed, as
discussed in Section 19.7. Therefore, the feature veatotlsi$ generative model
are just the same as the feature detector weights that wewtechwith PCA.

Now, we define the distribution of theg as follows:

1. the distribution of eack is gaussian with variance equal to the variance of the
i-th principal component
2. thes are statistically independent from each other.

This gives us, using Equation (5.18), a proper generativéaihaf the data. That is,
the data can be seen as a function of the “hidden” variabbgsafe now given by
the principal components.

5.5.3 Image synthesis results

Once we have a generative model, we can do an interestingiergye to test our
model: We can generate image patches from our model, and Iseethey look
like. Such results are shown in Figure 5.13. What we see istfieaPCA model
captures the general smoothness of the images. The smestbames from the
fact that the first principal components correspond to fieatectors which change
very smoothly. Other structure is not easy to see in thesétseJ he results can be
compared with real natural images patches shown in Fig@@b.page 99; they
clearly have a more sophisticated structure, visible enghese small patches.

5.6 Power spectrum of natural images

An alternative way of analyzing the covariance structureiméges is through
Fourier analysis. The covariances and the frequency-bpsyukrties are related
via the Wiener-Khinchin theorem. We begin by considering plower spectra of
natural images and then show the connection.

5.6.1 Thel/f Fourier amplitude or1/f? power spectrum

The fundamental result on frequency-based representatioatural images is that
the power spectrum of natural images typically falls offarsely proportional to
the square of the frequency. Since the power spectrum isginers of the Fourier
amplitude (spectrum), this means that the Fourier ampdifiatls off as a function
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Fig. 5.13: Image synthesis using PCA. 20 patches were ralydgenerated using the PCA model
whose parameters were estimated from natural images. Gemypth real natural image patches
in Figure 5.2.

¢/ f wherec is some constant anflis the frequency. It is usually more convenient
to plot the logarithms. For the logarithm this means

Log Fourier amplitude= —log f + const. (5.19)

or
Log power spectrum= —2logf + const. (5.20)

for some constant which is the logarithm of the constant

Figure 5.15 a) shows the logarithm of the power spectrum efrthtural im-
age in Fig. 5.14 a). What we can see in this 2D plot is just thatspectrum is
smaller for higher frequencies. To actually see how it faffs we have to look at
one-dimensional cross-sections of the power spectrunhatonte average over all
orientations. This is how we get Fig. 5.15 b), in which we hals® taken the log-
arithm of the frequency as in Equation (5.20). This plot lyarérifies our result: it
is largely linear with a slope close to minus two, as expedt&dtually, more thor-
ough investigations have found that the log-power specmay, in fact, change a
bit slower than %2, with a exponent closer to.8 or 1.9. ) In addition, the power
spectra are very similar for the two images in Fig. 5.15.

A large literature in physics and other fields has considénedsignificance of
such a behaviour of the power spectrum. Many other kinds t# dave the same
kind of spectra. An important reason for this is that if theéades scale-invariant,
or self-similar, i.e. it is similar whether you zoom in or otlie power spectrum is



118 5 Principal components and whitening

necessarily something like proportional t¢f?; see References section below for
some relevant work.

Fig. 5.14: Two natural images used in the experiments.
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Fig. 5.15: Power spectrum or Fourier amplitude of naturahges.a) The logarithm of two-
dimensional power spectrum of natural image in Fig. 5.143)The average over orientations
of one-dimensional cross-sections of the power spectrutheofwo images in Fig. 5.14. Only the
positive part is shown since this is symmetric with respeche origin. This is a log-log plot where

a logarithm of base 10 has been taken of both the frequenciz@mbal axis) and the power (ver-
tical axis) in order to better show the/ 12 behaviour, which corresponds to a linear dependency
with slope of—2.
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5.6.2 Connection between power spectrum and covariances

What is then the connection between the power spectrum ahage, and the co-
variances between pixels we have been computing in thistet®&apo this end, we
need a theorem from the theory of stochastic processes (Iveowrigorously de-
fine what stochastic processes are because that is not agcéssthe purposes of
this book). The celebrated Wiener-Khinchin theorem sttitasfor a stochastic pro-
cessthe average power spectrum is the Fourier Transform of the@rrelation
function

The theorem talks about the “autocorrelation function”isTis the terminology
of stochastic processes, which we have not used in this ehapd simply consid-
ered different pixels as different random variables. Thet6aorrelation function”
means simply the correlations of variables (i.e. pixel ealas a function of the hor-
izontal and vertical distances between them. Thus, thecatr@lation function is a
matrix constructed as follows. First, take one row of theaz@nce matrix, say the
one corresponding to the pixel @b, yo). To avoid border effects, let’s takeo, o)
which is in the middle of the image patch. Then, convert thdstor back to the
shape of the image patch. Thus, we have a m&(kg, yo)

COV(| (X07y0)7 l (17 1)) cee COV(| (X07y0)7 l (17 n))
: (5.21)
COV(| (X07y0)7 | (nv 1)) cee COV(| (X07y0)7 | (nv n))

which has the same simex mas the image patch. This matrix is nothing else than
what was already estimated from natural images and platt&di 5.4.

Actually, it is obvious that this matrix essentially comsiall the information in
the covariance matrix. As discussed in Section 5.2.5, ibrmmonly assumed that
image patches are translation-invariant in the sense lteatdvariances actually
only depend on the distance between two pixels, and not omewhéhe patch the
pixels happen to be. (This may not hold for whole images, wtibe upper half
may depict sky more often and lower parts, but it certainlidedor small image
patches.) Thus, to analyze the covariance structure ofés)agl we really need is
a matrix like in Equation (5.21).

What the Wiener-Khinchin theorem now says is that when we thk Fourier
transformation ofC (X, yo), just as if this matrix were an image patch, the Fourier
amplitudes equal th@veragepower spectrum of the original image patches. (Due to
the special symmetry properties of covariances, the ptiagae Fourier transform
of C(Xo,Yo) are all zero, so the amplitudes are also equal to the coeftica the
cos functions.)

Thus, we can see the connection between thieFourier amplitude of natural
images and the covariances of the pixels structure. Thegee¥ f Fourier ampli-
tude or the 1 f? power spectrum of single images implies that the Fourierstiarm
of C(xo,Yo) also falls of as 1f2. Now, since the features obtained from PCA are
not very different from those used in a discrete Fouriergfarm (sine and cosine
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functions), and the squares of the coefficients in that kasishe variances of the
principal components, we see that the variances of the ipeghcomponents fall
off as 1/ f2 as a function of frequency. (This cannot be seen in the vegigtot in
Fig. 5.9 because that plot does not give the variances astduorof frequency.)

Anotherimplication of the Wiener-Khinchin theoremis titathows howconsid-
ering the power spectrum of images alone is related to usauggian modelSince
the average power spectrum contains essentially the sdareniaition as the covari-
ance matrix, and using covariances only is equivalent togusigaussian model, we
see that considering the average power spectrum alonedst&sdly equivalent to
modelling the data with a gaussian pdf as in Section 5.5.eSime power spectrum
does not contain information about phase, using the phasetste is thus related
to using the non-gaussian aspects of the data, which wilbbsidered in the next
chapters.

5.6.3 Relative importance of amplitude and phase

When considering frequency-based representations ofalatuages, the following
qguestion naturally arises: Which is more important, phasanwplitude (power) —
or are they equally important? Most researchers agreetikgitiase information is
more important for the perceptual system than the amplishdesture. This view is
justified by experiments in which we take the phase strudtom one image and
the power structure from another, and determine whethenthge is more similar
to one of the natural images. What this means is that we takEdhrier transform
(using the Discrete Fourier Transform) of the two images, ianlate the phase and
amplitude from the two transforms. Then we compute the swaf the Fourier
transform from the combination of the phase from the firstgmand the amplitude
from the second; this gives us a hew image. We also creatbamiatage with the
inverse Fourier transform using the phase from the secoadénand the amplitude
from the first.

Results of such an experiment are shown in Fig. 5.16. In bases; the image
“looks” more like the image from which the phase structureswaken, although
in a) this is not very strongly so. This may be natural if onek® at the Fourier
amplitudes of the images: since they are both rather sinfsélaowing the typical
1/f fall-off), they cannot provide much information about whiae image really
depicts. If all natural images really have amplitude seethich approximately
show the ¥ f shape, the power spectrum cannot provide much informaticany
natural image, and thus the phase information has to be thékidentifying the
contents in the images.

Thus, one can conclude that since PCA concentrates onlyformiation in the
power spectrum, and the power spectrum does not containod parceptually im-
portant information, one cannot expect PCA and related atktho yield too much
useful information about the visual system. Indeed, thizjgles an explanation for
the rather disappointing performance of PCA in learninddess from natural im-
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ages as seen in Fig. 5.7 — the performace is disappointingast, if we want to
model receptive fields in V1. In the next chapter we will ses thsing information
not contained in the covariances gives an interesting maftg@mple cell receptive
fields.

Fig. 5.16: Relative importance of phase and power/amg@itidormation in natural images)
Image which has the Fourier phases of the image in Fig. 5,1ahd)the Fourier amplitudes of the
image in Fig. 5.14 b)) Image which has the phases of the image in Fig. 5.14 b), arahtipétude
structure of the image in Fig. 5.14 a). In both cases the imageperceptually more similar to the
image from which the phase structure was taken, which ineicthat the visual system is more
sensitive to the phase structure of natural images.

5.7 Anisotropy in natural images

The concept of anisotropy refers to the fact that naturabj@saare not completely
rotationally invariant (which would be called isotropy).dther words, the statistical
structure is not the same in all orientations: if you rotateirmage, the statistics
change.

This may come as a surprise after looking at the correlatafficients in Fig-
ure 5.4 d), in which it seems that the correlation is simplyrction of the distance:
the closer to each other the two pixels are, the stronger tweielation; and the
orientation does not seem to have any effect. In fact, ipgtie not a bad first ap-
proximation, but a closer analysis reveals some depenegnai orientation.

Figure 5.17 show the results of such an analysis. We have thieecorrelation
coefficients computed in Figure 5.4, and analyzed how thegdé on the orienta-
tion of the line segment connecting the two pixels. An omion of O (orrr) means
that the two pixels have the same&oordinate; orientation oft/2 means that they
have the same coordinate. Other values mean that the pixels have an abiigja-
tionship to each other. Figure 5.17 shows that the cormiatare the very strongest
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if the pixels have the samecoordinate, that is, they are on the same horizontal line.
The correlations are also elevated if the pixels have theesarnordinate.

In fact, we already saw in Figure 5.6 that the first principainponent is, con-
sistently, a low-frequency horizontal edge. This is in liwgh the dominance of
horizontal correlations. If the images exactly isotropiorizontal edges and verti-
cal edges would have exactly the same variance, and the iinsigal component
would not be well-defined at all; this would be reflected inUf&g5.6 so that we
would get edges with different random orientations.

Thus, we have discovered a form of anisotropy in natural ergtgtistics. It will
be seen in different forms in all the later models and analgsawell.
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Fig. 5.17: Anisotropy, i.e. lack of rotational invarianda, natural image statistics. We took the
correlation coefficients in Figure 5.4 and plotted them oreehcircles with different radii (the

maximum radius allowed by the patch size, and that multiptig one half and one quarter). For
each of the radii, the plot shows that the correlations argimaed for the orientations of 0 or

11, which mean horizontal orientation: the pixels are on theesdorizontal line. The vertical

orientation7t/2 shows another maximum which is less pronounced.

5.8 Mathematics of principal component analysis*

This section is dedicated to a more sophisticated matheatatalysis of PCA and
whitening. It can be skipped by a reader not interested irnemagtical details.
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5.8.1 Eigenvalue decomposition of the covariance matrix

The “second-order” structure of data is completely desatiby the covariance ma-
trix, defined in Section 4.6.3. In our case with thendy coordinates of the patches,
we can write:

Cxy;X,Y) =E{I(xy)(X,y)} (5.22)
The point is that the covariance afiytwo linear features can be computed by

E { [Xzywl(xv y)l (Xv Y)} [XZyVVZ(Xv y)l (Xv y))] }

:E{[ WA (%, )1 (X YL (X, )1 %x/))}}
xyXy'

= Y Wil y)We(X,Y)E{I (X V)1 (X,Y)}

xyXy'
= Y Wi yWe(X,y)C(xy;X,Y) (5.23)
XyXy'

which reduces to a something which can be computed usingdwaiance ma-

trix. The second-order structure is thus convenientlyespnted by a single matrix,
which enables us to use classic methods of linear algebradlyze the second-
order structure.

To go into details, we change the notation so that the whobgens in one
vector,X, so that each pixel is one element in the vector. This can benaglished,
for example, by scanning the image row by row, as was expdaimeéSection 4.1.
This simplifies the notation enormously.

Now, considering any linear combinatiard x = ¥; wix; we can compute its vari-
ance simply by:

E{(w'x)2} = E{(W'x)(x"w)} = E{w" (xx")w} = wTE{xx" }w
=w'Cw (5.24)

where we denote the covariance matrix®y- E{xx"}. So, the basic PCA problem
can be formulated as

max w'Cw (5.25)

wiw]=1
A basic concept in linear algebra is the eigenvalue decoitiposThe starting

point is thatC is a symmetric matrix, because €@\ x;) = cov(xj,X). In linear
algebra, it is shown that any symmetric matrix can be expibas a product of the
form:

c=ubpuUT” (5.26)
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whereU is an orthogonal matrix, ard = diag(A1, . . ., Am) is diagonal. The columns
of U are called theigenvectorsand the); are called theigenvaluesMany efficient
algorithms exist for computing the eigenvalue decompasitif a matrix.
Now, we can solve PCA easily. Lets us make the change of vasab= UTw.
Then we have
w'Cw=w"UbDU"w=v'Dv= ZViZ)\i (5.27)
|

BecausdJ is orthogonal||v|| = ||w]|, so the constraint is the same foas it was
for w. Let us make the further change of variablesto= vi2. The constraint of unit
norm of v is now equivalent to the constraints that the sum ofrthenust equal
one (they must also be positive because they are squares), Ttie problem is
transformed to
BRI 629

It is rather obvious that the maximum is found when thecorresponding to the
largest); is one and the others are zero. Let us denoté lilge index of the max-
imum eigenvalue. Going back to tlve this corresponds ta begin equal to the
i*-th eigenvector, that is, thié-th column ofU. Thus, we see how the first principal
component is easily computed by the eigenvalue decompositi

Since the eigenvectors of a symmetric matrix are orthogdimaling the second
principal component means maximizing the variance soviha kept zero. This is
actually equivalent to making the neworthogonal to the first eigenvector. Thus,
in terms ofmy, we have exactly the same optimization problem, but withetktea
constraint thatni- = 0. Obviously, the optimum is obtained whenis equal to the
eigenvector corresponding to teecondargest eigenvalue. This logic applies to the
k-th principal component.

Thus, all the principal components can be found by ordelfiregdigenvectors
ui,i =1,...,min U so that the corresponding eigenvalues are in decreasiry. ord
Let us assume that is ordered so. Then theth principal componerg is equal to

s =u'x (5.29)

Note that it can be proven that tAeare all non-negative for a covariance matrix.
Using the eigenvalue decomposition, we can prove someeistiag properties
of PCA. First, the principal components arecorrelated because for the vector of
the principal components
s=U"x (5.30)

we have
E{ss } = E{UTxx"U} = UTE{xx"}u = UT(UDU)U
=(UTU)DUTU)=D (5.31)

because of the orthogonality &f. Thus, the covariance matrix is diagonal, which
shows that the principal components are uncorrelated.
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Moreover, we see that the variances of the principal compisrege equal to the
Ai. Thus, to obtain variables that are white, that is, uncategl and have unit vari-
ance, it is enough to divide each principal component by tjuase root of the cor-
responding eigenvalue. This proves that diag/A1, . ..,1/vAm)UT is awhitening
matrix for x.

This relation also has an important implication for the weigess of PCA. If
two of the eigenvalues are equal, then the variance of thoseipal components
are equal. Then, the principal components are not well-ddf@mymore, because we
can make aotation of those principal components without affecting their gades.
This is because i, andz_ ; have the same variance, then linear combinations such
as+/1/2z +/1/2z,1 and\/1/2z — \/1/2z 1 have the same variance as well;
all the constraints (unit variance and orthogonality) dik fsllfilled, so these are
equally valid principal components. In fact, in linear dgg, it is well-known that
the eigenvalue decomposition is uniquely defined only wheretgenvalues are all
distinct.

5.8.2 Eigenvectors and translation-invariance

Using the eigenvalue decomposition, we can show why thecipa@h components
of a typical image covariance matrix are sinusoids as sfat8e@ction 5.2.5. This is
because of their property of being translation-invariaat,the covariance depends
only on the distance as in (5.9). For simplicity, let us cdesia one-dimensional
covariance matrix(x— x'). The functionc is even-symmetric with respect to zero,
i.e.c(—u) =c(u). By a simple change of variabie= x— X/, we have

> cov(x.X)sin(x+a) =y c(x—X)sin(x+a) = c(z)sinz+x +a) (5.32)

Using the property that s{a+ b) = sinacosb + cosasinb, we have
> c(z)sin(z+ X+a)= > c(z)(sin(z) cogX +a)+cogz)sin(X +a))
= [y c(z)sin(z)]cosX +a) + [} c(z)cogD)]sin(x +a) (5.33)

Finally, because(z) is even-symmetric and sin is odd-symmetric, the first sum in
brackets is zero. So, we have

> cov(x,X)sin(x+a) = [} ¢(z)cog2)]sin(x + a) (5.34)

z

which shows that the sinusoid is an eigenvector of the camag matrix, with eigen-
valuey ,c(z) cogz). The parametenr gives the phase of the sinusoid; this formula
shows thatr can have any value, so sinusoids of any phase are eigersiector
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This proof can be extended to sinusoids of different fregies3: they all are
eigenvalues with eigenvalues that depend on how strongljréfguency is present
in the datay ,c(z) cogB2).

In the two-dimensional case, we have @dx,y),l (X,y)) = ¢((x —X)? 4 (y —
y)?) and withé = x—x andn =y—y we have

ZC (x=X)2+ (y—y)?)sin(ax+ by+c)

=Y c(&.n)sin(ag +bn +ax +by +c)
&.n

=Y c(&.n)[sin(ag +bn)cogax + by + c) + coga& + bn) sin( (aX +by +c)]
&.n

+[Y c(&,n)cogaé +bn)] sin(aX +by +c¢) (5.35)
&.n

which shows, likewise, that sinusoids of the form(sixi -+ by + c) are eigenvectors.

5.9 Decorrelation models of retina and LGN *

In this section, we consider some further methods for wivitgand decorrelation
of natural images, and the application of such methods aslmaod processing in
the retina and the LGN. This material can be skipped withotgriupting the flow
of ideas.

5.9.1 Whitening and redundancy reduction

The starting point here is the redundancy reduction hymishdiscussed in Chap-
ter 1. In its original form, this theory states that the earigual system tries to
reduce the redundancy in its input. As we have seen in in tlapter, image pixel
data is highly correlated, so a first approach to reduce therm@ancy would be to
decorrelatdmage data, i.e. to transform it into uncorrelated compasen

One way to decorrelate image data is to whiten it with a spfitier. In a visual
system, this filtering would correspond to a set of neuronit) wentical spatial
receptive fields, spaced suitably in a lattice. The outptitke@neurons would then
be uncorrelated, and if we were to look at the outputs of thele/ket of neurons as
an image (or a set of images for multiple input images), tleegput images would
on the average have a flat power spectrum.

The whitening theory has led to well-known if rather con&osial models of the
computational underpinnings of the retina and the latezalgulate nucleus (LGN).
In this section we will discuss spatial whitening and spaéeeptive fields accord-
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ing to this line of thought; the case of temporal whiteningl &mporal receptive
fields will be discussed in detail in Section 16.3.2 (page)345

The basic idea is that whitening alone could explain thearesurround structure
of the receptive fields of ganglion cells in the retina, aslwaslthose in the LGN.
Indeed, certain spatial whitening filters are very similarganglion RF’s, as we
will see below. However, such a proposal is problematic bseghere are many
completely different ways of whitening the image input, &rd not clear why this
particular method should be used. Nevertheless, this yhisdnteresting because
of its simplicity and because it sheds light on certain fundatal properties of the
covariance structure of images.

There are at least two ways to derive the whitening operatiaquestion. The
first is to compute it directly from the covariance matrix nfage patches sampled
from the data; this will lead to a set of receptive fields, bithva suitable constraint
the RF’s will be identical except for different center looats, as we will see below.
We will call this patch-based whitenin@ he second way is to specify a whitening
filter in the frequency domain, which will give us additiomasight and control over
the process. This we will calilter-based whitening

5.9.2 Patch-based decorrelation

Our first approach to spatial whitening is based on the PCAemimg introduced
above in Section 5.3.2 (page 109). The data transformatidiustrated in the two-
dimensional case in Figure 5.18.

Here, we will use the matrix notation because it directlyvgheome important
properties of the representation we construct. Here, wetgdryU the matrix with
the vectors defining the principal components as its columns

U= (U]_,Uz,' o ,Uk). (536)

Let x denote the data vector. Because the vectoese orthogonal, each of the
principal componentg, k=1,...,K, of the data vectox can be computed simply
by taking the dot product between the data vector andttin®CA vector:

Yk=ugx, k=1.,K. (5.37)

Defining the vectoy = (y1,¥2,---,Yk)', the Equations (5.37) for ak = 1,...,.K
can be expressed in a single matrix equation

y=U'x. (5.38)

In our two-dimensional illustration, the result of this nsformation is shown in
Figure 5.18b).

As in Section 5.3.2, we next whiten the data by dividing theg@pal components
with their standard deviations. Thus we obtain whitened ponentss,
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Fig. 5.18: An illustration of the whitening procedure thatused to derive a set of whitening
filters wy, k= 1,...,K (here, we take&k = 2). The procedure utilizes the PCA basis vectogs
k=1,...,K. @) The original generated data points and the PCA basis veatoend u, (grey)
and the unit vector$1,0) and (0,1) (black).b) The data points are first rotated so that the new
axes match the PCA basis vectory. The data points are then scaled along the axes so that the
data have the same variance along both axes. This also nmakeéwd dimensions of the data
uncorrelated, so the end result is a whitened data set. (popes of visualization of the data
points and the vectors, in this illustration this variangsinaller than 1, while in whitening it is 1;
this difference corresponds to an overall scaling of the.Jd) Finally, the data points are rotated
back to the original orientation. Note that the data areaalyavhite after the second transformation
in c), and the last transformation is one of infinitely manysgble rotations that keep the data
white; in this method, it is the one that inverts the rotataone by PCA. Mathematically, the
three transformations in b)-d) can in fact be combined insingle linear transformation because
each transformation is linear; the combined operation @addme by computing the dot products
between the original data points and the vectegsandw, which are the result of applying the
three transformations to the original unit vectors. Seeftaxdetails.
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Vvarye) o

This is shown for our illustrative example in Figure 5.18c).

Again, we can express theBeequations by a single matrix equation. Define a
vectors= (s1,%,---,%) ", and letA denote a diagonal matrix with the inverses of
the square roots of the variances on its diagonal:

K, (5.39)

1 o .. 0
var(yy)
0 1 ..

A=| Ve I E (5.40)

' 1

0 0 var(y)

then

s=Ay=AUTx. (5.41)

So far we have just expressed PCA whitening as a matrix faatiaud. Now,
we will make a new operation. Among the infinitely many whitepnmatrices, we
choose the one which is given by inverting the PCA computagiven byU. In
a sense, we go “back from the principal components to thdér@ligoordinates”
(Figure 5.18d). Denoting by the final component computed, this is defined by the
following matrix equation:

z=Us=UAU"x. (5.42)

The computation presented in Equation (5.43) consist @ethinear (matrix)
transformations in a cascade. The theory of linear transftion states that a cas-
cade of consecutive linear transformations is simply amolihear transformation,
and that this combined transformation — which we will heraate byW — can be
obtained as the matrix product of the individual transfatioves:

z=UAUT x = Wx. (5.43)
N——
=W

When written ask scalar equations, Equation (5.43) shows that the compsmént
vectorz=1(z 2 - zK]T can be obtained as a dot product between the data vector
x and thekth row of matrixW = [w; wy ---wg]" :

Zc=wix, k=1,....K. (5.44)

The vectorawy, k= 1,...,K, are of great interest to us, since they are filters which
map the inpuk to the whitened data. In other words, the vectogsk =1, ..., K,

can be interpreted as receptive fields. The receptive figldk = 1,...,K, can be
obtained simply by computing the matrix product in Equaiiom3).

Matrix square root As an aside, we mention an interesting mathematical inter-
pretation of the matrixV. The matrixW is called thenverse matrix square roaif
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the covariance matri€, and denoted b /2. In other words, the inverse/ !
is called the square root 6f, and denoted bg1/2. The reason is that if we multi-
ply W~ with itself, we getC. This is because, firstUAUT)"1 = UA~1UT, and
second, we can calculate

Wiw -t = (UA"TUT(UA-IUT) =uA L UTUATUT =uA—2UT  (5.45)

The matrixA ~2 is simply a diagonal matrix with the variances in its diagosa the
result is nothing else than the eigenvalue decompositidheo€ovariance matrix as
in Equation (5.26).

Symmetric whitening matrix  Another interesting mathematical property of the
whitening matrixW in Equation (5.43) is that it is symmetric, which can be shown
as

WT = (UAUT) = (UT)TATUT =UuAUT =w. (5.46)

In fact, it is the only symmetric whitening matrix.

Application to natural images When the previous procedure is applied to natural
image data, interesting receptive fields emerge. Figurdeh.géhows the resulting
whitening filters (rows / columns diV); a closeup of one of the filters is shown
in Figure 5.19b). As can be seen, the whitening principleltesn the emergence
of filters which have center-surround structure. All of thigefs are identical, so
processing image patches with such filters is analogoustéwirfig) them with the
spatial filter shown in Figure 5.19b).

As pointed out several times above, whitening can be dongefinitely many
different ways: ifW is a whitening transformation, so is any orthogonal transfo
mation of W. Here the whitening solution in Equation (5.43) has beencseteso
that it results in center-surround-type filters. This is agral property that we will
bump into time and again below: the whitening principle doesstrain the form
of the emerging filters, but additional assumptions are edéxefore the results can
have a meaningful interpretation.

Note that the theory results in a single receptive field $tn&g while in the retina,
there are receptive fields with differing spatial propestiein particular scale (fre-
qguency) — in the retina and the LGN. This is another limitatad the whitening
principle, and additional assumptions are needed to pmdu@nge of differing
filters.

5.9.3 Filter-based decorrelation

Now we reformulate this theory in a filter-based frameworkem the theory pos-
tulates that the amplitude response properties (see 8&ta3, page 33) of retinal
and LGN receptive fields follow from the following two assutiops:
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Fig. 5.19: The application of the whitening principle rasuh the emergence of a set of center-
surround filters from natural image datg. The set of filters (rows / columns of whitening matrix
W) obtained from image dath) A closeup of one of the filters; the other filters are identealept
for spatial location.
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1. the linear filters are whitening natural image data
2. with the constraint that noise is not amplified unduly.

Additional assumptions are needed to derive the phasemsspn order to specify
the filter completely. This is equivalent to the observatimade above in the general
case of whitening: there are infinitely many whitening tfansations. Here, the
phases are defined by specifying that the energy of the fitauld be concentrated
in either time or space, which in the spatial case can be lpaserpreted to mean
that the spatial RF's should be as localized as possible.

The amplitude response of the filter will be derived in twotpathe first part is
the whitening filter, and the second part suppresses noeefilfer will be derived
in the frequency domain, and thereafter converted to théadmbomain by inverse
Fourier transform. It is often assumed that the statistiésage data do not depend
on spatial orientation; we make the same assumption herstadg the orientation-
independent spatial frequenay. Conversion from the usual two-dimensional fre-
quenciesy anday, to spatial frequencys is given byws = | /g + aﬁ Let Ri(ws)
denote the average power spectrum in natural images. We tradfor uncorrelated
/ whitened data, the average power spectrum should be sartiiat). Because the
average power spectrum of the filtered data is the produbecdiverage power spec-
trum of the original data and the squared amplitude respofie whitening filter,
which we denote byV ()|, this means that the amplitude response of a whitening
filter can be specified by

V()| = ———. (5.47)

since thenV (aws)|* R (as) = 1.

Real measurement data contains noise. Assume that the ndisee average
power spectrum if,(ws), is additive and uncorrelated with the original image data,
whose average power spectrumRs ws); thenR; (ws) = Ro(ws) + Rn(ws). To de-
rive the amplitude response of the filter that suppressesenone can use\&iener
filtering approach. Wiener filtering yields a linear filter that can lsedito com-
pensate for the presence of additive noise: the resultiteg 6ptimally restores the
original signal in the least mean square sense. The derivafithe Wiener filter in
the frequency space is somewhat involved, and we will skiyeit; see (Dong and
Atick, 1995b). The resulting response properties of therféire fairly intuitive: the
amplitude respong (ws)| of the Wiener filter is given by

Ri(ws) — Rn( @)
Ri(as)

Notice that if there are frequencies that contain no noiskat is, Ry(ws) = 0 —
the amplitude response is simply 1, and that higher noiseepteads to decreased
amplitude response.

The overall amplitude response of the filféf(cws)| is obtained by cascading the
whitening and the noise-suppressive filters (equation&rjzand (5.48)). Because
this cascading corresponds to multiplication in the freguyedomain, the amplitude

IF(ws)| = (5.48)
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response of the resulting filter is

1 Ri(aws)—Ra(a)
R(ws)  Rfas) -

W (s)| = [V ()| (as)| = (5.49)

In practice R (es) can be estimated directly from image data for eagtor one can
use the parametric form derived in Section 5.6 (page 116&g#@tve values given
by this formula (5.49) have to be truncated to zero.) Noisesgimed to be spatially
uncorrelated, implying a constant (flat) power spectrund,tarhave power equal to
data power at a certain characteristic frequency, denotedp, so that

Rn(ws) = Ri(;%’c) for all as. (5.50)

In order to fully specify the resulting filter, we have to defiils phase response.
Here we simply set the phase response to zero for all fredgesnc

/W(ws) =0 forall ws. (5.51)

With the phases of all frequencies at zero, the energy of ltlee i highly concen-
trated around the spatial origin, yielding a highly spéfiédcalized filter. After the
amplitude and the phase responses have been defined, tla fipatitself can be
obtained by taking the inverse two-dimensional Fouriengfarm.

The filter properties that result from the application of atjons (5.49), (5.50)
and (5.51) are illustrated in Figure 5.20 for characteriftequency valuevs. =
0.3cycles per pixelFor this experiment, 100,000 image windows of sizex185
pixels were sampled from natural image$he average power spectrum of these
images was then computed; the average of this spectrum lbgpasial orientations
is shown in Figure 5.20a). The squared amplitude respondeeafhitening filter,
obtained from equation (5.49), is shown in Figure 5.20b} pbwer spectrum of the
filtered data is shown in Figure 5.20c); it is approximatedy #t lower frequencies
and drops off sharply at high frequencies because of theehigtative noise power
at high frequencies. The resulting filter is shown in Figur208l); for comparison,
a measured spatial receptive field of an LGN neuron is shoviigare 5.20¢e).

Thus, the center-surround receptive-field structure, dbimthe retina and the
LGN, emerges from this computational model and natural erdaga. However, we
made several assumptions above — such as the spacing otéptive fields — and
obtained as a result only a single filter instead of a rangdtefdiin different scales
and locations. In Section 16.3.2 (page 345) we will see thtte temporal domain,
similar principles lead to the emergence of temporal RF ertgs of these neurons.

4 Here, we did not use our ordinary data set but that of van ldatand van der Schaaf (1998).
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Fig. 5.20: The application of the whitening principle, camdd with noise reduction and zero
phase response, leads to the emergence of center-surrtterslffom natural image data) The
power spectruni («s) of natural image datah) The squared amplitude response of a whitening
filter which suppresses noise: this curve follows the irees$ the data power spectrum at low
frequencies, but then drops off quickly at high frequendiexause the proportion of noise is larger
at high frequenciex) The power spectrum of the resulting (filtered) data, shoveipgroximately
flat (white) power at low frequencies, and dropping off shagb high frequenciesd) The resulting
filter which has been obtained from the amplitude respond® amd by specifying a zero phase

response for all frequencies; see text for deta)sk-or comparison, the spatial receptive field of
an LGN neuron.

5.10 Concluding remarks and References

This chapter considered models of natural images which Wwased on analyzing
the covariances of the image pixels. The classic model i@l component anal-
ysis, in which variance of a linear feature detector is mazad. PCA fails to yield
interesting feature detectors if the goal is to model visgdls in brain. However,
it is an important model historically and conceptually, aisb provides the basis
for the preprocessing we use later in this book: dimensidnegon combined with
whitening. In the next chapter, we will consider a differkimd of learning criterion
which does yield features which are interesting for visuateiling.

Most of the work on second-order statistics of images is thasethe (approxi-
mate) ¥ f2 property of the power spectrum. This was investigated garl§ield,
1987; Burton and Moorehead, 1987; Tolhurst et al, 1992; Ruda and Bialek,
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1994a; van der Schaaf and van Hateren, 1996). It has beeong@do explain
certain scaling phenomena in the visual cortex, such asribatation bandwidth
(van der Schaaf and van Hateren, 1996) and the relativetis@gsf cells tuned to
different frequencies (Field, 1987). Early work on PCA ofages include (Sanger,
1989; Hancock et al, 1992). The flproperty is closely related to the study of self-
similar stochastic processes (Embrechts and Maejima,)200igh has a very long
history (Mandelbrot and van Ness, 1968). The study of sdfital systems (Bak
et al, 1987) may also have some connection. A model of how selftsimilarities
come about as a result of composing an image of differenetdbf is proposed in
(Ruderman, 1997).

A recent paper with a very useful discussion and review ofpsychophysical
importance of the Fourier powers vs. phases is (Wichmani, @086); see also
(Hansen and Hess, 2007).

Another line of research proposes that whitening explatiaal ganglion recep-
tive fields (Atick and Redlich, 1992). (An extension of thiebry explains LGN
receptive field by considering temporal correlations ad {&n et al, 1996a), see
also Chapter 16.) For uniformity of presentation, we follthve mathematical the-
ory of (Dong and Atick, 1995b) both here in the spatial casg iarthe temporal
case in Section 16.3.2. As argued above, the proposal isgunaltic because there
are many ways of whitening data. A possible solution to tledjem is to consider
energy consumption or wiring length, see Chapter 11 for¢biscept, as was done
in (Vincent and Baddeley, 2003; Vincent et al, 2005).

The anisotropy of pixel correlations has been used to exgaine anisotropic
properties in visual psychophysics in (Baddeley and Hakct@91).

An attempt to characterize the proportion of informatioplaxned by the covari-
ance structure in natural images can be found in (ChandteFaid, 2007).

5.11 Exercices
Mathematical exercises

1. Show that if the expectations of the grey-scale valueh®pixels are the same
for all x,y:

E{I(x,y)} =E{I(X,y)} foranyx,y, X,y (5.52)

then removing the DC component implies than the expectatidtx,y) is zero
foranyx,y.

2. Show that ify, , Wy = 0, the removal of the DC component has no effect on the
output of the features detector.

3. Show that if the vectofys,...,yn)" is white, any orthogonal transformation of
that vector is white as well.

4. To get used to matrix notation:
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a. The covariance matrix of the vector= (xq,...,x,)" is defined as the matrix
C with elementscij = cov(x;,Xj). Under what condition do we have =
E{xx"}?

b. Show that the covariance matrixpf= Mx equalsMCM T

5. Denote byw a vector which reduces the dimensionxofo one asz = 5 wiX.
Now, we will show that taking the first principal componernittis optimal way of
reducing dimension if the optimality criterion is leastisges error. This means
that we reconstruct the original data as a linear transfoonaf z as:

IW) =E{Y (x —w;2)*} (5.53)
J

a. Show thad is equal to

ZWJZ Zwivvi/cov(xi,xi/) - ZZWJ' ZWiCOV(Xj,Xi) + 2var(xj) (5.54)
T 0] ] l ]

b. Using this expression faf, show that thev which minimizesJ under the
constraint|w|| = 1 is the first principal component af

Computer assignments

1. Take some images from the Web. Take a large sample of esdyesmall patches
of the images, so that the patch contains just two neighbguypixels. Convert
the pixels to grey-scale if necessary. Make a scatter pldtepixels. What can
you see? Compute the correlation coefficient of the pixalesl

2. Using the same patches, convert them into two new vasalibe sum of the
grey-scale values and and their difference. Do the scal¢apd computer the
correlation coefficient.

3. Using the same images, take a sample of 1,000 patches @rtheof 1 x 10
pixels. Compute the covariance matrix. Plot the covarianatix (because the
patches are one-dimensional, you can easily plot this tweedsional matrix).

4. The same as above, but remove the DC component of the pédohdoes this
change the covariance matrix?

5. The same as above, but with only 50 patches sampled froimtges. How are
the results changed, and why?

6. *Take the sample of 1,000 one-dimensional patches cadmbove. Compute
the eigenvalue decomposition of the covariance matrixt tRk principal com-
ponent weight¥\ (x).



Chapter 6
Sparse coding and simple cells

In the preceding chapter, we saw how features can be leapn&CIA of natural
images. This is a classic method of utilizing the secondoidformation of sta-
tistical data. However, the features it gave were not vetgrasting from a neural
modelling viewpoint, which motivates us to find better madéh fact, it is clear
that the second-order structure of natural images is duraj¢he surface of the sta-
tistical structure of natural images. Look at the outputshef feature detectors of
Figure 1.10, for example. We can see that the outputs ofrdiftekinds of filters
differ from each other in other ways than just variance: thipat of the Gabor filter
has a histogram that has a strong peak at zero, whereas tius tise case for the
histogram of pixel values. This difference is captured inr@perty calledsparse-
ness It turns out that a more interesting model is indeed obthihee look at the
sparseness of the outpihstead of the variance as in PCA.

6.1 Definition of sparseness

Sparseness means that the random variable is most of thevéimelose to zero,
and only occasionally gets clearly nonzero values. Onenafégys that the random
variable is “active” only rarely.

Itis very important to distinguish sparseness from smaiiarece. When we say
“very close to zero”, this is relative to the general deviatof the random variable
from zero, i.e. relative to its variance and standard dewiafThus, “very close to
zero” would mean something like “an absolute value that iallemthan 01 times
the standard deviation”.

To say that a random variable is sparse needs a baseline gfacizon. Here
it is the gaussian (normal) distribution; a random variablsparse if it is active
more rarely compared to a gaussian random variable of the samance (and
zero mean). Figure 6.1 shows a sample of a sparse randonblearc@mpared
to the gaussian random variable of the same variance. Anuide of looking at
sparseness is to consider the probability density fundfpeii). The property of
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being most of the time very close to zero is closely relatetiégproperty that the pdf
has a peak at zero. Since the variable must have some deviatn zero (variance
was normalized to unity), the peak at zero must be compehdste relatively
large probability mass at large values; a phenomenon ofibedc“heavy tails”. In
between these two extremes, the pdf takes relatively srahleg, compared to the
gaussian pdf. This is illustrated in Fig. 6-2.
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Fig. 6.1: lllustration of sparseness. Random samples ofussian variable (top) and a sparse
variable (bottom). The sparse variable is practically zewost of the time, occasionally taking
very large values. Note that the variables have the samaneej and that these are not time series
but just observations of random variables.

6.2 Learning one feature by maximization of sparseness

To begin with, we consider the problem of learning a singldes based on max-
imization of sparseness. As explained in Section 1.8, Iegrfeatures is a simple
approach to building statistical models. Similar to thescasPCA, we consider one
linear features computed using weighi&/(x,y) as

S= %W(x,y)l (%,Y) (6.1)

1 Here we consider the case of symmetric distributions onlg. possible to talk about the sparse-
ness of non-symmetric distributions as well. For examgi¢hé random variable only obtains
non-negative values, the same idea of being very close torrest of the time is still valid and
is reflected in a peak on the right side of the origin. See 8ecti3.2.3 for more information.
However, most distributions found in this book are symneetri
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Fig. 6.2: lllustration of a typical sparse probability dépsThe sparse density function, called
Laplacian, is given by the solid curve (see Eq. (7.18) in tlet chapter for an exact formula) For
comparison, the density of the absolute value of a gausaiziom variable of the same variance
is given by the dash-dotted cuna). the probability density functiong) their logarithms.

While a single feature is not very useful for vision, this eggch shows the basic
principles in a simplified setting. Another way in which wengillify the problem
is by postponing the formulation of a proper statistical mlod’hus, we do not
really estimatethe feature in this section, but rather learn it by some tivelly
justified statistical criteria. In Section 6.3 we show howearn many features, and
in Chapter 7 we show how to formulate a proper statistical eh@ahd learn the
features by estimating it.

6.2.1 Measuring sparseness: General framework

To be able to find features that maximize sparseness, we baleyvelop statistical
criteria for measuring sparseness. When measuring spasene can first normal-
ize sto unit variance, which is simple to do by dividisdy its standard deviation.
This simplifies the formulation of the measures.

A simple way to approach the problem is to look at the expextadf some
function of s, a linear feature of the data. If the function is the squarefion, we
are just measuring variance (which we just normalized todueakto one), so we
have to use something else. Since we know that the variaresuial to unity, we
can consider the square function as a baseline and look &ixjhectations of the
form

E{h(s’)} (6.2)

whereh is somenonlinearfunction.
How should the functioh be chosen so that the formula in Equation (6.2) mea-
sures sparseness? The starting point is the observatibsghgse variables have a
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lot of data (probability mass) around zero because of th& peaero, as well as a
lot of data very far from zero because of heavy tails. Thushaee two different
approaches to measuring sparseness. We can chsusthat it emphasizes values
that are close to zero, or values that are much larger thanHmeever, it may not
be necessary to explicitly measure both of them, becausmtistraint of unit vari-
ance means that if there is a peak at zero, there has to belsngite heavy tails
to make the variance equal to unity, and vice versa.

6.2.2 Measuring sparseness using kurtosis

A simple function that measures sparseness with emphadagsvalues (heavy
tails) is the quadratic function

hi(u) = (u-1)? (6.3)

(We denote byithe argument o, to emphasize that it is not a functionsdirectly.
Typically, u = s°.) Algebraic simplifications show that then the sparsenesasure
is equal to

E{hi ()} =E{($-1)?} =E{s* -2 +1} =E{s"} -1 (6.4)

where the last equality holds because of the unit varianastcaint. Thus, this mea-

sure of sparseness is basically the same as the fourth mpsudrttaction of the

constant (one) is largely irrelevant since it just shifts theasurement scale.
Using the fourth moment is closely related to the classitistia calledkurtosis

kurt(s) = E{s*} — 3(E{s?})2. (6.5)

If the variance is normalized to 1, kurtosis is in fact the saam the fourth moment
minus a constant (three). This constant is chosen so thaddisiis zero for a gaus-
sian random variable (this is left as an exercise). If kust@spositive, the variable
is called leptokurtic (or super-gaussian); this is a singgerational definition of
sparseness.

However, kurtosis is not a very good measure of sparsenessufopurposes.
The basic problem with kurtosis is its sensitivity to outieAn “outlier” is a data
point that is very far from the mean, possibly due to an emahie data collection
process. Consider, for example, a data set that has 1,020 salues and has been
normalized to unit variance. Assume that one of the valuexjisal to 10. Then,
kurtosis is necessarily equal to at least ATD00— 3= 7. A kurtosis of 7 is usually
considered a sign of strong sparseness. But here it was dusrigle value, and not
representative of the whole data set at all!

Thus, kurtosis is a very unreliable measure of sparsenéssiddue to the fact
thath; puts much more weight on heavy tails than on values closerto(zeyrows
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infinitely when going far from zero). It is, therefore, uskfo consider other mea-
sures of sparseness, i.e. other nonlinear functions

6.2.3 Measuring sparseness using convex functions of squar

Convexity and sparseness Many valid measures can be found by considering
functionsh that areconvex ? Convexity means that a line segment that connects
two points on the graph is always above the graph of the fangts illustrated in
Figure 6.3. Algebraically, this can be expressed as foliows

h(axi+ (1—a)xz) < ah(xq) + (1—a)h(xg) (6.6)

forany O< a < 1. It can be shown that this is true if the second derivativh isf
positive for allx (except perhaps in single points).

1.5¢

Fig. 6.3: lllustration of convexity. The plotted functiosyi = —/X+ X+ % which from the view-
point of measurement of sparseness is equivalent to justdpative square root, as explained in
the text. The segment (dashed line) connecting two poinitssa@naph is above the graph; actually,
this is always the case.

Why is convexity enough to yield a valid measure of sparssh&de reason is
that the expectation of a convex function has a large valieitiata is concentrated
in the extremes, in this case near zero and very far from 2enppoints between the
extremes decrease the expectation of the cohwinxe to the fundamental equation
(6.6), wherex; andx, correspond to the extremes, amg; + (1 — o)Xz is a pointin
between.

The functionh; in Equation (6.3) is one example of a convex function, bubwel
we will propose better ones.

2 The convexity we consider here is usually called “strictheexity in mathematical literature.
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An example distribution To illustrate this phenomenon, consider a simple case
wherestakes only three values:

P(s=—5)=0.1,P(s= v5) =0.1,P(s=0) = 0.8 (6.7)

This distribution has zero mean, unit variance, and is gg@se. The squasd
takes the values 0 and 5, which can be considered very largpe isense that it is
rare for a random variable to take values that @&times the standard deviation,
and 0 is, of course an extremely small absolute value. Nawslenove some of the
probability mass from 0 to 1, and to preserve unit variancakerthe largest value
smaller. We define

2)=0.1, P(s=2) = 0.1, P(s=0)=06,  (6.8)
1)=0.1,P(s=1)=0.1 (6.9)

We can now compute the value of the meadg{é(s®)} for the new distribution
and compare it with the value obtained for the original disttion, based on the
definition of convexity:

0.2h(4) +0.2h(1) + 0.6h(0)
= 0.2h(0.8 x 5+ 0.2 x 0) +0.2h(0.2 x 5+ 0.8 x 0) + 0.6h(0)
< 0.2 x (0.8h(5) +0.2h(0)) + 0.2 x (0.2h(5) + 0.8n(0)) + 0.6h(0)
= 0.2h(5)+0.8h(0) (6.10)

where the inequality is due to the definition of convexity i 6.6). Now, the last
expression is the value of the sparseness measure in theabdgstribution. Thus,

we see that the convexity tifmakes the sparseness measure smaller when proba-
bility mass is taken away from the extremes. This is true for@nvex function.

Suitable convex functions A simple convex function — which will be found to be
very suitable for our purposes — is given by the negative sgjt@ot:

ha(u) = —V/U (6.12)

This function is actually equivalent to the one in Figure, ®&8cause the addition of
u= < just adds a constant 1 to the measure: Adding a linear terhretegarseness
measuré has no effect because it only adds a constant due to the aonstf unit
variance. Adding a linear term has no effect on convexityezitwhich is left as
an exercise). This linear term and the constant term weteplted to the function
Figure 6.3 to illustrate the fact that it puts more weight atues near zero and far
from zero, but the weight for values far from zero do not grow fast.

The validity ofh, as a sparseness measure is easy to see from Figure 6.3, which
shows how the measure gives large values if the data is eitbend zero, or takes
very large values. In contrast ta, or kurtosis, it does not suffer from sensitivity to
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outliers because it is equivalent to using the square roatiwgirows very slowly
when going away from zero. Moreovép, also emphasizes the concentration around
zero because it has a peak at zero it3elf.

Another point to consider is that the functibg(s?) is actually equal to the neg-
ative of the absolute value function|g. It is not differentiable at zero, because
its slope abruptly changes froml to +1. This may cause practical problems, for
example in the optimization algorithms that will be used taximize sparseness.
Thus, it is often useful to take a smoother function, such as

hz(u) = —logcoshy/u (6.12)

which is as a function of
hs(s?) = —logcosts (6.13)

The relevant functions and their derivatives are plotteBigure 6.4. Note that the
point is to have a functioh that is a convex function as a function of the square
u=¢< as in Eq. (6.12). When expressed as a functios aé in Eq. (6.13), the
function need not be convex anymore.

Alternatively, one could modifjn, as

hop = —vVU T € (6.14)

wheree is a small constant. This is another smoother version of tjuare root
function. It has the benefit of being simpler tHaywhen we considen as a function
of u; in contrasths tends to be simpler when considered a functios. of

There are many different convex function that one might clepso the question
arises whether there is an optimal one that we should usactndstimation theory
as described in detail in Chapter 7 shows that the optimabkuoreaf sparseness is
basically given by choosing

hopt(s°) = log ps(s) (6.15)

whereps is the probability density function af The functionh, is typically not a
bad approximation of this optimal function for natural ineag Often, the logarithm
of a pdf has an even stronger singularity (peak) at zero thzet ks has. Thus, to
avoid the singularity, it may be better to use something nsimélar to h, or hs.
This will be considered in more detail in Section 7.7.2.

Summary To recapitulate, finding linear feature detectors of maximgparseness
can be done by finding a maximum of

E{h(> W) (xy)]*)} (6.16)
Xy

3 One could also argue thhs does not give a large value for large valuesat all, but only fors

very close to zero, because the functierhas a peak at zero. This is a complicated point because
we can add a linear function te as pointed out above. In any case, it is certain thgiuts much
more weight on values af very close to zero.
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Fig. 6.4: lllustration of the log cosh function and its compan with the absolute value function.
a) The functionh; is Eq. (6.11) is given in solid curve. The functidg in (6.12) is given as a
dash-dotted curvéa) The same functionis, andhgz are given as function of (and not its square).
c) the derivatives of the functions in b).

with respect taV, constraining/V so that

E{[S Wxy)I(xy)]*} =1, (6.17)
Xy

where the functio is typically chosen as in Eq. (6.12).

Usually, there are many local maxima of the objective funt{isee Section 18.3
for the concept of global and local maxima). Each of the lanakima gives a
different feature.

6.2.4 The case of canonically preprocessed data

In practice, we use data that has been preprocessed by theicalnvay described
in Section 5.4. That is, the dimension of the data has bearcestlby PCA to re-
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duce computational load and to get rid of the aliasing artifaand the data has
been whitened to simplify the correlation structure. Démpthe canonically pre-
processed data by, i = 1,...,nthe maximization then takes the form

E {h([iviz]z)} (6.18)

with respect to the weightg which are constrained so that

VZ=Y V=1 (6.19)

6.2.5 One feature learned from natural images

Consider again the three distributions in Figure 5.1. Altleém look quite sparse
in the sense that the histograms (which are just estimatdseqddf’s) have a peak
at zero. It is not obvious what kind of features are maximalharse. However,
optimizing a sparseness measure we can find well-definearésat

Figure 6.5 shows the weightg obtained by finding a local maximum of sparse-
ness, using the sparseness mealsgiaed canonically preprocessed data. It turns out
that features similar to Gabor functions and simple-calepive fields are charac-
terized by maximum sparseness. The features that are l@dhma of sparseness,
they turn out to have the three basic localization propgrtieey are localized in
the (x,y)-space, localized in frequency (i.e. they are bpask), and localized in
orientation space (i.e. they are oriented).

Note that in contrast to variance, sparseness has manyr@odina. Most local
maxima (almost all, in fact) are localized in space, freqiyeand orientation. The
sparsenesses of different local maxima are often not véigreit from each other.
In fact, if you consider a feature detectors whose weighgsgaren by the Gabor
functions which are but otherwise similar but are in two eliéint locations, it is
natural to assume that the sparsenesses of the two featuishm equal, since
the properties of natural images should be the same in altilmts. The fact that
sparseness has many local maxima forms the basis for |eamany features.

6.3 Learning many features by maximization of sparseness

A single feature is certainly not enough: Any vision systeeeas many features
to represent different aspects of an image. Since sparsénéscally maximized
by many different features, we could, in principle, just fimény different local
maxima — for example, by running an optimization algorithtarsng from many



146 6 Sparse coding and simple cells

Fig. 6.5: Three weight vectors found by maximization of spaess in natural images. The max-
imization was started in three different points which eaekieggone vector corresponding to one
local maximum of sparseness.

different random initial conditions. Such a method would e very reliable, how-
ever, because the algorithm could find the same maxima maapti

A better method of learning many features is to find many lecakima that
fulfill some given constraint. Typically, one of two optioissused. First, we could
constrain the detector weight¥ to be orthogonal to each other, just as in PCA.
Second, we could constraint the differsnto be uncorrelated. We choose here the
latter because it is a natural consequence of the generatidel approach that will
be explained in Chapter 7.

Actually, these two methods are not that different afterlaicause if the data is
whitened as part of canonical preprocessing (see Sectidndsthogonality and un-
correlatedness are, in fact, the same thing, as was distusSection 5.3.2.2. This
is one of the utilities in canonical preprocessing. Thugodeslation is equivalent
to orthogonalizationwhich is a classic operation in matrix computations.

Note that there is no order that would be intrinsically defitetween the fea-
tures. This is in contrast to PCA, where the definition autticadly leads to the
order of the first, second, etc. principal component. One @aler the obtained
components according to their sparseness, but such arraydenot as important
as in the case of PCA.

6.3.1 Deflationary decorrelation

There are basically two approaches that one can use in agrsty the different fea-

ture detectors to have uncorrelated outputs. The first ocallisd deflation, and pro-
ceeds by learning the features one-by-one. First, oneddhmfirst feature. Then,
one learns a second feature under the constraint that psiounust be uncorrelated
from the output of the first one, then a third feature whos@uoumust be uncorre-
lated from the two first ones, and so on, always constrairtiegiew feature to be
uncorrelated from the previously found ones. In algorithifiorm, this deflationary

approach can be described as follows:

1. Setk=1.
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2. Find a vectoWV that maximizes the sparseness:

E {h ([ZW(x,y)I (x,yﬂZ) } (6.20)
Xy

under the constraints of unit variancedsflationarydecorrelation:

2
(ZW(x,y)I(x,y)> =1 (6.21)
Xy
{Zny (x,y) ZV\,{ }:Oforalll<i<k (6.22)
Xy

3. Store this vector il and incremenk by one.
4. If k does not equal the dimension of the space, go back to step 2.

The deflationary approach is easy to understand. Howev&ndt recommended
because of some drawbacks. Basically, in the deflationgsyoagh those features
that are found in the beginning are privileged over othehgylcan do the optimiza-
tion in the whole space whereas the last vectarsl¢se to the dimension of the
space) have very little space where to optimize. This leadké gradual deterio-
ration of the features: the latter ones are often rather peoause their form is so
severely restricted. In other words, the random errors (duenited sample size),
as well as numerical errors (due to inexact optimizatiorthmfirst feature weights
propagate to latter weights, and produce new errors in thedurther problem
is that the method is not very principled; in fact, the morm@pled approach to
sparse coding discussed in the next chapter leads to tloe/foly method, symmet-
ric decorrelation.

6.3.2 Symmetric decorrelation

It would be more natural and efficient to use a method in whithha features
are learned on an equal footing. This is achieved in whatllsdtséhe symmetric
approach. In the symmetric approach, we maximizestiraof the sparsenesses of
the outputs. In this maximization, the outputs of all units eonstrained to be un-
correlated. Thus, no filters are privileged. Using the messaof sparseness defined
above, this leads to an opimization problem of the followfiogn:

Maximize iE {h ([ZV\/.(x,y)l (x,y)]2> } (6.23)
i= Xy

under the constraints of unit variance ayinmetrialecorrelation:
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2
E (ZV\/.(x,y)l(x,y)> =1 foralli (6.24)
Xy
E{zvv.<x,y>l(x,y>zvv,-(x,yﬂ(x,y)}:Oforani#j (6.25)
Xy Xy

This approach can also be motivated by considering that wacetually maximiz-
ing the sparseness of a representation instead of spasssn&fsthe features; these
concepts will be discussed next.

Whichever method of decorrelation is used, this approanfidithe number of
features that we can learn to the dimensionality of the dadacanonically prepro-
cessed data, this is the dimensionality chosen in the PGQfe sthis is because the
features are constrained orthogonal in the whitened spacghere can be at mast
orthogonal vectors in an-dimensional space. Some methods are able to learn more
features than this, they will be treated later in Sectior113.

6.3.3 Sparseness of feature vs. sparseness of representati

When considering a group of features, sparseness has ttirctisspects. First, we
can look at the distribution of a single featwsevhen the input consists of many
natural image&,t =1,...T, as we did above — this is what we call the sparseness
of features (or “lifetime sparseness”). The second aspeaotiook at the distribution
of the features; over the index =1,...,n, for a single inputimagé— this is what
we call the sparseness of the representation (or “populaparseness”).

Sparseness of a representation means that a given imageeseated by only
a small number of active (clearly non-zero) features. Thas wn fact, one of the
main motivations of looking for sparse features in the filsicp, and it has been
considered the defining feature of sparse coding, i.e. @spapresentation.

A sparse representation can be compared to a vocabularypokais language.
A vocabulary typically consists of tens of thousands of vgordet, to describe a
single event or a single object, we only need to choose a fendsvd@hus, most of
the words are not active in the representation of a singlateie the same way, a
sparse representation consists of a large number of patésdtures; yet, to describe
a single inputimage, only a small subset of them are activate

This kind of reduction of active elements must be clearltidggiished from
dimension reduction techniques such as principal compoaealysis (PCA). In
PCA, we choose once and for all a small set of features thatsme for representing
all the input patches. The number of these principal featisesmaller than the
dimension of the original data, which is why this is callechénsion reduction. In
a sparse representation, the active features are diffeantpatch to patch, and the
total number of features in the representation need not adlesnthan the number
of dimensions in the original data — in fact, it can even bgéar
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What is then the connection between these two concepts ksespess? Basically,
we could measure the sparseness of the representation wémigiage using the
same measures as we used for the sparseness of the featwgfo Ta single image
I;, the sparseness of the representation given by the imagis¥Wilti = 1...,ncan

be measured as:
Zlh ( ZW (%Y (%,Y)] > (6.26)

For this measure to be justified in the same way as we justifigiddve, it must be
assumed that for the single image, the following two normadion conditions hold:

1. the mean of the features is zero, and
2. the mean of the square of the features equals one (or aayaihstant).

While these conditions do not often hold exactly for a siriglage, they typically
are approximately true for large sets of features. In paldic if the features are
statistically independent and identically distributegl Section 4.5), the conditions
will be approximately fulfilled by the law of large numbers -hetbasic statistical
law that says that the average of independent observagaods to the expectation.
Now, let us assume that we have obserVeichage patchek(x,y),t =1,..., T,

and let us simply take the sum of the sparsenesses of eack icoagputed as in
Equation (6.26) above. This gives

lelh< yW XY (x.y)] ) (6.27)

Rearranging the summations, we see that this is equal to

n T
22N ([zwx,y)lt(x,y)F) (6.28)
i=1t= Xy

The expression in Equation (6.28) is the sum of the sparsereasf the features.
The expression in Equation (6.27) is the sum of the sparsese&s representations.
Thus we see that these two measures are equal. However,jsaghality to be
meaningful, it must be assumed that the normalization ¢mmdi given above hold
as well. Above, we argued that they are approximately fatfilif the features are
approximately independent.

So, we can conclude that sparseness of features and sprsémepresentation
give approximately the same function to maximize, hences#imee feature set. The
functions are closer to equal when the feature sets are Endethe features are
statistically independent and have identical distringioHowever, the measures
might be different if the normalization conditions above #r from true?

4 Here’s a counterexample in which the sparseness of feasizeso but the sparseness of repre-
sentation is high. Consider ten independent gaussianrésatith zero mean. Assume nine have
a very small variance, and one of them has a very large varidbach of the features, considered
separately, is gaussian, and thus not sparse. Howeveradbrimage, the feature distribution has
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6.4 Sparse coding features for natural images

6.4.1 Full set of features

Now we are ready to learn a whole set of features from nataragies. We sampled
randomly 50000 image patches of 3232 pixels, and applied canonical prepro-
cessing to them, reducing the dimension to 256, which mesairing 25% of the
dimensions. We used the logcosh function, hg.in Eq. (6.12), and symmetric
decorrelation. The actual optimization was done using @iapalgorithm called
FastICA, described in Section 18.7.

The obtained results are shown in Figure 6.6. Again, theifeatetector weights
are coded so that the grey-scale value of a pixel means the @ithe coefficient
at that pixel. Grey pixels mean zero coefficients.

Visually, one can see that these feature detectors havetitey properties. First,
they are localized in space: most of the coefficients aretigedly zero outside of a
small receptive field. The feature detectors are also @terffurthermore, they are
multiscale in the sense that most of them seem to be codirsgfal things whereas
a few are coding for large things (in fact, so large that theydt fit in the window,
so that the detectors are not completely localized).

6.4.2 Analysis of tuning properties

We can analyze the feature detectdisfurther by looking at the responses when
gratings, i.e. sinusoidal functions, are input to them.thlneo words, we create arti-
ficial images which are two-dimensional sinusoids, and asmthe outputs;. We
consider sinusoidal functions of the form

fo(X,y) = sin(2rma (sin(8)x+ cog0)y)) (6.29)
fe(x,y) = cog2ma (sin(6)x+ cog0)y)) (6.30)

These are sinusoidal gratings whé&aives the orientation (angle) of the oscilla-
tion, thex axis corresponding t6 = 0. The parametenm gives the frequency. The

two functions give two oscillations in different phases;rmeorecisely, they are in

quadrature-phase, i.e. a 90 degrees phase difference.

Now, we compute these functions for a large number of oriena and fre-
guencies. We normalize the obtained functions to unit ndinen we compute the
dot-products of th&\f with each of the gratings. We can then compute the opti-
mal orientation and frequency by finding tbeand 8 that maximize the sum of the
squares of the two dot-products corresponding to the sircaadunctions. (We take

nine values close to zero and one which is typically verydaand therefore the distribution is
sparse. The key here is that the features have differerdan@es, which violates the normalization
conditions.
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Fig. 6.6: The whole set of symmetrically orthogonalizedtdea vectorsM maximizing sparsity,
learned from natural images.

the sum of squares because we do not want the phase\¢f théhave influence on
this computation.)

This is actually almost the same as computing the 2-D powectspm for all
orientations and frequencies. We could do similar comjratusing the Discrete
(or Fast) Fourier Transform as well, but we prefer here thisal computation for
two reasons. First, we see the concrete meaning of the pgveetram in these
computations. Second, we can compute the gratings for mamg ocombinations
of orientations and frequencies than is possible by the DFT.

In neurophysiology, this kind of analysis is usually donmgslrifting gratings.
In other words, the gratings move on the screen in the doeatif their oscilla-
tion. The maximum response of the cell for a drifting gratofga given (spatial)
frequency and orientation is measured. This is more or lessame thing as the
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analysis that we are conducting here on our model simpls.célie fact that the
gratings move in time may be necessary in neurophysiologgplmse movement
greatly enhances the cell responses, and so this methedsdhster and and more
accurate measurement of the optimal orientation and frecyuélowever, it compli-
cates the analysis because we have an additional paratheteamporal frequency
of the grating, in the system. Fortunately, we do not needstodrifting gratings in
our analysis.

When we have found the optimal frequency and orientatioarpaters, we can
analyze the selectivities by changing one of the paramatéh grating, and com-
puting again the total response to two gratings that havenéive parameters and
are in quadrature phase. Such analysis of selectivity rftuurves) is routinely
performed in visual neuroscience.

In the same way, we can analyze the selectivity to phase., Merenust obvi-
ously take a slightly different approach since we cannat tao filters in quadra-
ture phase since then the total response would not dependeophiase at all. In
neurophysiology, this is analyzed by simply plotting thepense as a function of
time when the input is a drifting grating with the optimaldreency and orientation.
We can simulate the response by simply taking the dot-pitoafud with gratings
whose phase goes through all possible values, and stilikgdpe orientation and
frequency at optimal values. (The real utility of the anaysd phase selectivity will
be seen when the responses of linear features are compatedamiinear ones in
Chapter 10.)

In Figure 6.7 we show the results of the analysis for the fiest fieatures in
Fig. 6.6, i.e., the first ten receptive fields on the first rovha/we see is that all
the cells are tuned to a specific values of frequency, otiemaand phase: any
deviation from the optimal value decreases the response.

Itis also interesting to look at how the (optimal) orientais and frequencies are
related to each other. This is shown in Fig. 6.8. One can saetlile model tries
to cover all possible combinations of these variables. Hewyehere is a strong
emphasis on the highest frequencies that are present imtgei Note that prepro-
cessing by PCA removed the very highest frequencies, soigjies$t frequencies
present are much lower (approx. 9 cycles per patch) than gruist frequency
(32/2=16 cycles per patch).

Another way of looking at the distributions is to plot thetbigrams of the two
parameters separately, as shown in Fig. 6.9. Here we seethgaimost of the fea-
tures have very high frequencies. The orientations areredv@ther uniformly, but
there are more features with horizontal orientation (O guiealently,m). This is an-
other expression of the anisotropy of natural images, direaen in the correlations
in Section 5.7.
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Fig. 6.9: Histograms of the optimal) frequencies and) orientations of the linear features ob-

tained by sparse coding.
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6.5 How is sparseness useful?

6.5.1 Bayesian modelling

The central idea in this book is that it is useful to find goadistical models for nat-
ural images because such models provide the prior probebitieeded in Bayesian
inference, or, in general, the prior information that theual system needs on the
environment. These tasks include denoising and complefiamissing data.

So, sparse coding models are useful for the visual systemplgibecause they
provide a better statistical model of the input dat&e outputs of filter detectors are
sparse, so this sparseness should be accounted for by tred. Méaddid not really
show that we get a better statistical model this way, butihist will be considered
in the next chapter.

A related viewpoint is that of information theory: sparsssies assumed to lead
to a more efficient code of the input. This viewpoint will benstdered in Chapter 8.

6.5.2 Neural modelling

Another viewpoint is to just consider the power of the stai#d models to account
for the properties of the visual system. From the viewpofrdamputational neuro-
sciencesparse coding leads to the emergence of receptive fieldasitmisimple
cells so sparse coding is clearly a better model of the visuakgart this respect
than, say, PCA. Results in Chapters 15 and 16 give even mpp®Hduto this claim.
This viewpoint does not considesythe visual system should use sparseness.

6.5.3 Metabolic economy

However, there are other, additional, reasons as well wivpitld be advantageous
for the visual system to use sparse coding, and these rekaeasothing to do with
the statistics of the input stimuli. The point is that firinfjoells consumes energy,
and energy is one of the major constraints on the biologidasign” of the brain. A
sparse code means that most cells do not fire more than tloeitespeous firing rate
most of the time. Thus, sparse codingigergy-efficient

So, we have a fortunate coincidence where those linearrisathat are opti-
mal statistically are also optimal from the viewpoint of e;yeconsumption. Possi-
bly, future research will show some deep connections betweese two optimality
properties.
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6.6 Concluding remarks and References

In this chapter, we learned feature detectors which maxrtfie sparseness of their
outputs when the input is natural images. Sparseness isististd property which
is completely unrelated to variance, which was the criteinmoPCA in the preceding
chapter. Maximization of sparseness yield receptive figldieh are quite similar to
those of simple cells. This fundamental result is the basidl the developments in
the rest of this book.

Early work on finding maximally sparse projection can be fdim(Field, 1987,
1994). Estimating a whole basis for image patches was figiraplished in the
seminal paper (Olshausen and Field, 1996) using a methosideoad in Sec-
tion 13.1. A detailed comparison with simple cell recepfiedds is in (van Hateren
and van der Schaaf, 1998); see also (van Hateren and Rudet8f8). A discus-
sion on sparseness of features vs. sparseness of reptesergtan (Willmore and
Tolhurst, 2001).

The idea of increasing metabolic efficiency by sparse codatgs back to (Bar-
low, 1972); for more recent analysis, see e.g. (Levy and &at996; Balasubra-
maniam et al, 2001; Attwell and Laughlin, 2001; Lennie, 2003

Some researchers have actually measured the sparseneasmduron outputs,
typically concluding that they are sparse, see (Baddelay, €t997; Gallant et al,
1998; Vinje and Gallant, 2000, 2002; Weliky et al, 2003).

An approach that is popular in engineering is to take a fixeedr basis and then
analyze the statistics of the coefficients in that basisichlly, one takes a wavelet
basis (see Section 17.3.2) which is not very much unlike gagse coding basis.
See (Simoncelli, 2005) for reviews based on such an approach

Approaches for sparse coding using concepts related t@ spkns instead of
mean firing rates include (Olshausen, 2002; Smith and Léy2€k5, 2006).

6.7 Exercices

Mathematical exercises

1. Showthatiff (x) is a (strictly) convex function, i.e. fulfils Eq. (6.6)(x) + ax+b
has the same property, for any constamts

2. Show that the kurtosis of a gaussian random variable is. ZEor simplicity,
assume the variable is standardized to zero mean and umangar Hint: try
partial integration to calculate the fourth moment.)

3. The Gram-Schmidt orthogonalization algorithm is defimasdollows. Givern
feature detector vectoW (x,y) which have been normalized to unit norm, do

a. Set — 1.
b. Compute the new value of the vectgras
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W (X,y) < W (X,y) — ZZVVJX/)/ H(X,Y Wi (x.y) (6.31)
=Xy

c. Renormaliz&M: Wi(x,y) «—W(X,Y)/ /Sy W(X,Y)2.
d. Increment by one and go back to step 1jifs not yet larger tham.

Show that the set of vectors is orthogonal after applicatithis algorithm.

Computer assignments

1. Take some images. Take samples ofx1T0 pixels. Construct a simple edge
detector. Compute its output. Plot the histogram of the wiy@mnd compute its
kurtosis.






Chapter 7
Independent component analysis

In this chapter, we discuss a statistical generative makldtindependent compo-
nent analysis. It is basically a proper probabilistic fotation of the ideas under-
pinning sparse coding. It shows how sparse coding can bemeted as providing

a Bayesian prior, and answers some questions which wergopeiy answered in

the sparse coding framework.

7.1 Limitations of the sparse coding approach

In the preceding chapter, we showed that by finding lineatufeadetectors that
maximize the sparseness of the outputs, we find featureart#icalized in space,
frequency, and orientation, thus being similar to Gaborfioms and simple cell
receptive fields. While that approach had intuitive appiakas not completely
satisfactory in the following respects:

1. The choice of the sparseness measure was rather ad hawlét e interesting
to find a principled way of determining the optimal nonlinéanctionh used in
the measures.

2. The learning of many features was done by simply consirgithe outputs of
feature detectors to be uncorrelated. This is also quitecad dnd some justifi-
cation for the decorrelation is needed.

3. The main motivation for this kind of statistical modegjiof natural images is
that the statistical model can be used as a prior distributioBayesian infer-
ence. However, just finding maximally sparse features doégjine us a prior
distribution.

A principled approach that also solves these problems iguggnerative models. A
generative model describes how the observed data (natoaglas) is generated as
transformations of some simple original variables. Thegioal variables are called
latentsince they cannot usually be observed directly.

159
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The generative model we propose here for modelling natumabe patches is
called independent component analysis. This model wasnailg developed to
solve rather different kinds of problems, in particulare tho-called blind source
separation problem, see the References section below far mimrmation. How-
ever, it turns out that the same model can be interpreted @sradf sparse coding,
and is more or less equivalent to finding linear features dnatmaximally sparse,
as we will see in this chapter.

7.2 Definition of ICA

7.2.1 Independence

The latent variables in independent component analysi&)(Eee called indepen-
dent components. While the term “component” is mainly usedhistorical reasons
(inspired by the expression “principal components”), tlerdv'independence” tells
what the basic starting point of ICA is: the latent variatdes assumed to be statis-
tically independent.

Let us consider two random variables, sayands,. Basically, the variables
ands, are statistically independent if information on the valdiespdoes not give
any information on the value &$, and vice versa. In this book, whenever the word
“independent”is used, it always refers to statistical ipeledence, unless otherwise
mentioned.

Section 4.5 gave a more extensive treatment of independeirce we recall the
basic definition. Let us denote kp(s;,s,) the joint probability density function of
s, ands,. Let us further denote bp; (s1) the marginal pdf ofy, i.e. the pdf ofs;
when it is considered alone. Then we define thaands, are independent if and
only if the joint pdf isfactorizable i.e. the pdf can be expressed as a product of the
individual marginal pdf's

P(s1,S2) = P1(S1) P2(S2)- (7.1)

This definition extends naturally for any numbenf random variables, in which
case the joint density must be a producnhderms. (Note that we use here a sim-
plified notation in whichs appears in two roles: it is the random variable, and the
value taken by the random variable — often these are dengtstightly different
symbols.)

It is important to understand the difference between inddpace and uncor-
relatedness. If the two random variables are independeay,dre necessarily un-
correlated as well. However, it is quite possible to haveloan variables that are
uncorrelated, yet strongly dependent. Thus, correlateslizea special kind of de-
pendence. In fact, if the two variables ands, were independent, any nonlinear
transformation of the outputs would be uncorrelated as:well
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cov(gi(s1),02(s2)) = E{0a(s1)02(s2) } — E{gu(s1) }E{g2(s2)} =0 (7.2)

for any two functiongy; andg,. When probing the dependencespands;, a sim-
ple approach would thus be to consider the correlationsmfswonlinear functions.
However, for statistical and computational reasons, wedeVelop a different ap-
proach below.

7.2.2 Generative model

The generative model in ICA is defined by a linear transforomabf the latent
independent components. Let us again denotky) the pixel grey-scale values
(point luminances) in an image, or in practice, a small impgich. In ICA, an
image patch is generated as a linear superposition of sceherésA;, as discussed
in Section 2.3:

160) = 3 AGcy)S (7.9

for all x andy. Thes are coefficients that are different from patch to patch. They
can thus be considered as random variables, since theies/aliange randomly
from patch to patch. In contrast, the featubgesre the same for all patches.

The definition of ICA is now based on three assumptions magdarding this
linear generative model:

1. The fundamental assumption is that sharestatistically independenthen con-
sidered as random variables.

2. Inthe next sections we will also see that in order to be mbéstimate the model,
we will also have to assume that the distributions ofgh@enon-gaussianThis
assumption shows the connection to sparse coding sinceesyss is a form of
non-gaussianity.

3. We will also usually assume that the linear system defiyetidA is invertible
but this is a technical assumption that is not always corafyleiecessary. In
fact, we will see below that we might prefer to assume thalittear system is
invertible after canonical preprocessing, which is notgttie same thing.

These assumptions are enough to enaskimationof the model. Estimation
means that given a large enough sample of image patghees; 1,...,T, we can
recover some reasonable approximations of the valuds, afithout knowing the
values of the latent componergsn advance.

One thing that we cannot recover is the scaling and signseofdmponents. In
fact, you could multiply a componesgtby any constant, say -2, and if you divide the
corresponding\ by the same constant, this does not show up in the data in any wa
So, we can only recover the components up to a multiplicatiwestant. Usually, we
simplify the situation by defining that the components havi¢ variance. This only
leaves the signs of the components undetermined. So, focamponents, we
could just as well consider the componers.
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As typical in linear models, estimation of tiig is equivalent to determining the
values of theM which give thes as outputs of linear feature detectors with some
weights\W:

S = Z\M(va)l (va) (74)
Xy

for each image patch. The coefficieMtsare obtained by inverting the matrix of the
A.

7.2.3 Model for preprocessed data

In practice, we will usually prefer to formulate statisticaodels for canonically pre-
processed data (see Section 5.4). The data variables irethated representation
are denoted byg. For a single patch, they can be collected to a vecto(z, . . .,z,).
Since a linear transformation of a linear transformatiostis a linear transforma-
tion, thez are also linear transformations of the independent compsrss al-
though the coefficients are different from those in the oiddjspace. Thus, we have

m
Z = Z bijs; (7.5)
=1

for some coefficienth;; which can be obtained by transforming the featu¥assing
the same PCA transformation which is applied on the images.

We want to choose the numberof independent components so that the lin-
ear system can be inverted. Since we are working with preyssed data, we will
choosen so that it equals the number of variables after canonicgnpeessing (in-
stead of the number of original pixels). Then, the systengn(E.5) can be inverted
in a unique way and we can compute thas a linear function of thg:

n
s=3 Vijz =vz (7.6)
=1

Here, the vectow; = (vij,...,Vni) allows a simple expression using vector prod-
ucts. The coefficients; are obtained by inverting the matrix of the coefficieis
The coefficient8\f in Equation (7.4) are then obtained by concatenating ttealin
transformations given byj; and canonical preprocessing (i.e. multiplying the two
matrices).

7.3 Insufficiency of second-order information

When comparing the feature learning results by PCA and spaoding, it is nat-
ural to conclude that the second-order information (i.eaciances) used in PCA



7.3 Insufficiency of second-order information 163

and other whitening methods is insufficient. In this sectiae justify the same
conclusion from another viewpoint: we show that seconcepidformation is not
sufficient for estimation of the ICA model, which also im@ighat the components
should not be gaussian.

7.3.1 Why whitening does not find independent components

It is tempting to think that if we just whiten the data, maybhe whitened com-
ponents are equal to the independent components. Thegastfi would be that
ICA is a whitening transformation, because it gives compdsievhich are inde-
pendent, and thus uncorrelated, and we defined their vasatocbe equal to one.
The fundamental error with this logic is that there is an itdimumber of whiten-
ing transformations, because any orthogonal transfoomati whitened data is still
white, as pointed out in Section 5.3.2. So, if you whiten thtady, say, PCA, you
get just one of those many whitening transformations, aedetlis absolutely no
reason to assume that you would get the ICA transformation.

There is a reason why it is, in fact, not possible to estimatd €A model using
anymethod which is only based on covariances. This is due tsyhenetnof the
covariance matrix: co\zy, zy) = cov(z,z). Thus, the number of different covari-

ances you can estimate from data is equél(—Egl), i.e. roughly one half of?. In
contrast, the number of parameterswe want to estimate (this refers to the model
with preprocessed data in Equation (7.5)) is equafto, if we try to solve thé;;

by forcing the model to give just the right covariance stiwet we have less equa-
tions (by one half!) than we have variables, so the solusamoit uniquely defined!
The same logic applies equally well to the original data befiveprocessing.

This is illustrated in Figure 7.1. We take two independemhponentss; and
S with very sparse distributions. Their joint distribution, a), has a “star-shape”
because the data is rather much concentrated on the cotrdixes. Then, we mix
these variables linearly using randomly selected coefftsie;; = 0.5, by, = 1.5,
b,1 = 1 andby, = 0.2. The resulting distribution is shown in Figure 7.1b). Ther's
has now been “twisted”. When we whiten the data with PCA, wdtgedistribution
in ¢). Clearly, the distribution is not the same as the oadjdtistribution in a). So,
whitening failed to recover the original components.

On the positive side, we see that the whitened distributioRigure 7.1c) has
the right “shape”, because what remains to be determindukisight orthogonal
transformation, since all whitening transformations amth@gonal transformations
of each other. In two dimension, an orthogonal transforamas basically a rotation.
So, we have solved part of the problem. After whitening, wewrhat we only
need to look for the remaining orthogonal transformatiohich reduces the space
in which we need to search for the right solution.

Thus, we see why it was justified to constrain the differeatdes detectors to
give uncorrelated outputs in the sparse coding framewo8eiction 6.3. Constrain-
ing the transformation to be orthogonal for whitened datgjisivalent to constrain-
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c)

Fig. 7.1:a) The joint distribution of the independent componestsainds, with sparse distribu-
tions. Horizontal axiss;, vertical axis:s,. b) The joint distribution of the observed data which are
linear transformations of thg ands,. ¢) The joint distribution of observed data after whitening
by PCA.

ing the features; to be uncorrelated (and to have unit variance). Even in tee o&
ICA estimation, the features are often constrained to bewueated, because this
simplifies the objective function, as discussed later is tfiapter, and allows the
development of very efficient algorithms (see Section 18c7gontrast, in the ICA
framework, it is not justified, for example, to constrain treginal featureg\, or the
detector weight8\f to be orthogonal, since the mixing matrix (or rather, itsarse)
is not necessarily orthogonal in the ICA model.

7.3.2 Why components have to be non-gaussian

The insufficiency of second-order information also implibat the independent
components must not be gaussian, because gaussian da@sowthing else than
second-order information. In this section, we explain aptewf different view-
points which further elaborate this point.

7.3.2.1 Whitened gaussian pdf is spherically symmetric

We saw above that after whitening, we have to find the rigtdtion (orthogonal
transformation) which gives ICA. If the data is gaussiais ik, in fact, not possible
due to a symmetry property of gaussian data.

To see why, let us consider the definition of the gaussianrpéiuation (5.17)
on page 115. Consider whitened variables, whose covari@atex is the identity
matrix by definition. The inverse of the identity matrix isetidentity matrix, so
C~1is the identity matrix. Thus, we havg; xx;[C~1];j = ¥;x?. Furthermore, the
determinant of the identity matrix is equal to one. So, théipdEquation (5.17)
becomes

1 1

1 1
P(X1,...,%n) = WGXP(—E sziz) = WEXP(—EHXHZ) (7.7)
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This pdf depends only on the nofw||. Such a pdf is called spherically symmetric:
Itis the same in all directions. So, there is no informatifhih the data to determine
the rotation corresponding to the independent components.

An illustration of this special property of the gaussiantilisition is in Fig-
ure 7.2, which shows a scatter plot of two uncorrelated ganssriables of unit
variance. The distribution is the same in all directiongapt for random sampling
effects. The circles show contours on which the pdf is canisttis clear that if you
rotate the data in any way, the distribution does not chasgéhere is no way to
distinguish the right rotation from the wrong ones.

Fig. 7.2: A scatter plot of two uncorrelated gaussian vdestof unit variance. This is what any
whitening method would give when applied on gaussian ddte.distribution is spherically sym-
metric, i.e. the same in all directions. This is also seendokihg at contours on which the pdf is
constant: they are circles, as further plotted here.

7.3.2.2 Uncorrelated gaussian variables are independent

A further justification why ICA is not possible for gaussiaariables is provided by
a fundamental result in probability theory. It says thatifidom variables;, ..., s,
have a gaussian distribution and they are uncorrelated,ttiey are also indepen-
dent. Thusfor gaussian variables, uncorrelatedness and indeperelarecthe same
thing, although in general uncorrelatedness does not imply iedépnce. This fur-
ther shows why ICA brings nothing new for gaussian variablé® main interest-
ing thing you can do to gaussian variables is to decorreltemi which is already
accomplished by PCA and other whitening methods in Chapter 5
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It is easy to see from Equation (7.7) why uncorrelated ganssgariables are
independent. Here, the variables are actually white, hey have also been stan-
dardized to unit variance, but this makes no differenceessuch standardization
obviously cannot change the dependencies between thébleid he point is that
the pdf in Equation (7.7) is something which can be factatize

POt 30) = [ = exi— ) (78)

where we have used the classic identity @ b) = exp(a) exp(b). This form is
factorized, i.e. it is a product of the one-dimensional dtadized gaussian pdf’s.
Such factorization is the essence of the definition of indepace, as in Equa-
tion (7.1). So, we have shown that gaussian variaklesme independent if they
are uncorrelated.

Thus, the components in ICA have to be non-gaussian in ooddiCfA to be
meaningful. This also explains why models based on nonsgiguity (such as ICA)
are very new in the field of statistics: classic statistidaigely based on the assump-
tion that continuous-valued variables have a gaussiantilisbn—that is why it is
called the “normal” distribution!

7.4 The probability density defined by ICA

Now that we have a statistical generative model of the datacan compute the
probability of each observed image patch using basic egulprobability theory.
Then we can estimate the optimal features using classimatitin theory. This
solves some of the problems we mentioned in the introdudtidhis chapter: we
will find the optimal measure of sparseness, and we will seg thb constraint of
uncorrelatedness of the features makes sense. And ohyisestan then use the
model as a prior probability in Bayesian inference.

Let us assume for the moment that we know the probability itkefinctions
(pdf’s) of the latent independent componegtsThese are denoted lyy. Then, by
definition of independence, the multidimensional pdf ofth# 5 is given by the
product:

pls.50) = [ p(S) 7.9)

What we really want to find is the pdf of the observed preprsedvariableg;,
which is almost the same thing as having a pdf of the imagehpat¢x,y). It is
tempting to think that we could just plug the formula for thagiven by equation
(7.6) into equation (7.9). However, this is not possiblee Tiext digression (which
can be skipped by readers not interested in mathematicalgjetill show why not.

Short digression to probability theory To see why we cannot just combine (7.9) and (7.6),

let us consider what the pdf means in the one-dimensional, edsere we have just one variable
s with probability densityps. By definition, the pdf at some poiisg gives the probability thas



7.5 Maximum likelihood estimation in ICA 167

belongs to a very small interval of lengthas follows:

P(s € [s0,5+d]) = ps(s0)d (7.10)

Now, let us consider a linearly transformed variatle- as for a > 0. Here,s can be solved as
s=wxwherew = 1/a (note that we use a notation that is as close to the ICA casesatbe). Let
us just plug this in the equation (7.10) and consider theghity at pointsy = wxo:

P(wx € [Wxog, wxo +d]) = ps(wxp)d (7.11)
Obviously,P(wx € [x1,X2]) = P(x € [X1/W,X2/W]). So, we can express (7.11) as

Ps(Wxo)d = P(X € [Xo, X0 + V%]) = px(XO)V% (7.12)

Note that the length of the interval changed tad/w, and so we changed the right-hand side
of the equation to get the same term. Multiplying both sidésh equation byw/d we get
Ps(Wxo)W = px(Xo). Thus, the actual pdf ofis ps(wx)w, instead of simplyps(wx) ! This shows that

in computing the pdf of a transformation, tobkange in scaleaused by the transformation must
be taken into account, by multiplying the probability dépdiy a suitable constant that depends
on the transformation.

In general, an important theorem in probability theory sthat for any linear
transformation, the probability density function shouddrbultiplied by the absolute
value of thedeterminantdetV of the matrix that gives the linear transformation.The
determinant of a matrix is a measure of the associated changgale (volume).
The absolute value of the determinant is equal to the voluihtieeoparallelepiped
that is determined by its column vectors. (For more infoiprabn the determinant,
see Section 19.4.)

Thus, the pdf of the preprocessed datiefined by ICA is actually given by

P(2) = detv) [|pf2 ~ [detV)|[]p(S viz) (.19
1= 1= =

whereV is a matrix whose elements are given by the coefficigntén other words,
the rows ofV are given by the vectors.

The pdf depends not only on the patch gjebut also on the parameters of the
model, i.e. the weightsjj. Equivalently, we could consider the probability as a
function of the featureb;j, but this does not make any difference, sinceviheare
uniquely determined by thlg; and vice versa. The formula for the probability in
equation (7.13) is more easily formulated as a function efuctorsy;.

7.5 Maximum likelihood estimation in ICA

Maximum likelihood estimation is a classic, inde#tk classic method for estimat-
ing parameters in a statistical model. It is based on a sippieiple: Find those

parameter values that would give the highest probabilitytfie observed data. A
brief description was provided in Section 4.8.
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Thelikelihoodis the probability of observing the data for given model paga
ters. For a given data set, it is thus a function of the pararseLet us assume that
we have observe@ image patchek(x,y),t =1,...,T that are collected at random
locations in some natural images. We consider here canbnpraprocessed data,
let us denote by; the vector obtained by canonically preprocessing the inpageh
It

Because the patches are collected in random locations, wassume that the
patches are independent from each other. Thus, the pribabibbserving all these
patches is the product of the probabilities of each patcks giies the likelihood.
of the observed data:

- T
L(v1,...,Vn) = tl:! Plz) = tl:!

Itis much simpler to look at the logarithm of the likelihoadhich is, after some
simple rearrangements:

| det(V)] r! pi <v?zt>1 (7.14)

logL(Vy,...,vn) = Tlog|detV)| + iilog pi(V{ z¢) (7.15)
=l

Since the logarithm is a increasing function, maximizatdnhe likelihood is the
same as maximization of this log-likelihood. Estimatiorthg maximum likelihood
method now means that we maximize the log-likelihood in Hguma(7.15) with
respect to the parameters, that is, the weightéChoosing the functions Iqg will
be discussed in Section 7.7.)

Maximization of the log-likelihood can be accomplished lynerical optimiza-
tion methods. In addition to general-purpose methods,iabdor-made methods
have been developed for this particular ICA maximizaticakiah thorough discus-
sion of such optimization methods can be found in Chapteaa8,we will not go
into details here. Let us just note that the first term in Eiguat.15 can be consid-
ered to be constant and omitted, as we will see in Sectiod.7.7.

7.6 Results on natural images

7.6.1 Estimation of features

Using maximum likelihood estimation on @00 image patches of size 3382 pix-
els as in the preceding chapters, we obtain the results ur&ig.3. These features
have the same qualitative properties as the feature deseettimated by maxi-
mization of sparseness in Figure 6.6 on page 151. That i$e#tteres are spatially
localized, oriented, and code for different scales (freupies).

This is actually not surprising because, as will be showrt,n@aximum like-
lihood estimation of ICA is mathematically almost equiveleo the sparse coding
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analysis we did in Section 6.4. The only difference is thatase here showing
the (generating) feature instead of the feature detectof$. This difference is
explained in detail in Section 7.10.

\

Fig. 7.3: The whole set of featurég obtained by ICA. In this estimation, the functions lagvere
chosen as in Equation (7.19) in Section 7.7.

7.6.2 Image synthesis using ICA

Now that we have defined a generative model, we can generatgeidata from it.
We generate the values of tseindependently from each other, and multiply the
estimated feature&; with them to get one generated image patch. One choice we
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have to make is what our model of the marginal (i.e. indivijidatributions of the
independent componentis. We use here two distributiorteelfirst case, we simply
take the histogram of the actual component in the natura@sai.e. the histogram
of eachy, W (x,y)I(x,y) when computed over the whole set of images. In the
second case, we use a well-known sparse distribution, tipéatian distribution
(discussed in the next section), as the distribution oftldependent components.

Figures 7.4 and 7.5 show the results in the two cases. Thaesiatresults are
clearly different than those obtained by PCA on page 117ehle can see more
oriented, edge-like structures. However, we are obviofalyrom reproducing all
the properties of natural images.

Fig. 7.4: Image synthesis using ICA. 20 patches were ranglg@herated using the ICA model
whose parameters were estimated from natural images.dfighire, the marginal distributions of
the components were those of the real independent commor@ompare with real natural image
patches in Figure 5.2 on page 99, and the PCA synthesisseésutgure 5.13 on page 117.

7.7 Connection to maximization of sparseness

In this section, we show how ICA estimation is related to spaess, how we should
model the log; in the log-likelihood in Equation 7.15 and how this conneuwtiells
us how we should design the sparseness measure.
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Fig. 7.5: Image synthesis using ICA, and a Laplacian appratbn of the pdf of the independent
components. Compare with Figure 7.4, in which the real itistions were used for the indepen-
dent components. The results are perhaps less realisttwsedhe Laplacian distribution is less
sparse than the real distributions.

7.7.1 Likelihood as a measure of sparseness

Let us assume, as we typically do, that the linear featunesidered are constrained
to be uncorrelated and to have unit variance. This is eqaitab assuming that the
transformation given by is orthogonal in the canonically preprocessed (whitened)
space. Thus, the matrix is constrained orthogonal. It can be proven that the deter-
minant of an orthogonal matrix is always equatttd. This is because an orthogonal
transformation does not change distances and thus not esleither; so the abso-
lute value of the determinant which measures the changelimemust be equal

to 1. Thus, the first term on the right-hand-side of Eq. (7i$5)ero and can be
omitted.

The second term on the right-hand-side of Eq. (7.15) is tipeetation (mul-
tiplied by T) of a nonlinear function log; of the outputs of the feature detector
(more precisely, an estimate of that expectation, sinsastiomputed over the sam-
ple). Thus, what the likelihood really boils down to is me@sg the expectations of
the formE{ f(s)} for some functionf.

The connection to maximization of sparseness is now evidfethe feature out-
puts are constrained to have unit variance, maximizatidghefikelihood is equiv-
alent to maximization of the sparsenesses of the outfjutise functions logy; are
of the form required for sparseness measurements, i.e.\ifevean express them as

logpi(s) = hi() (7.16)
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where the functionk; areconvexIn other words, the functions
hi(u) = log pi(v/u) (7.17)

should be convex fan > 0. It turns out that this is usually the case in natural images
as will be seen in the next section.

Earlier, we considered using the negative of square robt &s the probabilistic
interpretation given by ICA, using the square root meansttteapdf of a component
5 is of the form

(8)=
N
where the constants have been computed sathas unit variance, and the integral
of the pdfis equal to one, as is always required. This distigim is called Laplacian.
It is also sometimes called the double exponential digtidloy since the absolute
value ofs has the classic exponential distribution (see Equatiofil{don page 90).
The Laplacian pdf was already illustrated in Figure 6.2 ogga39.

As already pointed out in Chapter 6, using the Laplacian pdfime numeri-
cally problematic because of the discontinuity of its dative. Thus, one might use
a smoother version, where the absolute value function imcep by the logcosh
function. This also corresponds to assuming a particul&rf@dthe independent
components, usually called the “logistic” pdf. When prdp@ormalized and stan-
dardized to unit variance, the pdf has the form

s 4/3
logpi(s) = —2logcosi—=s) — — 7.19
gPi(s) = ~2logeosii—=s) — = (7.19)
In practice, the constants here are often ignored, and githplplain log cosh func-
tion often is used to keep things simple.

exp(—v2/s ) (7.18)

7.7.2 Optimal sparseness measures

The maximum likelihood framework tells us what the nonliriées used in the
sparseness measure really should be. They should be chagediag to Equation
(7.17). These nonlinearities can be estimated from natoragies. To really find
the best nonlinearities, we could first maximize the likebld using some initial
guesses of thh;, then estimate the pdf’s of the obtained independent coemisn
and recompute thl; according to Equation (7.17). In principle, we should then
re-estimate th®\f using these news;, re-estimate thé; using the latestVf and so
on until the process converges. This is because we are bBasitaximizing the
likelihood with respect to two different groups of paramstgheW and theh;) and
the real maximum can only be found if we go on maximizing onthefparameters
groups with the other fixed until no increase in likelihood & obtained. However,
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in practice we do not need to bother to re-iterate this probesause thie do not
change that much after their initial estimation.

Figure 7.6 shows twb;’s estimated from natural images with the corresponding
log-pdf’s; most of them tend to be very similar. These areawted by computing
a histogram of distribution of two independent componestsraated by a fixedh:
the histogram gives an estimatemffrom whichh; can be derived.

We see that the estimatégdare convex, if we ignore the behaviour in the tails,
which are impossible to estimate exactly because they tostefew data points.
Theh; estimated here are not very different from the square rawnttfan, although
sometimes they tend to be more peaked.

If we want to use such optimal nonlinearities in practice, veed to use para-
metric probability models for the (log-)pdf’'s. Using higiam estimates that we
show here is not used in practice because such estimatesocanpinexact and
non-smooth. One well-known option for parameterized desssis the generalized
gaussian density (sometimes also called the generalizglddian density):

1 |si|“

p(s) = Eexp(— b ) (7.20)

The parameterb andc are determined so that this is a pdf (i.e. its integral equals
one) which has unit variance. The correct values are

r(z) 2by/Tr (3)
b= ,_(%) and C:W (7.21)

wherel" is the so-called “gamma” function which can be computed fesyin most
software for scientific computation. The parameder- O controls the sparseness
of the density. Ifa = 2, we actually have the gaussian density, andofer 1, the
Laplacian density. What is most interesting when modellimages is that foo < 1,
we have densities that are sparser than the Laplacian gearsitcloser to the highly
sparse densities sometimes found in image features.

Another choice is the following density:

(a+2)[a(a+1)/2)@/21)
Ja@ D2+ )

with a sparseness parameterWhena — o, the Laplacian density is obtained as
the limit. The strong sparsity of the densities given by thisdel can be seen e.g.,
from the fact that the kurtosis of these densities is alwaygdr than the kurtosis of
the Laplacian density, and reaches infinity dox 2. Similarly, p(0) reaches infinity
asa goes to zero.

A problem with these highly peaked distributions is thatthes not smooth, in
particular their derivatives are discontinuous at zera. the generalized gaussian
distribution, the derivative is actually infinite at zera @ < 1. Thus, to avoid prob-
lems in the computational maximization of sparseness meggtimay not be a bad
idea to use something more similar to a square root functigmactical maximiza-

PS) = 5 (7.22)
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Fig. 7.6: Estimated optimdd from natural images. After doing ICA, the histograms of thenpo-

nent with the highest kurtosis and a component with kurtivsstee middle range were computed,
and their logarithms taken. The feature corresponding ¢ohilghest kurtosis is on the left, and
the one corresponding to the mid-range kurtosis is on thet.rigop row: feature. Second row:
logarithm of pdf. Third row: optimah;. Bottom row: the derivative of log-pdf for future reference

tion of the sparseness measures. Actually, usually we usmathed version of the
square root function as discussed in Section 7.7.1.

The two density families in Equations (7.20) and (7.22) #ustrated in Fig-
ure 7.7. While it does not seem necessary to use such moreagedensity models
in the estimation of the basis, they are likely to be quitduise Bayesian inference
where we really do need a good probabilistic model.
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Fig. 7.7: Top row: Some plots of the density function (leftdats logarithm (right) given in Eqs
(7.20),a is given values 0.75, 1 and 1.5. More peaked ones corresjposidallera. Bottom row:
Plots of the density function (7.22), is given values (&, 2, 10. More peaked values correspond to
smallera.

7.8 Why are independent components sparse?

There are many different ways in which random variables camén-gaussian.
What forms do there exist, and why is it that independent comepts in images are
always sparse — or are they? These are the questions thatinesadh this section.

7.8.1 Different forms of non-gaussianity

While the forms of non-gaussianity are infinite, most of thenigaussian as-
pects that are encountered in real data can be described -amessianity, super-
gaussianity, or skewness.

Super-gaussianity is basically the same as sparseness, 8fiper-gaussianity is
defined as positive kurtosis (see Equation (6.5) for a defimaf kurtosis), but other
definitions exist as well. The intuitive idea is that the pabliity density function
has heavy tails and a peak at zero.
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The opposite of super-gaussianity is sub-gaussianitylhwisi typically charac-
terized by negative kurtosis. The density function is “flatbund zero. A good
example is the uniform distribution (here standardized nd uariance and zero

mean)
Lo if g <3
p(s) = q 2% ”—.‘f (7.23)
0, otherwise

The kurtosis of this distribution equalss/5, which is left as an exercise.

An unrelated form of non-gaussianity is skewness whichdadlgimeans the lack
of symmetry of the probability density function. A typical@ample is the exponen-
tial distribution:

o(s) = {exp(—s), ifs>0 (7.24)

0, otherwise

which is not symmetric with respect to any point on the hanizab(s) axis. Skewness
is often measured by the third moment (assuming the meama} ze

skew(s) = E{s’} (7.25)

This is zero for a symmetrically-distributed random val&athat has zero mean
(this is left as an exercise). In fact, skewness is usualiyndé as exactly the third
moment. However, any other nonlinear odd function could $edunstead of the
third power, for example the function that gives the sigri] of s.

7.8.2 Non-gaussianity in natural images

Is it true that all the independent components in naturabeseare sparse, and no
other forms of non-gaussianity are encountered? This isstlinue, but not quite.

The skewness of the components is usually very small. Aftenatural images
tend to be rather symmetric in the sense that black and wtétegually probable.
This may not be exactly so, since such symmetry depends anghsurement scale
of the grey-scale values: a non-linear change of measuresoale will make sym-
metric data skewed. However, in practice, skewness seebesgo small that it can
be ignored.

There are some sub-gaussian components, though. In partitie DC compo-
nent, i.e. the mean luminance of the image patch, is tygisalb-gaussian. In fact,
its distribution is often not far from a uniform distributiolf we do not remove the
DC component from the images (in contrast to what we usually @nd we use
an ICA algorithm that is able to estimate sub-gaussian compis as well (not all
of them are), the DC component actually tends to be estinsgenhe independent
component. Depending on the window size and the preproweasid, a couple of
further very low-frequency components can also be subgjans
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7.8.3 Why is sparseness dominant?

One reason why the independent components in images aréyrapatse is the
variation of the local variance in different parts of an irradome parts of the
image have high variation whereas others have low variatiofaect, flat surfaces
have no variation, which is sometimes called the blue-stgcef

To model this change in local variance, let us model an indegeet component
s as a product of an “original” independent compongnf unit variance, and an
independent, non-negative “variance” variatile

S =Gidi (7.26)

We calld; a variance variable because it changes the scale of eacivatise ofg;.
Such a variance variables will be the central topic in Cha®te

Let us assume that the original compongns$ gaussian with zero mean and unit
variance. Then the distributions of tlseis necessarily super-gaussian, i.e. it has
positive kurtosis. This can be shown using fact that for esgeun variable, kurtosis
is zero and thug&{g'} = 3, so we have

kurts = E{s} — 3(E{$))” = E{d'q"} — 3(E{d?e?})®
= E{¢}E{g} - 3(E{d’h)*(E{a?})* = 3[E{d} - (E{d?})?] (7.27)

which is always non-negative because it is the varianc# ofiultiplied by 3. It can
be zero only ifd; is constant.

Thus, the changes in local variance are enough to transtegrgaussian distri-
bution of g; into a sparse distribution fag. The resulting distribution is called a
gaussian scale mixture.

7.9 General ICA as maximization of non-gaussianity

Now we can consider the problem of ICA estimation in more gelitg, in the
case where the components are not necessarily sparsetitufzar we consider the
following two questions: Does estimation of ICA for non-sg@components have
a simple intuitive interpretation, and: Is there a deepasoa why maximization
of sparseness is related to the estimation of the ICA modets& questions can
be answered based on the Central Limit Theorem, a most fuedt@itheorem in
probability theory. Here we explain this connection andghow it leads to a more
general connection between independence and non-gaityssian
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7.9.1 Central Limit Theorem

The Central Limit Theorem (CLT) basically says that when yake an average or
sum of many independent random variables, it will have aibigion that is close
to gaussian. In the limit of an infinite number of random vialés, the distribution
actually tends to the gaussian distribution, if properlymalized:

1 X :

’\Illinm N n;sn gaussian (7.28)
where we assume that have zero mean. We have to normalize the sum here be-
cause otherwise the variance of the sum would go to infinigteNhat if we nor-
malized by ¥N, the variance would go to zero.

Some technical restrictions are necessary for this resoltsold exactly. The
simplest choice is to assume that theall have the same distribution, and that
distribution has finite moments. The CLT is illustrated iigtie 7.8.

7.9.2 “Non-gaussian is independent”

What does the CLT mean in the context of ICA? Let us considémeat combi-
nation of the observed variableg; wiz. This is also a linear combination of the
original independent components:

Ywizi=Ywy ajsi= Y () wiaij)sj =y qjs; (7.29)
T i ] [ J

where we have denotegj = ;wia;;. We do not know the coefficienty because
they depend on tha;.

The CLT would suggest that this linear combinatipj;s; is closer to gaussian
than the original independent componesjtsThis is not exactly true because the
CLT is exactly true only in the limit of an infinite number ofdependent compo-
nents, and there are restrictions on the distributionsgkample, the variabless;
do not have identical distributions if trog are not equal). However, the basic idea
is correct. This is illustrated in Figure 7.9 which showstttie original indepen-
dent components are more gaussian than the observed datavhaitening, shown
in Figure 7.1.

Thus, based on the central limit theorem, we can intuitivebtivate a general
principle for ICA estimation: find linear combinatiorysw;z of the observed vari-
ables that are maximally non-gaussian.

Why would this work? The linear combinatiof) wiz equals a linear combina-
tion of the independent components with some coefficignt®Now, if more than
one of theg; is non-zero, we have a sum of two independent random vasabBe
cause of the CLT, we can expect that such a sum is closer tsigaubat any of the
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a) b) c)

A a

Fig. 7.8:a) Histogram of a very sparse distribution) Histogram of a sum of two independent
random variables distributed as in a), normalized by dividdy+/2. c) Histogram of a normalized
sum of ten variables with the same distribution as in a). Tdaesof the axes are the same in all
plots. We see that the distribution goes towards gausgianit

a) b)

Fig. 7.9:a) Histogram of one of the original components in Figure BJlHistogram of one of
the whitenedcomponents in Figure 7.1. The whitened component has abdistm which is less
sparse, thus closer to gaussian.

original variables. (This is really only an intuitive jufitiation and not exactly true.)
Thus, the non-gaussianity of such a linear combination igimal when it equals
one of the original independent components, and the makimah-gaussian linear
combinations are the independent components.

Here, we have to emphasize that this connection betweergaossianity and
independence only holds for linear transformations. InZ&a9 we will see that
for nonlinear transformations, such a connection need xist at all, and may in
fact be reversed.

7.9.3 Sparse coding as a special case of ICA

Estimation of ICA by maximization of sparseness can now lea s a special case
of maximization of non-gaussianity. Sparseness is one fdmon-gaussianity, the
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one that is dominant in natural images. Thus, in natural Bsaghaximization of
non-gaussianity is basically the same as maximizationarsgmess. For other types
of data, maximization of non-gaussianity may be quite d#ffe from maximization
of sparseness.

For example, in the theory of ICA, it has been proposed thahtin-gaussianity
of the components could be measured by the sum of the squdteslartoses:

n

Zl[kurt(v?z)]z (7.30)

where, as usual, the data vectis whitened and the feature vectorsare con-
strained to be orthogonal and to have unit norm. It can be slibat ICA estimation
can really be accomplished by maximizing this objectivection. This works for
both sub-gaussian and super-gaussian independent conipone

Now, if the components all have positive kurtoses, maxingzhis sum is closely
related to finding vectors; such that the/ z are maximally non-gaussian. The
square of kurtosis is, however, a more general measure efjaaasianity because
there are cases where the kurtosis is negative as we saw ab®egetion 7.8.1. For
such components, maximization of non-gaussianity meansnizingkurtosis (and
sparseness), because for negative values of kurtosismzation of the square
means to minimize kurtosis.

In fact, maximization of sparseness may not always be theecomethod for
estimation ICA even on images. If we do not remove the DC campobfrom the
images, the DC component turns out to be one independentmmnp and it some-
times has negative kurtosis. For such data, simply maxngigparseness of all the
components will produce misleading results.

Thus, we see that there is a difference between basic lipeaise coding and
ICA in the sense that ICA works for different kinds of non-gaianity and not just
sparseness.

7.10 Receptive fields vs. feature vectors

An important point to note is the relation between the featgctorsA; and the
feature detector weightsf. The feature vectors are shown Fig. 7.3. However, it is
often theW that are more interesting, since they are the weights tlesapplied to
the image to actually compute the and in neurophysiological modelling, they are
more closely connected to the receptive fields of neurons.

There is, in fact, a simple connection between the twoAhare basically low-
pass filtered versions of thd. In fact, simple calculations show that the covariance
cov(l (xy),1(X,y)) in images generated according to the ICA model equals

3 A YAK.Y) (7.31)
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because thg are uncorrelated and have unit variance. Thus we have

3 oMl (XY IWOY) = 5 3 AGLYA Y IN(X.Y)
= TACY) 3 ALY = Ay) (732

by definition of thef as the inverse of thg;. This means that th& can be obtained
by multiplying theW by the covariance matrix of the data.

Such multiplication by the covariance matrix has a simplerjpretation as bpw-
pass filteringoperation. This is because the covariances are basicakgi@asing
function of the distance betweér,y) and(x,y'), as shown in Figure 5.4. Thué;,
andW have essentially the same orientation, location and freqyining proper-
ties. On the other hand, th# are better to visualize because because they actually
correspond to parts of the image data; especially with detiis$ not purely spatial,
as in Chapter 15, visualization of the detector weights wowit be straightforward.

7.11 Problem of inversion of preprocessing

A technical point that we have to consider is computationhefA; for original
images based on ICA of canonically preprocessed data. Thactually a problem
here: in order to get thé; we have to invert the canonical preprocessing, because
estimation of the model gives the vectassin the reduced (preprocessed) space
only. But canonical preprocessing is not invertible in tiricssense of the word,
because it reduces the dimension and therefore loses iafnmh

Typically, a solution based on the idea of computing the pessible approxima-
tion of the inverse of the PCA/whitening transformationcBuiest approximation
can be obtained by the theory of multivariate regressigraltarnatively, by the the-
ory of pseudo-inverses (see Section 19.8). Without goitggdetails, the description
of the solution is simple.

Denote byJ the orthogonal matrix which contains theectors giving the direc-
tions of the principal components as its rows, i.e.rift®minant eigenvectors of the
covariance matrix. Denote by the corresponding eigenvalues. Then, steps 3 and
4 of canonical preprocessing in Section 5.4 consist of plyltig the vectorized
image patches by diaty//Ai)U

We now define the inverse preprocessing as follows: Aftermating the fea-
ture vectors in the preprocessed space {hethe basis vectors are multiplied by
UTdiag v/Ai). These are the optimal approximations of the feature vedtothe
original space. They can also be computed by taking the psevetse of the ma-
trix of the featuredM, which is what we did in our simulations.

Note that we have no such problem with computation ofvthéor the original
data because we just multiply the vectersvith the PCA/whitening matrix, and no
inversion is needed.
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7.12 Frequency channels and ICA

A long-standing tradition in vision science is to talk abéuequency channels”,
and more rarely, about “orientation” channels. The idedé tn the early visual
processing (something like V1), information of differemduencies is processed
independently. The word “independence” as used here hasgab do with sta-
tistical independence: it means that processing happed#farent physiological
systems that are more or less anatomically separate, andt@xchange informa-
tion with each other.

Justification for talking about different channels is abamidn research on V1. In
recordings from single cells, simple and complex cell réivegdields are band-pass,
i.e. respond only to stimuli in a certain frequency rangej aarious optimal fre-
qguencies are found in the cells (see Chapter 3 and its rafes@rin psychophysics,
a number of experiments also point to such a division of gandgessing. For exam-
ple, in Figure 3.8 on page 60, the information on the high-lamndfrequency parts
are quite different, yet observes have no difficulty in pssieg (reading) them sep-
arately.

In the results of ICA on natural images, we see an interestavginterpretation
of why the frequency channels might be independent in tefirpéigsiological and
anatomical separation in the brain. The reason is that tleenration in different
frequency channels seems todiatisticallyindependent, as measured by ICA. The
feature vectorg\ given by ICA are band-pass, thus showing that a decompnositio
into statistically independent features automaticalhdeto frequency channels.

7.13 Concluding remarks and References

Independent component analysis is a statistical genenatddel whose estimation
boils down to sparse coding. It gives a proper probabili&itenulation of sparse
coding and thereby solves a number of theoretical problensparse coding (in
particular: optimal ways of measuring sparseness, opitiynafl decorrelation), and
gives a proper pdf to be used in Bayesian inference. The ssjore “independent
component analysis” also points out another important @rypof this model: the
components are considered statistically independerg.imtiependence assumption
is challenged in many more recent models which are the tafiChapters 9-11.

The first application of ICA, as opposed to sparse codinghtage patches was
in (Bell and Sejnowski, 1997) based on the earlier sparsangdtamework in (Ol-
shausen and Field, 1996) considered in Section 13.1.

For more information on the ICA model, see (Hyvarinen an@,Q000) or
(Hyvarinen et al, 2001b). Some of the earliest historieérences on ICA include
(Hérault and Ans, 1984; Mooijaart, 1985; Cardoso, 1988edand Hérault, 1991).
Classic references include (Delfosse and Loubaton, 198%¢h showed explicitly
how maximization of non-gaussianity is related to ICA estiion; (Comon, 1994),
which showed the uniqueness of the decomposition, and tidityaf the sum-
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of-squares-of-kurtosis in Equation (7.30); the maximukalihood framework was
introduced in (Pham et al, 1992; Pham and Garrat, 1997).

For more information on the central limit theorem, see aapgard textbook on
probability theory, for example (Papoulis and Pillai, 2D01

A related way of analyzing the statistics of natural imagetilook at the cu-
mulant tensors (Thomson, 1999, 2001). Cumulants (strégtBaking, higher-order
cumulants) are statistics which can be used as measures-afaussianity; for ex-
ample, kurtosis and skewness are one of the simplest cutsu@mmulant tensors
are generalizations of the covariance matrix to higheepodimulants. Analysis of
cumulant tensors is closely related to ICA, as discussedtiaildn Chapter 11 of
(Hyvarinen et al, 2001b). Equivalently, one can analyeeblyspectra (usually the
trispectrum) which are obtained by Fourier transformagiohthe cumulant spec-
tra, in a similar way as the ordinary Fourier spectrum fumtttan be obtained as
the Fourier transform of the autocovariance function; sge(®&likias and Mendel,
1993; Nikias and Petropulu, 1993) for further information.

7.14 Exercices

Mathematical exercises

. Prove (7.2).

. Based on (7.2), prove that two independent random vasadie uncorrelated.
. Calculate the kurtosis of the uniform distribution inZ3).

. Calculate the kurtosis of the Laplacian distributionril@).

. Show that the skewness of a random variable with a pdf wikieben-symmetric
(i.e. p(—x) = p(x)) is zero.

In this exercise we consider a very simple case of gaussigtures (see Sec-
tion 7.8.3). Assume that a component follow/s- vz wherez is gaussian with
zero mean and unit variance. Let us assume that in 50% of theahanages the
variance coefficient has valuax. In the remaining 50% of natural imageshas
valuef.

a b~ wNPE

o

a. What is the distribution of the random varialle the set of all natural im-
ages? (Give the density functiqgs))

. Show thaE{s?} = }(a?+ B?)

. Show thaE{s*} = 3(a*+ p*)

. What is the kurtosis of this distribution?

e. Show that the kurtosis is positive for almost any parametieies.

7. Prove (7.31).

o 0O T



184 7 Independent component analysis

Computer assignments

1. Using numerical integration, compute the kurtoses ot iygacian and uniform
distributions.

2. Load the FastICA program from the web. This will be usedhia following
assignments. You will also need some images; try to find sdéraehave not
been compressed, since compression can induce very nisttsef

3. Take patches of 16 16 of the image. 10,000 is a sufficient amount of patches.
Input these to FastICA.

4. Plot histograms of the independent components. Compeie kurtoses. Plot
(some of the) RF’s. Look at the RF’'s and comment on whetherltuk like V1
RF’s or not. If not, why not?



Chapter 8
Information-theoretic interpretations

So far, we have been operating within the theoretical fraotkvef Bayesian in-
ference: the goal of our models is to provide priors for Bagesnference. An al-
ternative framework is provided by information theory. hfarmation theory, the
goal is to find ways of coding the information as efficientlypassible. This turns
out to be surprisingly closely connected to Bayesian infege In many cases, both
approaches start by estimation of parameters in a pararedestatistical model.

This chapter is different from the previous ones becauseavead provide any
new models for natural image statistics. Rather, we des@&ihew framework for
interpreting some of the previous models.

8.1 Basic motivation for information theory

In this section, we introduce the basic ideas of informatiieory using intuitive ex-
amples illustrating the two principal motivations: datargwession and data trans-
mission.

8.1.1 Compression

One of the principal motivations of information theory isa@ompression. Let us
begin with a simple example. Consider the following striiglvaracters:

BABABABADABACAABAACABDAAAAABAAAAAAAADBCA

We need to code this using a binary string, consisting ofzarwd ones, because
that's the form used in computer memory. Since we have fditerént characters,
a basic approach would be to assign the four possible twib-aigewords for each
of them:

185



186 8 Information-theoretic interpretations

A — 00 (8.1)
B — 01 (8.2)
C— 10 (8.3)
D11 (8.4)

(8.5)

Replacing each of the characters by its two-digit codewaresggthe code

0100010001000100110001001000000100001000
0111000000000001000000000000000011011000

However, a shorter code can be obtained by using the fundamasight of
information theory:frequent characters should be given shorter codewordss
makes intuitive sense: if frequent characters have shal¢words, even at the ex-
pense of giving less frequent characters longer codewtrdsverage length could
be shortened.

In this example, the character A is the most frequent onercqapately one half
of the letters are A's. The letter B is the next, with a profmortof approximately
one quarter. So, let us consider the following kind of codelassignment:

A—0 (8.6)
B — 10 (8.7)
C— 110 (8.8)
D— 111 (8.9)

(8.10)

Now, the code becomes

1001001001001110100110001000110010111000
001000000000111101100

This is more than 10% shorter than the basic code given afloveal-world appli-
cations, the saving is often much larger, sometimes regahiore than 90% in im-
age compression.) Note that the codeword assignment hagleerly constructed
so that the original string can be recovered from this codkauit any ambiguity.

Compression was possible because some of the charactersneee common
than others. In other words, it was due to the statisticallegies of the data (or
redundancy, which will be defined later). Thus, it is not sisipg that the methods
developed in information theory have also been appliedarfitid of natural image
statistics.
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8.1.2 Transmission

A rather different application of information theory is iai@ transmission. In trans-
mission, the central problem iwise That is, the transmission will introduce ran-
dom errors in the data. The goal here is to code the data sthihatceiving end of
the system can correct as many of the random errors as passibl

As a simple example, consider the following binary stringickhwe want to
transmit:

1111101100100011100110100101110110100101

To code this string we use a very simple method: we simplyaep# the digits
three times. Thus we get the code

1111111111111110001111110000001110000000
0011111111100000011111100011100000011100
0111111111000111111000111000000111000111

This is transmitted through a channel which has relativetyng noise: 25% of the
digits are randomly changed to the opposite. So, the reagiend in the channel
receives the following string:

1111100111111110000111110000001110100001
1000110100100100111010101011100001010100
1111111111000110101000111010010111100111

Now, we can use the repetitions in the string in the followivay: we look at all
consecutive groups of three digits, and guess that thenaligiring probably had
the digit which has the most occurrences among each grougs, Tte obtain the
following string

1111101100100101000110100101110110100101

This string has less than 10% wrong digits. Thus, our enapsitheme reduced the
number of errors introduced by the channel from 25% to leaa tt0%. (Actually,
we were a bit lucky with this string: on the average the ervoosld be of the order
of 16%.)

So, the central idea in transmission is very different fraampression. In order
to combat noise, we want to code the data so that we introdatkendancy (to be
defined later), which often means making the code longertiraoriginal data.

8.2 Entropy as a measure of uncertainty

Now, we introduce the concept of entropy, which is the fodiweheof information
theory. First, we give its definition and a couple of exampéesl then show how it
is related to data compression.
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8.2.1 Definition of entropy

Consider a random variablewhich takes values in a discrete sat...,ay with
probabilitiesP(z= &),i = 1,...,N. The most fundamental concept of information
theory isentropy denoted byH (z), which is defined as

N
H(2) =—_;P(Z=aa)logzP(Z=aa) (8.11)

If the logarithms to base 2 are used, the unit of entropy iedalbit. Entropy is a
measure of thaverage uncertaintin a random variable. It is always non-negative.
We will next present a couple of examples to illustrate thebalea.

Example 1 Consider a random variable which takes only two valuWesnd B.
Denote the probabilitf(z= A) by po. Then, entropy of equals

H(2) = —polog, po — (1 — po)log, (1 — po) (8.12)

We can plot this as a function @b, which is shown in Fig. 8.1 The plot shows that
the maximum entropy is obtained whegp = 0.5, which means that both outcomes
are equally probable. Then the entropy equals one bit. Itrast) if pg equals 0 or
1, there is no uncertainty at all in the random variable, anémtropy equals zero.

1.5

0.5¢

% 02 04 06 o08 1

Fig. 8.1: Entropy of a random variable which can only take a&tues, plotted as a function of the
probability po of taking one of those values.

Example 2 Consider a random variabiavhich takes, for some givem any of 2!
values with equal probability, which is obviously2". The entropy equals
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2n
1 1 1
H(Z)Z—'Zﬁmgzﬁ Z—Znﬁ(—n):” (8.13)
1=

Thus, the entropy equatsbits. This is also the number of binary digits (also called
bits) that you would need to represent the random variabéebasic binary repre-
sentation.

Example 3 Consider a random variabiewhich always takes the same value, i.e.
it is not really random at all. Its entropy equals

H(z) = —1xlog,1=0 (8.14)

Again, we see that the entropy is zero since there is no wingytat all.

8.2.2 Entropy as minimum coding length

An important result in information theory shows that the rawital value of entropy
directly gives theaverage code length for the shortest possible cg@e the one
giving maximum compression). Itis no coincidence that thi¢ of entropy is called
a bit, since the length of the code is also given in bits, insémese of the number of
zero-one digits used in the code.

The proof of this property is very deep, so we will only try aistrate it with an
example.

Example 4 Now we will return back to the compression example in the pdaty
section to show how entropy is connected to compressionsi@enthe characters
in the string as independent realizations of a random viriahich takes values in
the set{A,B,C,D}. The probabilities used in generating this data are

P(A)=1/2 (8.15)
P(B)=1/4 (8.16)
P(C)=1/8 (8.17)
P(D)=1/8 (8.18)

We can compute the entropy, which equals 1.75 bits. Thussnb@py is smaller
than 2 bits, which would be (according to Example 2), the maxnh entropy for
a variable with four possible values. Using the definitioreafropy as minimum
coding length, we see that the saving in code length can beost (8-1.75)/2 =
12.5 % for data with these characteristics. (This holds edhse of infinite strings
in which random effects are averaged out. Of course, for &fiength string, the
code would be a bit shorter or longer due to random effects.)

Note also it is essential here that the characters in thegstiie generated inde-
pendently at each location; otherwise, the code length thigkhorter. For example,
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if the characters would be generated in pairs, as in AACCBBA#is dependency
could obviously be used to reduce the code length, posséygiid the bound that
entropy gives.

8.2.3 Redundancy

Redundancy is a word which is widely used in information tiyeas well as in nat-
ural image statistics. It is generally used to refer to tlaéistical regularities, which
make part of the information “redundant”, or unnecessanfodunately, when talk-
ing about natural images, different authors use the wordightty different ways.

An information-theoretic definition of redundancy is basedentropy. Given a
random variable which hag' 2lifferent values, say,1..,2", we compare the length
of the basim-bit code and the length of the shortest code, given by entrop

redundancy= n—H(z) (8.19)

This is zero only if all the values, 1. ., 2" are equally likely. Using this terminology,
we can say that compression of the string in Section 8.1.1pwesasible because the
string had some redundanay\as larger thariH (z)). Compression is possible by
removing, or at least reducing, redundancy in the data.

This definition is actually more general than it seems, bseéwcan also consider
dependencieBetweerdifferent variables (say, pixels). If we have two varialigs
andz, we can simply define a new variatdevhose possible values correspond to
all the possibleombination$of the values of; andz,. Then, we can define entropy
and redundancy for this new variable. If the variables aghlyi dependent from
each other, some combinations will have very small proli#s| so the entropy
will be small and redundancy large.

It is important to understand that you may want to either oedor increase re-
dundancy, depending on your purpose. In compression you wareduce it, but
in information transmission, you actually want to increds@& he situation is even
more complicated than this because usually before trasgmisyou want to com-
press the data in order to reduce the time needed for dantiasion. So, you first
try to remove the redundancy to decrease the length of tretddte transmitted,
and then introduce new redundancy to combat noise. Thismeatdze contradictory
because in introducing new redundancy, you do it is a cdetfokay using care-
fully designed codes which increase code length as littleassible for a required
level of noise-resistance. A result called “source-chanading theorem” lays out
the conditions under which such a two-stage procedure fagcin optimal.

1 More precisely: ifz can take values in the sdtl,2} and z can take values in the
set {1,2,3}, we definez so that it takes values in the Cartesian product of those sets
{(1,1),(1,2),(1,3),(2,1),(2,2),(2,3)}, so that the probability= (a;, az) simply equals the prob-
ability thatzy =a; and 2 = &,
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8.2.4 Differential entropy

The extension of entropy to continuous-valued random te&g&or random vec-
tors is algebraically straightforward. For a random valeahith probability density
function p, we define thdlifferential entropy denoted byH just like entropy, as
follows:

H( = [ pa(2)logp:(2)dz (8.20)

So, basically we have just replaced the summation in thénaligefinition in Equa-
tion (8.11) by an integral. The same definition also applethe case of a random
vector.

It is not difficult to see what kind of random variables haveafindifferential
entropies. They are the ones whose probability densities lrge values, since
these give strong negative contributions to the integrdtdn (8.20). This means
that certain small intervals are quite probable. Thus wdnagee that entropy is
small when the variable is not very random, that is, it is ¢giliy contained in some
limited intervals with high probabilities.

Differential entropy is related to the shortest code lergjtadiscretizedversion
of the random variable. Suppose we discretizeso that we divide the real line
to bins (intervals) of lengtldl, and define a new discrete-valued random variable ~
which tells which of these bins the value nbelongs to. This is similar to using
a limited number of decimals in the representation, for gxanusing only one
decimal place as in “4” to represent the values of the random variable. Then, the
entropy ofZ’is approximately equal to the differential entropyzblus a constant
which only depends on the size of the bids,

Example 5 Consider a random variablewhich follows a uniform distribution in
the intervall0, a]: Its density is given by

1l/a, for0<z<a
Z2) = 8.21
P2(2) {0, otherwise ( )

Differential entropy can be evaluated as
al 1
H(z) = —/ ~log=dz= loga (8.22)
oa ~a

We see that the entropy is largedifs large, and small i is small. This is natural
because the smallex is, the less randomness there iszinActually, in the limit

whereagoes to 0, differential entropy goes+eo, because in the limizis no longer
random at all: it is always 0. This example also shows thdeihtial entropy, in
contrast to basic entropy, need not be non-negative.
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8.2.5 Maximum entropy

An interesting question to ask is: What kind of distribusdmave maximum en-
tropy?

In the binary case in Example 1, we already saw that it was tseilzlition
with 50%-50% probabilities which is clearly consistentiwihe intuitive idea of
maximum uncertainty. In the general discrete-valued dasan be shown that the
uniform distribution (probabilities of all possible valuare equal) has maximum
entropy.

With continuous-valued variables, the situation is mom@pticated. Differential
entropy can become infinite; consider, for example wlenc in Example 5 above.
So, some kind of constraints are needed. The simplest @mstvould perhaps be
to constrain the random variable to take values only insifiei# interval[a, b]. In
this case, the distribution of maximum entropy is, agaie, Whiform distribution,
i.e. a pdf which equalﬁf—a in the whole interval and is zero outside of it. However,
such a constraint may not be very relevant in most applinatio

If we consider random variables whogariance is constrainetb a given value
(e.g. to 1), the distribution of maximum entropy is, inteiegly, the gaussian distri-
bution. This is why the gaussian distribution can be considi¢he least “informa-
tive”, or the least “structured”, of continuous-valuedtdisutions.

This also means that differential entropy can be considaretasure ohon-
gaussianity The smaller the differential entropy, the further away thtribution
is from the gaussian distribution. However, it must be ndteat differential en-
tropy depends on the scale as well. Thus, if entropy is usedrasasure of non-
gaussianity, the variables have to normalized to unit vaedfirst, just like in the
case of kurtosis. We will see in Section 8.4 how differenéatropy is, in fact,
closely related to the sparseness measures we used in €éapte

8.3 Mutual information

Ininformation transmission, we need a measure of how muorimation the output
of the channel contains about the input. This the purposkeotbncept of mutual
information.

Let’s start with the concept afonditional entropylt is simply the average en-
tropy calculated for the conditional distribution of theri@dble z, where the condi-
tioning is by the observation of another varialle

H(Zy) = -5 P(y) ) P(zy)logP(zy) (8.23)
y Z

That s, it measures how much entropy there is leftwhen we know (observe) the
value ofy; this is averaged over all values yf
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If zandy are independent, the conditional distributionzafiveny is the same
as the distribution ot alone, so conditional entropy is the same as the entropy of
z If zandy are not independent, conditional entropy is smaller thanethtropy
of z, because then knowledge of the valueyofeduces the uncertainty an In
the extreme case where-y, the conditional distributioz giveny is such that all
the probability is concentrated on the observed valug. dfhe entropy of such a
distribution is zero (see Example 3 above), so the conditientropy is zero.

Let us assume thatis the message input to a transmission channelydadhe
output, i.e. the received signal. Basically, if transnussis very good, knowledge
of y will tell us very much about whatwas. In other words, the conditional distri-
bution ofz giveny is highly concentrated on some values. So, we could medsere t
transmitted information by the change in entropy which is tumeasurement gf
It is called the mutual information, which we dendtey J:

J(zy) =H(2) —H(2y) (8.24)

Just as entropy gives the code length of the optimal codeyahutformation is
related to the amount of information which can be obtainexlith based on obser-
vation of the channel outpyt

Note that, in practice, mutual information depends not amythe noise in the
channel, but also on how we code the data as the varzable first place. There-
fore, to characterize the properties of the channel itsedf,need to consider the
maximum of mutual information over all possible ways of euglz. This is called
channel capacitgand gives the maximum amount of information which can bestran
mitted through the channel.

A generalization of mutual information to many variableoften used in the
theory of ICA. In that case, the interpretation as informatiransmitted over a
channelis no longer directly applicable. The generaloraits based on the fact that
mutual information can be expressed in different forms:

J(zy)=H(z) —H(Zy) =H(y) —H(Y|2) =H(2) + H(y) —H(z)y) (8.25)

whereH (z y) is thejoint entropy which is simply obtained by defining a new ran-
dom variable so that it can take all the possible combinat@frvalues ofz andy.
Based on this formula, we define mutual informatiome&ndom variables as

J(zl,zz,...,zn):‘iH(zi)—H(zl,zz,...,zn) (8.26)

The utility in this quantity is that it can be used a measurendépendence: it is
always non-negative and zero only if the varialdesre independent.

2 We use a non-conventional notatidrfor mutual information because the conventional dne,
could be confused with the notation for an image.
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Conditional entropy, joint entropy, and mutual informatican all be defined for
continuous-valued variables by using differential enyropthe definitions instead
of ordinary entropy.

8.4 Minimum entropy coding of natural images

Now, we discuss the application of the information-theiereincepts in the context
of natural image statistics. This section deals with datapp@ssion models.

8.4.1 Image compression and sparse coding

Consider first the engineering application of image conmgiogs Such compression
is routinely performed when images are transmitted ovefriteynet or stored on a
disk. Most successful image compression methods beginanlittear transforma-
tion of image patches. The purpose of such a transformatitmiieduce (differen-
tial) entropy. Grey-scale values of single pixels have almarmger entropy than, for
example, the coefficients in a Fourier or discrete cosinesfam (DCT) basis (at
least when these are applied on small patches). Since tiffeceods in those bases
have smaller differential entropy, discretized (quardjaeersions of the coefficients
are easier to code: the quantization error, i.e. the errquamtizing the coefficients
for a fixed code length, in reduced. This is why such a trams&pion is done as the
first step.

This means that the optimal linear transformation of imaagsghe first step of
a compression method would be a transformation which mizesithe differential
entropy of the obtained components. This turns out to beele sparse coding,
as we will now show.

Let us consider the differential entropy of a linear compurse How can we
compute the valuél (s) using the definition in Equation (8.20) in practice? The key
is to understand that entropy is actually the expectatianrdnlinear function o$.
We have

H(s) = E{G(s)} (8.27)

where the functior® is the negative of the log-pd&(s) = —logps(s). In practice,
we have a sample o denote it bys(t),t = 1,...,T. Assume we also have reason-
able approximation o8, that is, we know rather well what the log-pdfis like. Then,
differential entropy can be estimated as the sample avéoagefixedG as

H(s) = % ZG(s(t)) (8.28)

Comparing this with Equation (6.2) on page 139, we see tlifgrdntial entropy is
similar the sparseness measures we used in sparse codfagt, lin Section 7.7.2 it
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was shown that the optimal sparseness measures are obtdiradve use exactly
the log-pdf ofs as the nonlinearity. Thuslifferential entropy is the optimal sparse-
ness measure the sense of Section 7.7.2: it provides the maximum Kiasid
estimator of the ICA model.

However, there is one important point which needs to be takeraccount. The
sparseness measures assumed that the variargis ebnstrained to be equal to
one. This is consistent with the theory of ICA which tellstttize transformation
should be orthogonal in the whitened space. In contrasinage compression, the
transformation giving the components is usually consedito be orthogonal (in the
original image space). One reason is that then the quaiotizatror in the image
space is the same as the quantization error in the compopeoésThis makes
sense because then minimizing quantization error for threpoments is directly
related to the quantization error of the original image.dnttast, any method which
whitens the data amplifies high-frequency components whale low variance,
thus emphasizing errors in their coding. So, the quantmairor in the components
is not the same as the error in the original image—which istwmigausually want to
minimize in engineering applications.

If we consider transformations which are orthogonal in thiginal space, the
constraint of unit variance of a componeaiig not at all fulfilled. For example, PCA
is an orthogonal transformation which finds components witiximally different
variances. From the viewpoint of information theory, f[pghanges quite a lot as
a function of variance, so using a fix€élmay give a very bad approximation of
entropy. So, while sparse coding, as presented in Chaptierrélated to finding
an optimal basis for image compression, it uses a rathermwecdional constraint
which means it does not optimize the compression in the \sarale.

8.4.2 Mutual information and sparse coding

Information-theoretic concepts allow us to see the conoedttetween sparse cod-
ing and ICA from yet another viewpoint. Consider a lineartible transformation
y = Vz of a random vector which iswhite The mutual information between the
componenty; is equal to

J(Y1,---,Yn) ZLH vz Vz) (8.29)

Recall that mutual information can be interpreted as a measulependence. Now,
let us constrailV to be orthogonal. Then, we hakVVz) = H(z) because thehape

(in an intuitive sense) of the distribution is not changedlatan orthogonal trans-
formation simply rotates the pdf in thedimensional space, leaving its shape intact.
This means that the values takengyand logp; in the definition in Equation (8.20)
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are not changed; they are just taken at new values Bhiat is why differential en-
tropy is not changed by an orthogonal transformation of tia#

So, to minimize the mutual information, we simply need to fardorthogonal
transformation which minimizes the differential entropief the components; this
is the same as maximizing the nongaussianities of the coemienAnd for sparse
data, maximizing non-gaussianity is usually the same asmizixg sparseness.
Thus, we see that under the constraint of orthogonajtgrse coding is equiva-
lent to minimization of the dependence of the compon#nke data is white. This
provides another deep link between information theoryrspeaoding, and indepen-
dence.

8.4.3 Minimum entropy coding in the cortex

A very straightforward application of the data compressionciple is then to as-
sume that V1 “wants” to obtain a minimum entropy code. Thigdsy well in line
with the results on sparse coding and ICA in Chapters 6 andcguse we have just
shown that the objective functions optimized there can texjmeted as differential
entropies and code lengths. Basically, what informatiaoti provides is a new
interpretation of the objective functions used in learrsimgple cell receptive fields.

Yet, it is not quite clear whether such an entropy-basedraamis are relevant to
the computational tasks facing the visual cortex. A critiigacussion on the analogy
between compression and cortical coding is postponed thoBes:6.

8.5 Information transmission in the nervous system

Following the fundamental division of information theomtd® compression and
transmission, the second influential application of infation theory to visual cod-
ing considers maximization of data transmission, usuallied simply infomax.

8.5.1 Definition of information flow and infomax

Assume thaix is a continuous-valued random vector. It is the input to araeu
system, which is modelled using a linear-nonlinear mods Section 3.4.1), with

3 A rigorous proof is as follows: denoting = Vz, we simply havep, (y) = p,(VTy) for an or-
thogonalV. The basic point is that the absolute value of the determiinathe transformation
matrix needed in transforming pdf’s, or variables in an gné formula, (see Section 7.4) is equal
to one for an orthogonal transformation, so it can be omiffénis, we have py(y)log py(y)dy =

I p2(VTy)logp,(VTy)dy. In this integral we make a change of variabies VTy and we get
J Pz(2)logp;(2)dZ.
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additive noise. Thus, outputs are of the form
yi = @bl x)+n (8.30)

where theg are some scalar functions, theare the connection weight vectors of
the neurons, and is a vector of white gaussian noise. That is, the neural ndtwo
first computes a linear transformation of the input datahwit coefficients given by
network connection weights; then it transforms the outputs using scalar functions
@, and there is noise in the system.

Let us consider information flow in such a neural network.dift information
transmission requires that we maximize the mutual infoiomabetween the inputs
x and the outputy, hence the name “infomax”. This problem is meaningful only
if there is some information loss in the transmission. Tf@®e we assume that
there is some noise in the network; in practice, we have torasghat the noise is
infinitely small to be able to derive clear results. We camthsk how the network
parameters should be adapted (learned) so as to maximienafion transmission.

8.5.2 Basic infomax with linear neurons

To begin with, we shall consider the very basic case wherme thre actually no non-
linearities: we definep(u) = u, and the noise has constant variance. (It may seem
odd to say that white noise has constant variance, becaatssstbms obvious. How-
ever, in Section 8.5.4 we will consider a model where theararé is not constant
because that is the case in neural systems.)

By definition of mutual information, we have

J(X,y) =H(y) —H(y[x) (8.31)

In the present case, the conditional distributiony gfvenx is simply the distribution
of the gaussian white noise. So, the entréfly|x) does not depend on the weights
b; at all: it is just a function of the noise variance. This metrat for the purpose
of finding theb; which maximize information flow, we only need to consider the
output entropyH (y). This is true as long as the noise variance is constant.

To simplify the situation, let us assume, just for the pugsosf this section, that
the transformation matriB, with theb; as its rows, is orthogonal. Theyjs just an
orthogonal transformation of, with some noise added.

Furthermore, in all infomax analysis, we consider the liwlitere the noise vari-
ance goes to zero. This is because simple analytical restsnly be obtained in
that limit.

So, combining these assumptions and results, infomax rieati neurons with
constant noise variance boils down to the following: we nraxe the entropy (y),
wherey is an orthogonal transformation &f Noise does not need to be taken into
account because we consider the limit of zero noise. Buh@asrsin Section 8.4.2,
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an orthogonal transformation does not change differeatiaiopy, so the informa-
tion flow does not depend dat all!

Thus, we reach the conclusion that for linear neurons witstant noise vari-
ance, the infomax principle does not really give anythingiiesting. Fortunately,
more sophisticated variants of infomax are more intergstimthe next subsections,
we will consider the two principal cases: noise of constamiance with nonlinear
neurons, and noise of non-constant variance with linearamesu

8.5.3 Infomax with nonlinear neurons

8.5.3.1 Definition of model

First, we consider the case where

1. the functionsp are nonlinear. One can build a more realistic neuron model by
taking a nonlinearity which is saturating, and has no negatutputs.

2. The vecton is additive gaussian white noise.This is the simplest noisdel to
begin with.

Maximization of this mutual informatiod(x, y) is still equivalent to maximiza-
tion of the output entropy, as in the previous subsectioraiAgve take the limit
where the noise has zero variance. We will not go into detel®, but it can be
shown that the output entropy in this nonlinear infomax nididken equals

H(y) = ZE{logq(biTx)}+|og|detB| (8.32)

It turns out that this has a simple interpretation in termghefICA model. Now
we see that the output entropy is of the same form as the eagpmtof the likelihood
as in Equation (7.15). The pdf’s of the independent comptn@rme here replaced
by the functionsg. Thus, if the nonlinearitiegy used in the neural network are
chosen as the cumulative distribution functions corredpumto the densitiep; of
the independent components, i) = pi(-), the output entropy is actually equal
to the likelihood. This means that infomax is equivalent taximum likelihood
estimation of the ICA model.

Usually, the logistic function

1

alw = 1+exp(—u) (8.33)
is used in the nonlinear infomax model (see Fig. 8.2 a). Thismates the ICA
model in the case of sparse independent components, batewsaterprety as a
pdf, it is sparse. In fact, the log-pdf given by Iggis nothing else than the familiar
logcosh function (with negative sign and some unimportanistants), which we
have used as a measure of sparseness in Chapter 6, and asleofradenooth

sparse log-pdfin Equation (7.19).
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8.5.4 Infomax with non-constant noise variance

Here, we present some critique of the nonlinear infomax matel propose an
alternative formulation.

8.5.4.1 Problems with nonlinear neuron model

Using a logistic function as in Equation (8.33) is a correajwf estimating the ICA
model for natural image data in which the components reallysaiper-gaussian.
However, if the transfer functiom is changed to the gaussian cumulative distri-
bution function, the method does not estimate the ICA modgireore, since this
would amount to assuming gaussian independent compomdritsy makes the es-
timation impossible. An even worse situation arises if wardgje the functiog so
that¢ is the pdf of a sub-gaussian (anti-sparse) distributioris @mounts to esti-
mating the ICA model assuming sub-gaussian independerpaoenmts. Then, the
estimation fails completely because we have made a completeng assumption
on the distribution of the components.

Unfortunately, the three nonlinear functiopscorresponding to Equation (8.33),
the gaussian case, and one particular sub-gaussian csallleery similar, how-
ever. This is illustrated in Fig. 8.2 a). All the three fureis have the same kind of
qualitative behaviour. In fact, all cumulative distritartifunctions look very similar
after appropriate scaling along the x-axis.

It is not very likely that the neural transfer functions (whiare only crude ap-
proximations anyway) would consistently be of the type in B¢33), and not closer
to the two other transfer functions. Thubke model can be considered to be non-
robust, that is, too sensitive to small fluctuations in itsgpaeters’

8.5.4.2 Using neurons with non-constant variance

A possible solution to the problems with nonlinear infomaxa consider a more
realistic noise model. Let us thus take the linear functierga and change the
definition of the noise term instead.

What would be a sensible model for the noise? Many classicefsad neurons
assume that the output is coded as the mean firing rate in@pik, which follows
a Poisson processNithout going into details, we just note that in that cade, t
variance of mean firing rate has a variance that is equal toén. Thus, we have

var(ni|x) O + |b x| (8.34)

4 It could be argued that the nonlinear transfer function aaestimated from the data and it need
not be carefully chosen beforehand, but this only modifiés ribbustness problem because then
that estimation must be very precise.
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Fig. 8.2:a) Three sigmoidal nonlinearities corresponding to logisgiaussian, and sub-gaussian
(with log-pdf proportional to-x*) prior cumulative distributions for the independent coments.
The nonlinearities are practically indistinguishableof®l that we can freely scale the functions
along the x-axis since this has no influence on the behaviol€A estimation. Here we have
chosen the scaling parameters so as to emphasize the #&illay Three functionsh that give
the dependencies of noise variance (functibpsvhich are equivalent to different distributions.
Solid line: basic Poisson like variance as in Eq. (8.36)responding to a sparse distribution.
Dashed line: the case of gaussian distribution as in Eq9)8C®tted line: the sub-gaussian distri-
bution used in a). Here, the function in the basic Poissem\ariance case is very different from
the others, which indicates better robustness for the maitel changing noise variance. From
(Hyvarinen, 2002), Copyrigh©2002 Elsevier, used with permission

wherer is a constant that embodies the spontaneous firing rate vidicbt zero
(and hence does not have zero noise). We take the absolutewﬁabiTx because
we consider the output of a signed neuron to be actually chgetvo different
neurons, one for the negative part and one for the positivie Plae distribution of
noise in mean firing rate is non-gaussian in the Poisson psocase. However, in
the following we approximate it as gaussian noise: The fumetgtal property of this
new type of noise is considered to be the variance behavieendn Eq. (8.34), and
not its non-gaussianity. Therefore, we call noise with Kiigl of variance behaviour
“noise with Poisson-like varianceinstead of Poisson noise.

A more general form of the model can be obtained by definingvélreance to
be a nonlinear function of the quantity in Eq. (8.34). To shgate the robustness
of this model, we do in the following all the computationslie tmore general case
where

var(ni|x) = h(b x) (8.35)

whereh is some arbitrary function with non-negative values, foample
h(u) =r+|u| (8.36)

in the case of Eq. (8.34).
It then can be shown that the mutual information in the linfizero noise is
equal to
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J(x,y) = log|detB| — % E{log h(blx)} + const. (8.37)
|

where terms that do not depend Brare grouped in the constant. A comparison
of Eq. (8.37) with Eq. (8.32) reveals that in fact, mutuabimhation is of the same
algebraic form in the two cases. By takin@) = 1/¢ (u)?, we obtain an expression
of the same form. Thus, we see tltainsidering noise with non-constant variance,
we are able to reproduce the same results as with a nonlinaasfer function.

If we consider the basic case of Poisson-like variance, vinieans defining the
function h so that we have Eq. (8.34), this is equivalent to the nontilrdamax
with 1

@ () = —— (8.38)
\/T+ul
In the nonlinear infomaxy corresponds to the probability density function assumed
for the independent component. The function in (8.38) ismaproper probability
density function, since it is not integrable. However, itsfitative behaviour is typ-
ically super-gaussian: very heavy tails and a peak at zero.

Thus, in the basic case of Poisson-like variance, the infgpniaciple is equiva-
lent to estimation of the ICA model with this improper priagrtsity for the compo-
nents. Since the choice of nonlinearity is usually critmally along the sub-gaussian
VS. super-gaussian axis, this improper prior distributian still be expected to prop-
erly estimate the ICA model for most super-gaussian compisiie

To investigate the robustness of this model, we can consitlat the noise vari-
ance structure should be like to make the estimation of sggassian components
fail. As with the nonlinear infomax, we can find a noise stauetthat corresponds
to the estimation of gaussian independent componentse limtiit of r = 0, we have
the relationh(u) = 1/¢/(u)?, and we see that the gaussian case corresponds to

h(u) O exp(u?) (8.39)

This is a fast-growing (“exploding”) function which is cldyavery different from
the Poisson-like variance structure given by the esséntiaéar function in Equa-
tion (8.36). In the space of possible functidnthat define the noise structure in this
model, the function in Eqg. (8.39) can be considered as a borddetween those
variance structures that enable the estimation of supessi@n independent com-
ponents, and those that do not. These two different choards fogether with one
corresponding to sub-gaussian independent componertsdpéion) are plotted in
Fig. 8.2 b). The Poisson-like variance is clearly very d#fe from the other two
cases.

Thus, we may conclude that the model with Poisson-like wagds quite robust
against changes of parameters in the model, since the ma@mpter is the function

5 There is, however, the problem of scaling the components:eShe improper density has infinite
variance, the estimates of the components (and the weigtareg grow infinitely large. Such be-
haviour can be prevented by adding a penalty term of the fof||w; || in the objective function.
An alternative approach would be to use a saturating naalityeas ¢, thus combining the two
infomax models.
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h, and this can change qualitatively quite a lot before theabielur of the model

with respect to ICA estimation changes. This is in contraghé nonlinear infomax
principle where the nonlinearity has to be very carefullpsén according to the
distribution of the data.

8.6 Caveats in application of information theory

We conclude this chapter with a discussion on some opengrabéncountered in
the application of information theory to model corticalwéd coding in the context
of natural image statistics.

Classic information theory is fundamentally a theory of @oession and trans-
mission of binary strings. Itis important to alskthis theory really useful in the study
of cortical visual representationgdften, the concepts of information theory are di-
rectly applied in neuroscience simply because it is assuhwdhe brain processes
“information”. However, the concept of information, or theay it is processed, may
be rather different in the two cases.

In the data compression scheme, we start with a binary striaga sequence
of zeros and ones. We want to transform the vectors into ahanstring, so that
the string is as short as possible. This is basically accisimgd by coding the most
frequent realizations by short substrings or codewords ueming longer codewords
forrarely occurring realizations. Such an approach has bend immensely useful
in storage of information in serial digital computers.

However, if the processing of information is massively flataas in the brain,
it is not clear what would be the interpretation of such rdaurcin codelength
Consider an image that is coded in the millions of neuronslinA/straightforward
application of information theory would suggest that fomeimages, we only use
ki neurons, where each neuron codes for one digit in the stvihgreas others
needk, neurons wheré, > k;. Furthermore, an optimal image code would be one
where the average number of neurons is minimized. Yet, thebauw of neurons that
are located in, say, the primary visual cortex is just theesgondifferent stimuli. It
would be rather absurd to think that some region of V1 is netieel to represent the
most probable images. Even if some cells are not activatedeatihe spontaneous
firing rate, this lack of activation is an important part oéttode, and does not mean
that the neuron is not “part of the code”.

In fact, in sparse coding the active neurons are assumeddiffeeent for differ-
ent stimuli, and each neuron is more or less equally impoftamepresenting some
of the stimuli. While sparseness, when interpreted in teofnentropy, has some
superficial similarity to information theoretic argumentsducing the length of a
string is very different from sparse coding because spavdeg is fundamentally
a parallel scheme where no sequential order is given to thens, and the outputs
of all neurons are needed to reconstruct the stimulus. ®hahére is no reduc-
tion of code “length” because the number of coding units eédddr reconstructing
the stimulus is always the same, i.e. the total number ofareurThe whole con-
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cept of “length” is not well-defined in the case of massivedygilel and distributed
processing. Reducing the length of a string is fundamenéailobjective inserial
information processing.

Another mativation for application of information theorylearning optimal rep-
resentations comes from transmission of data. Optimakiméssion methods are
important in systems where data have to be sent through & clagsinel of limited
capacity. Again, the basic idea is to code different binagugnces using other bi-
nary strings, based on their probabilities of occurrenées @llows faster and more
reliable transmission of a serial binary signal.

Such “limited-capacity channel” considerations may beejglevant in the case
of the retina and optic nerve as well as nerves coming frorargikripheral sensory
organs. Another important application for this theory isuinderstanding coding
of signals using spike trains. However, in V1, a limited a@pachannel may be
difficult to find. A well-known observation is that the visuaput coming from the
lateral geniculate nucleus (LGN) is expanded in the V1 bygisi representation
consisting of many more neurons than there are in the LGNtH&dransmission of
information from LGN to V1 may not be seriously affected by fimited capacity
of the “channel”. Yet, the limited capacity of the channeiiog to V1 is the basic
assumption in infomax modefs.

Thus, we think application of information-theoretical angents in the study of
cortical visual coding has to be done with some caution. Borrowingasfcepts
originally developed in electrical engineering should laeetully justified. This is
an important topic for future research.

8.7 Concluding remarks and References

Information theory provides another viewpoint to the tfibf statistical modelling
of images. The success in tasks such as compression anchisaitn depends on
finding a useful representation of the data, and informaifi@ory points out that
the optimal representation is the one which provides thé f@babilistic model.
Some studies therefore apply information-theoretic cpteto the study of natural
image statistics and vision modelling. The idea of minimentropy coding gives
some justification for sparse coding, and information traission leads to objec-
tive functions which are sometimes equivalent to those @&.I8evertheless, we
take here a more cautious approach because we think it idewoti€ information
theoretical concepts can be directly applied in the coméxteuroscience, which
may be far removed from the original digital communicatisegting in which the
theory was originally developed.

A basic introduction to information theory is (Mackay, 2008 classic reference
which can be read as an introduction as well is (Cover and Hsp2006).

6 Possibly, the channdétom V1 to V2 and other other extrastriate areas could have a veiyeld
capacity, but that is not the usual assumption in curreminiax models.
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Basic and historical references on the infomax principke @maughlin, 1981;
van Hateren, 1992; Linsker, 1988; Fairhall et al, 2001). Tibelinear infomax
principle was introduced in (Nadal and Parga, 1994; Bell Seghowski, 1995).
Infomax based on noise models with non-constant varianae \wéroduced by
(van Vreeswijk, 2001; Hyvarinen, 2002), using rather eli#nt motivations. Pois-
son models for spike trains are discussed in (Dayan and Altid1). Information
content in spike trains in considered in, e.g. (Rieke et29,7). Another critique of
the application of infomax principles to cortical codinghdae found in (Ringach
and Malone, 2007).

8.8 Exercices

Mathematical exercises

1. Consider the set of all possible probability distribndor a random variable
which takes values in the sét,2,...,100}. Which distribution has minimum
entropy?

. Prove Equation (8.25).

3. Consider a general (not standardized) one-dimensicaassjan distribution,

with pdf given by

N

1
V210

Compurte its differential entropy. When it is maximized? \Wmeinimized?
4. Consider a random variakevith pdf

P(2) = o exXpl— 55 (2 1)) (8.40)

1 z

5 Po( a) (8.41)
wherez takes values on the whole real line, and the funcpigis fixed. Compute
the differential entropy as a function ofandpy.

5. * Assume we have a random vectowith pdf p;, and differential entropid (z).
Consider a linear transformatign= Mz. What is the differential entropy of?
Hint: don’t forget to use the probability transformatiornrfaula involving the
determinant oM, as in Equation (7.13); and note that the preceding exeigise
a special case of this one.

Computer assignments

1. Let's consider discrete probability distributions whitake values in the set
{1,2,...,100}. Create random probabilities for each of those values téieen
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member to normalize). Compute the entropy of the distrdsutRepeat this 1,000
times. Find the distribution which had the largest and sesaléntropies. What
do they look like? Compare with results in Examples 2 and 3.
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Chapter 9

Energy correlation of linear features &
normalization

It turns out that when we estimate ICA from natural images,dhtained compo-
nents are not really independent. This may be surprisingesatfiter all, in the ICA
model, the components are assumed to be independent. Buhportant to under-
stand that while the components in the theoretical modelnalependent, thesti-
matesof the components akal image dataare often not independent. What ICA
does is that it finds the most independent components thaicasble by a linear
transformation, but a linear transformation has so fewpatars that the estimated
components are often quite far from being independent.itndiapter and the fol-
lowing ones, we shall consider some dependencies that cabderved between
the estimated independent components. They turn out to toenesly interesting
both from the viewpoint of computational neuroscience anage processing. Like
in the case of ICA, the models proposed here are still venfrtam providing a
complete description of natural image statistics, but eaoldel does exhibit some
very interesting new phenomena just like ICA.

9.1 Why estimated independent components are not indepenile

9.1.1 Estimates vs. theoretical components

A paradox with ICA is that in spite of the name of the methoe, éistimated com-
ponents need not be independent. That is, when we have asammal image
patches, and estimate the independent components by anlf©Atlam, we get
components which are usually not independent. The key sopthiadox is the dis-
tinction between the estimated components and theoreticaponents. The theo-
retical components, which do not really exist because theyust a mathematical
abstraction, are assumed to be independent. However, wh@eaalgorithm gives,
for any real data, is estimates of those theoretical commsnand the estimates do

209



210 9 Energy correlation of linear features & normalization

not have all the properties of the theoretical componentgatticular, the estimates
need not be independent.

Actually, it is not surprising that the components estirddig ICA are not inde-
pendent. If they were, the statistical structure of natimalges would be completely
described by the simple ICA model. If we knew the linear fees# and the dis-
tributions of the independent components, we would knowyghking there is to
know about the statistical structure of natural imagess Would be rather absurd,
because natural images are obviously an extremely complaxsgt; one could say
it is as complex as our world.

There are two different reasons why the estimates need wettha properties
assumed for the theoretical components. First, the real mialy not fulfill the as-
sumptions of the model. This is very often the case, sinceaisate basically ab-
stractions or approximations of reality. (We will see beloaw the ICA model does
not hold for natural image data.) The second reason is rarftlartuation, called
sampling effect in statistics: When we estimate the modehffinite number of
image patches, we have only a limited amount of informattooua the underlying
distribution, and some errors in the estimates are bounddardecause of this.

Consider, for example, the two-dimensional data in Fig. 9His data is white
(uncorrelated and unit variance), so we can constrain thenh@trix to be orthogo-
nal. If we input this data into an ICA algorithm, the algontitsays that the horizon-
tal and vertical axis (sag; andsy) are the “independent components”. However, it
is easy to see that these components are not independeptktaw that, is zero,
we know thats, cannot be zero. Thus, information on one of the componenésgi
information on the other component, so the components ¢amandependent.
This data does not follow the ICA model fany parameter values.

Fig. 9.1: Scatter plot of a distribution which cannot be &érlg decomposed to independent compo-
nents. Thus, the estimated components (given by the hdakzand vertical axes) are dependent.
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9.1.2 Counting the number of free parameters

Another way of looking at this paradox is to think of the numbgfree parameters.
A linear transformation of variables tan new variables has? free parameters. We
can think of the problem of finding really independent comgras as a large system
of equations which express the independence of the obtaiosgphonents. How
many equations are there? In Section 4.6 we saw that two émdkgmt components
have the following nonlinear uncorrelatedness property:

cov(fi(s), fa(sj)) =0 (9.1)

for any nonlinear function$; andf,. Now, there are an infinite number of different
nonlinearities we could use. So, based on Equation (4.42)an€form an infinite
number of different equations (constraints) that need tdulfédled, but we only
have a finite number of free parameters, nanrélyThus, it is cleat that usually,
no solution can be found!

Note that the situation with respect to independence isdrkstontrast to the
situation with whitening. As we saw in Chapter 5, we adwaysfind a linear
transformation which gives uncorrelated, and further eméd, components. This
is because whitening only needs to consider the covariaatexywhich has a rel-
atively small number of free parameters. In fact, the nunb@quations we get is
n(n+1)/2 (because the covariance is a symmetric operation, thiristimber of
free parameters), which is smaller thaf) so we can find a transformation which
whitens the data.

9.2 Correlations of squares of components in natural images

Now, let us consider the dependencies of the componentsagsti in the Chapter 7.
The components are forced to be exactly uncorrelated byGhenhethod we used.
So, any dependencies left between the components mush&@f@in of some kind
of nonlinear correlations. Let us compute correlationsheftlype in Equation (9.1)
for different nonlinear functiong (we use the same function as bdthand f5).
Because the variances of the nonlinear transformationsareecessarily equal to
one, itis a good idea to normalize the covariance to yielattreelation coefficient:

.  E{f(s)f(s)} —E{f(s)}E{f(s))}
cor(f(s), f(sy)) = Vvar(f(s))var(f(s;)) (0-2)

1 Strictly speaking, we should show that we can form an infinitmber of equations which cannot
be reduced to each other. This is too difficult to show but litksly to be true when we look at
some arbitrary data distribution, such as the distributibnatural images. Of course, the situation
is different when the data actually follows the ICA model:tiat case we know that there is a
solution. A solution is then possible because in this vescsd case, the equations can be reduced,
just as if we needed to solve a system of linear equationsenthermatrix is not full rank.
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In Figure 9.2 we show the correlation coefficients for seléiféerent functions
f. The figure shows the histograms of all the correlation coeffits between dif-
ferent pairs of independent components estimated in Chapte
It turns out that we have a strong correlation for even-sytnim&inctions, i.e.
functions for which
f(—s) = f(s) (9.3)

Typical examples are the square function or the absolutesv@ and a in the figure).
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Fig. 9.2: Histograms of correlation coefficients of nonnéunctions of independent components
estimated from natural images) f(s) = |s], b) f(s) = &, ¢) f(s) is a thresholding function that
gives 0 between -1 and 1 and gives 1 elsewha)e,(s) = sign(s), e) f(s) = . Note that linear
correlations, i.e. the casis) = sare zero up to machine precision by definition.
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9.3 Modelling using a variance variable

Intuitively, the dependency of two components that was rilesd above is such
that the components tend to be “active”, i.e. have non-zeitpuis, at the same
time. However, the actual values of the components are rsilfygaedictable from
each other. To understand this kind of dependency consithseawhere the compo-
nentss are defined as products of “original” independent variaglasad a common
“variance” variabled, which is independent of thg. For simplicity, let us define

that the means of the are zeros and the variances are equal to one. Thus, we define
the distribution of the components as follows:

s =§d (9.4)
s2="5%d
Sh = 5d

Now, 5 ands;j are uncorrelated far# j, but they are not independent. The idea is
thatd controls the overall activity level of the two componentd is very smalls;
ands, are probably both very small, anddfis very large, both components tend to
have large absolute values.

Such dependency can be measured by the correlation of theiress’, some-
times called the “energies”. This means that

cov. ) — E(§} ~ E(FIE(S) > 0. ©9

In fact, assuming theg ands;j have zero mean and unit variance, the covariance of
the squares equals

E(SPGP) - E(SPIE(S?)
— E(SIE(SIE(d?) - E(FIE(P)E(FIE(d?) = E{d*) ~E{d®)2 (9.6)

This covariance is positive because it equals the variahdd @nd the variance of
a random variable is always positive (unless the variabbemstant).

Moreover, if thesare gaussian, the resulting componenisnds, can be shown
to be sparse (leptokurtic). This is because the situatioedch of the components
is just the same as in Section 7.8.3: changing the varianeegafussian variable
creates a sparse variable. However, we do not assume heagithiaal components
§ are gaussian, so the effect of the variance variablesiieteasetheir sparseness.

What is not changed from basic ICA is that the componenése uncorrelated
in the ordinary sense. This is because we have

E{ss} =E{§}E{§}E{d*} =0 (9.7)
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due to the independence of thérom §;. One can also define that thehave vari-
ance equal to one, which is just a scaling convention as in [QAIs the vector
(s1,%,---,5) can be considered to be white.

9.4 Normalization of variance and contrast gain control

To reduce the effect of the variance dependencies, it isilgehormalize the local
variance. Let us assume that the image patch is generatelinemacombination
of independent features, as in ICA. However, now the vagaraf the components
change from patch to patch as above. This can be expressed as

166y) = 3 Alxy)dS) =d 5 AGLy)S (©.9)

whered is the variance variables that gives the standard deviati@ach patch. It
is a random variable because its value changes from patcitt¢b.p

Here we made the strong assumption that the variances beatldamponents are
determined by a single variance variableThis may be not a bad approximation
when considering small image patches. It simplifies thesittn considerably, since
now we can simply estimattand divide the image patch lay

Tixy) o 1 ©.9)

Assuming that we have a perfect estimatot= d, the normalized imageEthen
follow the basic ICA model

cy) = § 3 AGKYS = 3 AlLY)S (9.10)

with the original components.Tn practice we don’t have a perfect estimator, so the
data will follow the ICA model only approximatively. Alsa is preferable to do

xy) — Y (9.11)
d+¢
whereg is a relatively small constant that prevents division byozera very small
number?

This kind of normalization of variances is calledntrast gain contral It can
be compared with the subtraction of the DC component: anlatect (irrelevant)
variable that has a strong effect on the statistics of theifea we are modelling is
removed so that we have a more direct access to the statistics

2 A reasonable method for determinimgmight be to take the 10% quantile of the valuesdpf
which we did in our simulations.
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For small image patches, one rather heuristic approachsgply estimated
using the norm of the image patch
d=c /Y I(xy)? (9.12)
Xy

wherec is a constant that is needed to make ghieave unit variance after normal-
ization; it depends of the covariance matrix of the data.dlUguhowever, we do not
need to compute because it only changes the overall scaling of the data.

When we normalize the contrast as described here, and centipaitoutput of
linear feature detector, the result is closely related &rtburophysiological model
of divisive normalizationsee Equation (3.9) on page 65. The output of the linear
feature detector is then computed as

s 2yWEYIIxy) (9.13)

Zx.yl (X7 y)2 +E

In the divisive normalization model, the denominator waseesially the sum of the
squares of the outputs of linear feature detectors. Herehave the norm of the
image patch instead. However, these two can be closelyedetateach other if the
set of linear feature detectors form an orthogonal basia &mall image patch; then
the sum of squares of pixel values and feature detectorsxactlg equal.

The approach to estimatirgin this section was rather ad hoc. A more principled
method for contrast gain control could be obtained by prigigifining a probability
distribution ford together with thes,"and estimating all those latent variables using
maximum likelihood estimation or some other principled hoets. Furthermore, if
the model is to be used on whole images instead of small patalsngle variance
variable is certainly insufficient. This is still an area afgming research, see the
References section for more information.

Let us just mention here a slight modification of the divish@malization in
Equation (9.11) and (9.12) which has been found useful inescomtexts. The idea
is that one could compute a weighted sum of the pixel valgey) to estimate the
variance variable. In particular, low frequencies domgnatuation (9.12) because
they have the largest variances. This effect could be eéitesh by computing a
whitening matrix and using the norms of the patches in theemleid space adg.
Note that the divisive normalization destroys the whitesngfthe data, so after such
normalization, the whitening matrix has to be recomputed, the data has to be
whitened with this new whitening matrix.
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9.5 Physical and neurophysiological interpretations

Why are the variances, or general activity levels, so stiyongrrelated, and what
is the point in contrast gain control? A number of intuitiveonations can be put
forward.

9.5.1 Cancelling the effect of changing lighting conditien

The illumination (lighting) conditions can drastically amge from one image to
another. The same scene can be observed under very diffigitatitig conditions,
think for example of daylight, dusk, and indoor lighting.el'tight coming onto the
retina is a function of the reflectances of the surfaces irstieme R), and the light
(illuminance) level ). In fact, the reflectances are multiplied by the illuminanc
give the luminancé arriving at the retina:

1(X,y) =L(X,Y)R(X,Y) (9.14)

In bright daylight, the luminance levels are uniformly larghan in an indoor room,
and so are the contrasts. The average luminance level isigsiblevin our images
because we have removed the DC component, which is nothgeglen the mean
luminance in an image patch. But the general illuminancel lsll has a clear effect
on the magnitude of the contrasts in the image, and theseandrsthe values of the
independent components. In a whole scene the illuminangdmequite differentin
different parts of the image due to shadows, but in a smalyempatch illuminance is
likely to be approximately the same for all pixels. Thus, $hegle variance variable
d, which does not depend otory, could be interpreted as the general illuminance
level in an image patch.

In this interpretation, the utility of divisive normalizan is that it tries to estimate
the reflectanceRr of the surfaces (objects). These are what we are usuallyested
in, because they are needed for object recognition. lllaméeL is usually not of
much interest.

9.5.2 Uniform surfaces

A second reason for the correlated changes in the variarfdesitoires outputs is
what is called the “blue sky effect”. Natural images contairge areas of almost
zero contrast, such as the sky. In such areas, the variafi@distioe independent
components should be set to almost zero. Thus, the variami@bled is related to
whether the image patch is in a uniform surface or not. Thisldipartly explain
the observed changes in the variances of the componenthi®dbes not seem to
explain utility of contrast gain control.
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9.5.3 Saturation of cell responses

Mechanisms related to gain control have been observed iy pats of the visual
system, from the retina to the visual cortex (see the Rebex®rection below). Be-
fore the advent of statistical modelling, their existen@swsually justified by the
limited response range of neurons. As discussed in secibh,3he neurons cannot
fire above a certain firing rate. The range of contrasts trapagsent in the stim-
uli coming to the retina is huge because of the changes imiflance condition:
the incoming signal can differ in several orders of magrétudontrast gain con-
trol is assumed to solve this problem by dividing the consré® be coded by cell
responses) by a measure of the general contrast level. s lto a very similar
computation to what our statistical modelling proposdbalgh our model does not
consider limited response ranges of neurons — linear R/ ha such limitation.

9.6 Effect of normalization on ICA

Although we considered the dependencies after estimafidg it makes sense to
do the variance normalization before ICA. This would be tletioally optimal be-
cause then the ICA estimation would be performed on data evdasribution is
closer to the distribution given by the ICA model. In facte timethod given above
in Section 9.4 can actually normalize the patches withoutfating independent
components.

Avalid question then is: does variance normalization dfffee independent com-
ponents? Let us now estimate ICA after variance normatinath see what effect
there may be. The obtain&d andA; are shown in Figures 9.3 and 9.4. The simi-
larity to the results obtained without variance normal@aiFigs. 6.6 on page 151
and 7.3 on page 169) is strikirfg.

There is one important difference, however. Variance ndimaton makes the
components less sparse. In Fig. 9.5 we have plotted theghistoof the kurtoses of
the independent components, estimated either with an@utitrariance normaliza-
tion. Variance normalization clearly reduces the averag#oisis of the components.
The components after variance normalization corresporgtimates”

This reduction in kurtosis is not very surprising if we rddhle results in Sec-
tion 7.8.3. There, it was shown that changing variance okgiam variables is one
mechanism for creating sparse variables. The variancablarin Equation (9.8)
does exactly that. Here, the variance variable is the samallfeomponents, but
that does not change the situation regarding the margistillglitions of the single
components: multiplication by the variance variable makesn more sparse. Thus,
if we cancel the effect of the variance variable, it is naltthrat the components be-
come less sparse.

3 However, there is some difference as well: the vecfgraow have some spurious oscillations.
The reason for this phenomenon remains to be investigated.
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Fig. 9.3: The whole set of detector weight$ obtained by ICA after the variances have been
normalized as in Equations (9.11) and (9.12).

In practice, normalization of the image patches only redle variance depen-
dencies but does not eliminate them. The process desciiimee for modelling the
variances of the components was only a very rough approiomadtet us do the
same measurements on the variance dependencies that wmdeltzefore normal-
ization. The results are shown in Figure 9.6. We see thatggrasrrelations still
remain, although they are now smaller.
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Fig. 9.4: The whole set of featurég obtained by ICA after the variances have been normalized.

9.7 Concluding remarks and References

This chapter focused on the simple empirical fact that tmelépendent compo-
nents” estimated from natural images are not independdms. Seemingly para-
doxical statement is due to the slightly misleading way thgression “indepen-
dent component” is used in the context of ICA. While ICA fine most indepen-
dent components possible by a linear transformation, tisare guarantee that they
would be completely independent. The dependencies olibertiee case of natural
images can be partly explained by the concept of a globahree variable which
changes from patch to patch. Attempts to cancel the deperedsgenerated by such
a changing variance lead to divisive normalization or gaintml models. However,
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Fig. 9.5: Histograms of kurtoses of independent compona)tsstimatedwithout variance nor-
malization,b) estimatedwith variance normalization.
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Fig. 9.6: Histograms of correlation coefficients of nonanéunctions of independent components
estimatedwith variance normalizatiora) f(s) =g/, b) f(s) =<, ¢) f(s) is a thresholding function
that gives O between -1 and 1 and gives 1 elsewhere. Comptre)ad) in Fig. 9.2.
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this is merely the beginning of a new research direction —eflody dependencies
of “independent” components — which will be continued in fokowing chapters.

The results in this chapter also point out an interesting, wery important,
change in the relationship between sparseness and indapendVith linear mod-
els, maximization of sparseness is equivalent to maxinoizabf independence,
if the linear projections are sparse (super-gaussian).iB@ection 9.6, we saw
that divisive normalizatioincreases independenas measured by correlations of
squares, whilelecreasing sparseneas measured by kurtosis. Thus, sparseness and
independence have a simple relation in linear models onty; monlinear process-
ing, we cannot hope to maximize both simultaneously. Thistge elaborated in
(Lyu and Simoncelli, 2008); we will also return to this pointSection 17.2.1.

A seminal work on normalizing images to get more gaussiatrilligions for
the components is (Ruderman and Bialek, 1994b). Simoreradlicoworkers have
proposed sophisticated methods for modelling varianceni@gncies in large im-
ages. They start with a fixed wavelet transform (which is Eimio the ICA de-
composition, see Section 17.3.2). Since the linear baisag, it is much easier to
build further models of the wavelet coefficients, which ca@rt be used in contrast
gain control (Schwartz and Simoncelli, 2001a; Schwartzl,e2@05). More com-
plex model include hidden Markov models (Wainwright et &02; Romberg et al,
2001) as well as Markov Random Fields (Gehler and Wellin@52Qyu and Si-
moncelli, 2007). A recent experimental work which consgdifferent alternatives
for the functional form of divisive normalization is (Bonét al, 2006a); the authors
conclude that something like the division by the norm is adyomdel of contrast
gain control in the cat's LGN.

Finally, let us mention that some work considers the statisproperties of il-
lumination itself, before its interaction with objects @ret al, 2004; Mury et al,
2007).

Gain control phenomena can be found in many different pdrtiseovisual sys-
tem. Some of the earliest quantitative work on the effectaafiral stimuli statistics
considered gain control in the retina (Laughlin, 1981; vaateten, 1992). Recent
work on gain control in the LGN (Bonin et al, 2006b) confirme thea that it is
based on normalization by the Euclidean norm (i.e. rootaveguare contrast).

9.8 Exercices

Mathematical exercises

1. Show that if two componentg ands, are created using a variance variable
as in Eq. (9.4), then also their absolute values have a pesitrrelation, i.e.
coVv(|si1|,|s2|) > 0 unlesd is constant.
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2. Consider a variance variabdewhich only takes two valuesr with probability
1/2 andp with probability 1/2. Assumes; ands, follow Eq. (9.4) with gaussian
§, ands;.
a. Show that fora,3 > 0, the resulting joint pdf ofs;,s) is a sum of two

gaussian pdf’s.
b. Takea =0 andf > 0. What is the distribution now like? Can you write the

pdf?

Computer assignments

1. Take some images and sample patches from them. Thentwaiktlge detectors
in orthogonal orientations. Compute the outputs of bottreatkjectors for all the
patches. Normalize the outputs to unit variance. What ae th

a. the ordinary covariances and correlation coefficientedgfe detector outputs
b. the covariances and correlation coefficients of the spuafithe edge detector

outputs?



Chapter 10
Energy detectors and complex cells

In preceding chapters we considered only linear featurethi$ chapter, we intro-
duce nonlinear features. There is an infinite variety ofedtéht kinds of nonlinear-
ities that one might use for computing such features. Weaaitisider a very basic
form inspired by models previously used in computer visind aeuroscience. This
approach is based on the concepts of subspaces and enexgipdetThe resulting
model called “independent subspace analysis” gives neatifeatures which turn
out to be very similar to complex cells when the parametersearned from natural
images.

10.1 Subspace model of invariant features

10.1.1 Why linear features are insufficient

In the previous chapters, we assumed that each featureitalhas linear entity.
Linearity worked in two directions: The coefficient (stréhps of the feature in
the image was computed by a linear feature detector as intiequd@.4) on page
162, and the image was composed of a linear superpositidgredéatures\;, as in

Equation (7.3) on page 161.

A problem with linear features is that they cannot represevariances For
example, an ideal complex cell gives the same response fatiagirrespective of
its phase. A linear feature detector cannot have such betmabiecause the response
of a linear system to a grating depends on the match betwegrhtise of the input
and the phase of the detector, as discussed in Section lihigher levels of the
visual system, there are cells which respond to complexcbpgrts irrespective of
their spatial location. This cannot be very well describgalsingle linear template
(feature detector), either.

223
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10.1.2 Subspaces or groups of linear features

Linear combinations are a flexible tool that is capable of potimg and representing
invariant features. Let us consider a feature that congiseweral vectors and all
their linear combinations. Thus, one such feature cornedpto a group of simple
linear features which are mixed together with some coefiisie

q
invariant feature= set of ZAi (x,y)s for all values ofs (10.2)
i=

whereq is the number of vectors in a single group. This grouping ehponents is
closely related to the concept sfibspacen linear algebra. The subspace spanned
by the vectorg\ fori =1,...,qis defined as the set of all the possible linear combi-
nations of the vectors. Thus, the range of values that tregiemnt feature represents
is a subspace.

The pointis that each such subspace is representing ameinvature by taking
different linear combinations of the vectors. Let us coasitbr example, the prob-
lem of constructing a detector for some shape, so that thrubaof the detector does
not depend on location of that shape, i.e. it detects whefteeshape occurs any-
where in the image. You could approach the problem by lineators (templates)
A that represent the shape in many different locations. Nbthese vectors are
dense enough in the image space, so that all locations aezezh\the occurrence
of the shape in any location can be represented as a triwgddicombination of the
templates: take the coefficient at the right location to beaétp one, and all the
other coefficients; to be zero. Thus, the subspace can represent the shape in a way
that is invariant with respect to the location, i.e. it does depend on the location.
In fact, subspaces are even more powerful, because to egpr@shape that is not
exactly in the locations given by the basic vectors, a satisfy representation can
often be obtained by taking the average of two or more terapiatnearby locations
(say, just to the left and just to the right of the actual laaak It is this capacity of
interpolationthat makes the linear subspace representation so useful.

The whole image (patch) can be expressed as a linear supismpax these
nonlinear features. Let us denote 8() the set of indices$ of thoseA; that belong
to the k-th group or subspace; for example, if all the subspaces Hamension
two, we would haves(1) = {1,2},S(2) = {3,4} etc. Thus, we obtain the following
model

1(xy) = Z §k>Aa(x,y)s (10.2)

The image is still a linear superposition of the vectdr&,y), but the point is that
these vectors are grouped together. The grouping is usefdéfining nonlinear
feature detectors, as shown next.
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10.1.3 Energy model of feature detection

In Equation (10.2), there was no quantity that would digestly what the strength
(value, output) of a subspace feature is. It is, of coursppitant to define such a
measure, which is the counterpart of thén the case of simple linear features. We
now define the value of the feature, i.e. the output of a feadetector as a particular
nonlinearfunction of the input image patch. We shall denote ighy

First of all, since the model in Equation (10.2) is still adar superposition
model, we can invert the system given by the vectrss in the linear case. To
be able to do this easily, we assume, as in ICA, that the totaloer of vectorgy
is equal to the number of pixels (alternatively, equal torthenber of dimensions
after canonical preprocessing, as discussed below). Haah linear coefficierd
can be computed by inverting the system, just as in equafi@):(

Xy

for some detector weight® which are obtained just as with any linear image model
(e.g. the ICA model).

Now, how do we compute the strength of the subspace featar&astion of the
coefficientss that belong to that subspace? There are several reasorsofosing
the square root of the sum of the squares:

a= |y ¢ (10.4)
i€Sk)

The first reason for using this definition is that the sum ofasqa is related to the
norm of the vectofy .5 Ais. In fact, if theA; form an orthogonal matrix i.e. they
are orthogonal and have norms equal to one, the square rto¢ sum of squares
is equal to the norm of that vector. The norm of the vector i®bwvious measure
of its strength; here it can be interpreted as the “totalpogse of all thes in the
subspace.

Second, a meaningful measure of the strergtlof a subspace feature in an
imagel could be formed by computing the distance &fom the best approximation
(projection) that the subspace feature is able to provide:

i _ A 2
S X’y[l (%) ieék)s/w, y)] (10.5)

Again, if theA; form an orthogonal matrix, this can be shown to be equal to

Sixy)?’— 3 (10.6)
Xy i€Sk)

which is closely related to the sum of squares, because #ésim does not depend
on the coefficients; at all.
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Third, a sum of squares is often used in Fourier analysis:ghergy” in a given
frequency band is usually computed as the sum of squares &bitlrier coefficients
in the band. This is why a feature detector using sum of sguareften called an
energy detector. Note, however, that the connection taggrieithe sense of physics
is quite remote.

Fourth, the sum of squares seems to be a good model of the wiggleocells
in the visual cortex compute their outputs from outputs ofige cells, see Sec-
tion 3.4.2. In the physiological model, a square root is remtassarily taken, but the
basic idea of summing the squares is the same. In that cotibexsummation is
often called “pooling”.

Note that we could equally well talk about linear combinasof linear feature
detectordM instead of linear combinations of t¢. For an orthogonal basis, these
are essentially the same thing, as shown in Section 19.6, Tihear combinations
of theW in the same subspace give the forms of all possible linedufeaetectors
associated with that subspace.

Figure 10.1 illustrates such an energy pooling (summatioogel.

Fig. 10.1: lllustration of computation of complex cell outp by pooling squares of linear feature
detectors. From (Hyvarinen and Hoyer, 2000), Copyri@2000 MIT Press, used with permis-
sion.
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Canonically preprocessed data

Invariant features can be directly applied to data whoseedsion has been re-
duced. Just as in the case of a basic linear decompositiocawesimply formu-

late the linear model as in Equation (10.2) where the datdeneft-hand side is
the preprocessed dara and the linear feature vectors are in the reduced space.
Nothing is changed in the concept of subspaces. Likewigeettergy detector in
Equation (10.4) takes the same form.

10.2 Maximizing sparseness in the energy model

10.2.1 Definition of sparseness of output

What we are now going to show is that we can learn invariarttifea from natu-
ral images by maximization of sparseness of the energy testss given by the
subspace model. Sparseness can be measured in the sameinvthedmear case.
That is, we consider the expectation of a convex functiomefstguare of the detec-
tor output.

First of all, we take a number of linear features that sparatufe subspace. To
keep things simple, let us take just two in the following. Lstdenote the detector
weight vectors, which work in the reduced space after carabpireprocessing, by
v1 andvy. Since we are considering a single subspace, we can dropdegiiof
the subspace. So, what we want to maximize is a measure cesess of the form

E{h(e)} =E{h(v]2)?*+ (v}2)))} =E {h(( S vyz)?+ (3 szzj)z)} (10.7)
j=1 j=1

whereh is a convex function just as in the linear feature case.

An important point that must be considered is how the retelietween/; and
Vo should be constrained. If they are not constrained at afiay easily happen that
these two linear detectors end up being the equal to each dthen we lose the
capability of representing a subspace. Mathematicallplspg, such a situation is
violating our assumption that the linear system given byenetorsA, is invertible,
because this assumption implies that¥kigor thev;) are not linear combinations
of each other.

We constrain herg; andv, in the same way as in the linear feature case: the
outputs of the linear feature detectors must be uncorlate

E{(vi2) (v;2)} =0 (10.8)
and, as before, we also constrain the output variances tqumd & one:

E{(v/2)?} =1, fori=1,2 (10.9)
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Now, we can maximize the function in Equation (10.7) under ¢onstraints in
Equations (10.8) and (10.9).

10.2.2 One feature learned from natural images

To give some preview of what this kind of analysis means irciicae, we show the
results of estimation of a single four-dimensional subspfaom natural images.
The four vectorsyj, converted back to the original image space (inverting tlee p
processing), are shown in Figure 10.2.

Fig. 10.2: A group of weight vectoi/ found by maximization of the nonlinear energy detector in
natural images.

What is the invariance represented by the subspace likemplsiway to analyze
this is to plot a lot of linear combinations of the weight vast\ belonging to the
same subspace. Thus, we see many instances of the diffeedutds that together
define the invariant feature. This is shown in Fig. 10.3 far tireight vectors in
Fig. 10.2, using random coefficients inside the subspace.

Fig. 10.3: Random combinations of the weight vecWirin the subspace shown in Fig. 10.2. These
combinations are all particular instances of the featureeggresented by the invariant feature

The resulting invariance has a simple interpretation: Theviiant feature ob-
tained by the algorithm is maximally invariant with respézthe phaseof the in-
put. This is because all the four linear featuvgsare similar to Gabor functions
which have quite similar parameters otherwise, but withrfegor difference that
the phases of the underlying oscillations are quite differln the theory of space-
frequency analysis (Section 2.4), and in complex cell mo¢®éction 3.4.2), invari-
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ance to phase is achieved by using two different linear feadetectors which are
in quadrature-phase (as sine and cosine functions). Herbawe four linear feature
detectors, but the basic principle seems to be the same.

Such phase-invariance does, in fact, practically alwaysrgenfor the feature
subspaces estimated from natural image data, see Sectibfoi@ more detailed
analysis. The invariant features are thus similar to comp#ls in the visual cor-
tex. This invariance appears because the linear featuthg isame subspace have
similar orientations, and frequencies, whereas they haite different phases, and
slightly different positions. Note that it is not easy tottiguish the effects of dif-
ferent phases and slightly different positions, since tresult in very much the
same transformations in the overall shape of the featuoasdthing that looks like
a small displacement of the feature).

These results indicate that from a statistical viewpoimg, invariance to phase
is a more important feature of natural images that, sayriamae to orientation.
Such invariance to phase has been considered very importéistial neuroscience
because it is the function usually attributed to complelscphase-invariance is the
hallmark property that distinguished simple and compldisce

To see that this “emergence” of phase-invariant feature@iself-evident, we
can consider some alternatives. A well-known alternatieeile be a feature sub-
space invariant to orientation, called “steerable filténsfomputer vision. Actually,
by taking a subspace of Gabor-like vectors that are similalliother parameters
than orientation, one can obtain exactly orientation-irara features (see Refer-
ences and Exercises sections below). What our results shtvat in representing
natural images, invariance with respect to phase is moreiitapt in the sense that
it gives a better statistical model of natural images. Thasnc will be justified in
the next section, where we build a proper probabilistic nhbdeed on sparse, inde-
pendent subspaces.

10.3 Model of independent subspace analysis

Maximization of sparseness can be interpreted as estimafia statistical model
just as in the case of linear features. Assume that the ptest tis of the following

form:
logp(sy, ..., ) = Zh(eﬁ) = Zh( D) (10.10)
ieSk)

(A constant needs to be added to make this a proper pdf if thetitnh is not prop-
erly normalized, but it has little significance in practjdeenote byz,t =1,...,T a
set of observed image patches after preprocessing. Theelikelihood of the model
can be obtained in very much the same way as in the case of IE4uation (7.15)
on page 168. The log-likelihood is given by
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T
logL(V1,...,vn) = Tlog|det V)| + Z Zh( S z)?) (10.11)
t=1 iegk)

Again, if we constrain thg to be uncorrelated and of unit variance, which is equiv-
alent to orthogonality of the matri¥, the term logdetV)| is constant. The re-
maining term is just the sum of the sparseness measurestb&ahergy detectors.
Thus, we see that maximization of the sparsenesses is ézntiva estimation of
the statistical generative model by maximization of likelbd.

As a concrete example, let us consider the case of two-diorasissubspaces,
and choosé(y) = —,/y. This defines a distribution inside each subspace for which

logp(s,sj) = —/§ +. If we further normalize this pdf so that its integral is eflua

to one, and so tha ands; have unit variance, we get the following pdf fgrand
sj in the same subspace:

p(s.sj) = %exp(—x/é,/q%s,?) (10.12)

This could be considered as a two-dimensional generalizati the Laplacian dis-
tribution. If you assumes; is given ass; = 0, the conditional pdf o is proportional

to ex;i—\/ﬁ\/;), which is as in the Laplacian pdf in Equation (7.18) up to some
scaling constants.

What is the main difference between this statistical model ECA? In ICA,
the pdf was derived using the assumption of independendeeotdmponents;.
Since we have here a rather different model, it must meanstivae statistical de-
pendencies exist among the components. In fact, the pdfeab@vesponds to a
model where thenonlinear features gare independent, but the components (i.e.
linear features) in the same subspace are. idte independence of the nonlinear
features can be seen from the fact that the log-density iratimu(10.10) is a sum
of functions of the nonlinear features. By definition, thenliwear features are then
independent. This also implies that two components in tfer@int subspaces are
independent. Since the subspaces are independent in Whesays, this model is
called independent subspace analysis (ISA).

The more difficult question is: What kind of dependenciesxetween the com-
ponents in a single subspace? This will be considered next.

10.4 Dependency as energy correlation

The basic resultis that in the ISA model, the dependencitteedinear components
in the same subspace take the form of energy correlatioeadrintroduced in
Chapter 9. This result will be approached from differentlaagn the following.
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10.4.1 Why energy correlations are related to sparseness

To start this investigation on the statistical dependenafeeomponents in ISA, we
consider a simple intuitive explanation of why the sparssigé energy detectors is
related to the correlations of energies of the underlyingdr features.

Let us consider the following two cases. First, considet ju® linear feature
detectors which have the same output distributions, andsw/batput energies are
summed (pooled) in a nonlinear energy detector. If the dstare statistically inde-
pendent, the pooling reduces sparseness. This is becatlse=fohdamental result
given by the Central Limit Theorem (see Section 7.9.1). yssaoughly speaking,
that the sum of independent random variables is closer tesj@u (and therefore,
less sparse) than the original random variables themselves

Second, consider the contrasting extreme case where #8 lifetector outputs
are perfectly dependent, that is, equal. This means thalistrébution of the pooled
energies is equal to the distribution of the original enesdup to a scaling constant),
and therefore there is no reduction in sparseness.

So, we see that maximization of the sparseness of the ererglated to maxi-
mization of the energy correlations (dependencies) of ttietdying linear features.

10.4.2 Spherical symmetry and changing variance

Next, we show how the ISA pdf can be interpreted in terms ofreanae variable,
already used in Chapter 9.

The distribution inside each subspace, as defined by EdL@},thas the distin-
guishing property of beingpherically symmetricThis simply means that the pdf
depends on the norr{y Yiesk) & only. Then, any rotation (orthogonal transforma-
tion) of the variables in the subspace has exactly the sastrébdition.

Spherically symmetric distributions constitute one ofs¢imaplest models of non-
linear correlations. Ih is nonlinear, the variables in the same subspace are depen-
dent. In contrast, an important special case of spherisghlymetric distributions is
obtained whein(u) = u, in which case the distribution is just the ordinary gaussia
distribution with no dependencies or correlations.

Spherical symmetry is closely related to the the model inclvla separate vari-
ance variable multiplies two (or more) independent vagalds in Equation (9.4)
on page 213. If the independent variatdeands; aregaussianthe distribution of
the vector(sy, ) is spherically symmetric. To show this, we use the basicgipie
that the marginal pdf of the vect¢s;,s,) can be computed by integrating the joint
pdf of (s1,,d) overd. First note that we hav§ = §*/d?. Since thes™are gaussian
and independent (let us say they have unit variance), argpartient ofl, the pdf
can be computed as:

D(S«LSQ)Z/p(Sl,Sg,d)dd:/mld2 exp(—%zz;ﬁ)p(d)dd (10.13)
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Even without actually computing the integral (“integrafich out”) in this formula,
we see that the pdf only depends on the (square of the) sgrrs3. Thus, the
distribution is spherically symmetric. This is becausedtstribution of(5;, %) was
spherically symmetric to begin with. The distribution @f given by p(d) in the
equation above, determines what the distribution of themierike.

In the model estimation interpretatidmjs obtained as the logarithm of the pdf,
when it is expressed as a function of the square of the norms,Tsased in Equa-
tion (10.13) we have

h(e?) = log / 2—71'dzexp(—%)p(d)dd (10.14)

Note that we obtain a spherically symmetric distributioyahthe § are gaus-
sian, because only gaussian variables can be both sphesgaimetrically dis-
tributed and independent. In Chapter 9, we did not assuntéhtbg are gaussian;
in fact, when we normalized the data we saw the the estimgtade “still quite
super-gaussian. This apparent contradiction arises Bedauthe ISA model, we
have a different variance variabiig for each subspace, whereas in Chapter 9 there
was only ondl for the whole image patch. If we estimated g@the ISA model,
their distributions would presumably be much closer to garsthan in Chapter 9.

10.4.3 Correlation of squares and convexity of nonlinearit

Next we consider the role of the nonlinearhyin Equation (10.11). In the model
developed in this chapter, we don’t have just &nputh is assumed to be convex
because we are considering measures of sparseness. jdtuailins out that the
h that can be derived from the model with a variance variablm dse preceding
section, are necessarily convex. A detailed mathematnzdyais of this connection
is given in Section 10.8.

Conversely, if we define the pdf inside a subspace by takiranaex functiorh
of the square of the norm, we usually get a positive covaddmetween the squares
of the components. Again, a detailed mathematical anabfsibis connection is
given in Section 10.8, but we will discuss this connectiorehwith an example.

As an illustrative example, consider two-dimensional galees with pdf defined
as in Equation (10.12). The covariance of the squaresafds; can be calculated,
it is equal to 23. The kurtosis of eithes or sj is equal to 2, and the variables
are uncorrelated. (This density has been standardizedatatthmean is zero and
variance equal to one.) Using this pdf we can investigatedmelitional distribution
of sj for a givens:

P(s.sj) _ _ P(s,s))
p(s) [ p(s.sj)ds;

p(sjls) = (10.15)
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This can be easily computed for our pdf, and is plotted in Eig4 a). We see a shape
that has been compared ttaw-tie when going away from zero on the horizontal
axis (§), the distribution on the vertical axisjj becomes wider and wider, i.e. its
variance grows. This can be quantified by the conditionabvae

var(sjls) = /szp(Sj‘S)de (10.16)

The actual conditional variance gf givens; is shown in Fig. 10.4 b). We see that
the conditional variance grows with the absolute valug .of

What is the connection to energy correlations? Both inéngasonditional vari-
ance and energy correlations try to formalize the sametinéuidea: when one of
the variables has a large absolute values, the other(&ely lio have a large abso-
lute values as well. Correlations of squares or energiegrizething we can easily
compute, whereas conditional variance is a more faithfuhfdization of the same
idea.

Thus, we see that taking a convbxor assuming the data to come from the
variance variable model (with gaussian “original” variess)) are closely related.

a) b) 09
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0.4 06

12 05
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Fig. 10.4: lllustration of the correlation of squares in grebability density in Equation (10.12).
a) The two-dimensionatonditional density ofs; (vertical axis) givens (horizontal axis). The
conditional density is obtained by taking vertical slicéshe density function, and then normal-
izing each slice so that it integrates to one, and thus deéir@eper probability density function.
Black means low probability density and white means higrbphility density. We see that the
conditional distribution get broader asgoes further from zero in either direction. This leads to
correlation of energies since the expectation of the sgsarething but the variancé) The condi-
tional variance o8; (vertical axis) for a givers; (horizontal axis). Here we see that the conditional
variance grows with the square (or absolute valuey .of
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10.5 Connection to contrast gain control

Both the ISA model and the model we used to motivate divismenalization in
Chapter 9 lead to a similar kind of dependency. This may diecitnpression that
the two are actually modelling the same thing. This is notscalise in ISA, the
variance variabled are different for each subspace, whereas in the contrast gai
control there was a singlifor the whole patch.

In the ISA model, the variance variablésare actually closely related to the out-
puts of nonlinear feature detectors. The sum of square®af thside one subspace
(or rather, that sum divided by the dimension of the subspeae be considered
a very crude estimator of the? of that subspace, because, in general, the average
of squares is an estimator of variance. No such interpogtaif d can be made in
the contrast gain control context, where the simdjie considered an uninteresting
“nuisance parameter”, something whose influence we wardrioe.

Although the contrast gain control models could be geragdlto the case where
the patch is modelled using several variance variablesciwhossibly control the
variances in different parts of the patch due to differelinilination conditions,
the basic idea is still that in ISA, there are many more enéiggctors than there
are variance variables due to illumination conditions ie ttontrast gain model in
Chapter 9.

Because the dependencies in the two models are so simiGand envision
a single model that encompasses both models. Steps towatts snodel are dis-
cussed in Section 11.8. On the other hand, we can use ISA telntoa energy
correlations that remain in the imagafer divisive normalization. In the image ex-
periments below, we first reduce energy correlation by digisormalization using
Equation (9.11), and then model the data by ISA. This has tffereint motivations:

1. We want to model energy correlations, or in general thessitzal structure of
images, as precisely as possible. So it makes sense to fitsta¢he overall value
of energy correlations to be able better to see fine detdilis. @an be compared
with removal of the DC component, which makes the detailseicoad-order
correlations more prominent. Just like in ICA, one finds tteg dependencies
between the subspaces are reduced by divisive normatizatiothe ISA model
is then simply a better model of image data.

2. On a more intuitive level, one goal in image modelling idital some kind of
“original” independent features. Reducing the dependenai linear features by
divisive normalization seems a reasonable step toward sgcial.

10.6 ISA as a nonlinear version of ICA

It is also possible to interpret the ISA model of independeriispace analysis as a
nonlinear invertible transformation of the data. Obvigukke transformation is non-
linear, but how can we say that it is invertible? The poinbigonsider not just the
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norms of the coefficients in the subspaces, but also the sirglgle the subspaces.
That is, we look at what is called ttpolar coordinates inside each subspace. For
simplicity, let us consider just two-dimensional subspgaedthough this discussion
also applies in higher-dimensional subspaces.

The point is that if we express the coordinasess, in a two-dimensional sub-

space as a function of the nomm= \/ﬁ +§ and the anglé = arctarsy/s; with
respect to one of the axes. This is an invertible transfaonathe inverse is given
by sy =rcosB ands; = rcosf.

The fundamental point is that the two variablesdf areindependentinder the
ISA model. This is precisely because of the assumption treptlf is spherically
symmetric, i.e. it depends on the norm only. Intuitivelyistis easy to see: since
the pdf only depends on the norm, it can be factorized, asinedjby the defini-
tion of statistical independence, to two factors. The fiegpehds on the norm only,
and the second, completely trivial factor is equal to 1. Thestant factor can be
interpreted to be a (constant) functionéfcorresponding to a uniform distribution
of the angles. So, we see that the pdf can be factorized intodupt of a function
of r and a functiord, which proves the independence. (Note that this proof is not
quite correct because we have to take into account the diginirof the Jacobian,
as always when we transform pdf’s. The rigorous proof is ésftan exercise for
mathematically very sophisticated readers.)

Thus we see that we can think of the generative model of ISA msndinear,
invertible transformation, which is, in the case of two-éinsional subspaces, as
follows:

r VAl
61 2
S (10.17)
In/2 Zn-1
9n/2 Zn

where the components on the left-hand-side are all indep@rfdom each other.
The same idea holds for subspaces of any dimensions; wegadttn parameterize
arbitrary rotations in those subspaces (which is rathertmated).

10.7 Results on natural images

10.7.1 Emergence of invariance to phase

10.7.1.1 Data and preprocessing

We took the same 5000 natural image patches of sizex332 as in the ICA case.
We performed contrast gain control by divisive normaliaatas in Equation (9.11),
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as motivated in Section 10.5. Then, we preprocessed theatiaed patches in the
same (“canonical”) way as with ICA, reducing the dimensio256.

The nonlinearityh used in the likelihood or sparseness measure was chosen to
be a smoothed version of the square root as in Eq. (6.14) on &8 We then esti-
mated the whole set of feature subspaces using subspackfsizeatural images,
which means 64 256/4 subspaces.

10.7.1.2 Features obtained

The results are shown in Fig. 10.5 and Fig. 10.6 folbhand theA;, respectively.
Again, the feature detectors are plotted so that the greles@lue of a pixel means
the value of the coefficient at that pixel. Grey pixels meamo zeefficients. As with
linear independent components, the order of the subspaaast idefined by the
model. For further analysis, the subspaces are ordereddingdo the sparsenesses
of the subspaces as measure by the tgfm h(Ficsx (v z)?) in the likelihood.

Visually, one can see that these feature detectors have=dtitey localization
properties. First, they are localized in space: most of tedficients are practically
zero outside of a small receptive field. This is true of thevittlial feature detectors
in the same way as in the case of linear feature detectorsatstil by sparse coding
or ICA. What is important here is that it is also true with respto the whole sub-
space, because the non-zero coefficients are more or ldgssaime spatial location
for all feature detectors corresponding to the same sulesfjde linear feature de-
tectors and the invariant features are also oriented antistale in exactly the same
way: the optimal orientations and frequencies seem to bsahee for all the linear
features in the same subspace.

10.7.1.3 Analysis of tuning and invariance

We can analyze these features further by fitting Fourieringat just as in Sec-
tion 6.4. In determining the optimal orientation and freqeyefor a subspace, we
find the grating that has maximum energy response, i.e. marisum of squares of
linear dot-products inside the subspace. The analysisdeméit more complicated
by the fact that for these nonlinear features, we cannot fichtaximum response
over all phases by using two filters in quadrature-phaseakidd the square of the
responses as we did in Section 6.4. We have to compute thensspover different
values of orientation, frequen@nd phase. Thus we take many different values of
a,B andfin
f(x,y) = sin(2ma(sin(0)x+cog0)y) + B) (10.18)

Then we compute the responses of the energy detectors antid¢iodd that max-
imize the sum of responses over the differBribr each subspace.

We can then investigate the selectivities of the featureshanging one of the
parameters, while the others are fixed to the optimal vallkes gives the tuning
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o o

Fig. 10.5: The whole set of vectdrg obtained by independent subspace analysis. The four gector

in the same subspace are shown consecutively on the sam&hewubspaces have been ordered
so that the sparsest ones are first (top rows).

curves for each of the parameters. Note that when computengesponses for vary-
ing orientation or frequency, we again take the sum overadkble phases to sim-
ulate the total response to a drifting grating. On the ottzardh when we compute
the tuning curve for phase, we do not take a sum over diffgrbases.

In Figure 10.7 we have show the results of the analysis fdiitbigen (i.e. the ten
sparsest) subspaces in Fig. 10.5. We can clearly see tiratestl energy detectors
are still selective to orientation and frequency. Howetlegy are less selective to
phase. Some of the features are rather completely insemsitiphase, whereas in
other, some selectivity is present. This shows that the iradmessfully produces
the hallmark property of complex cells: invariance to phasé¢least in some of the
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Fig. 10.6: The whole set of vectofg obtained by independent subspace analysis.

cells! Thus, the invariance and selectivities that emerge fromrabimages by ISA
is just the same kind that characterize complex cells.

The selectivity to orientation and frequency is a simplessmuence of the fact
that the orientation and frequency selectivities of thearlyihg linear feature de-
tectors are similar in a given subspace. This can be analyzewbre detail by vi-
sualizing the correlations of the optimal parameters fov timear features in the

1 |t should be noted that the invariance to phase of the sumugrsg of linear filter responses
is not an interesting property in itself. Even taking reoapfields with random coefficients gives
similar phase-response curves as in Fig. 10.7 for the sumuares. This is because the phase-
responses are always sinusoids, and so are their squardéshemhases of different filters are
different enough, their sum often ends up being relativelystant. What is remarkable, and needs
sophisticated learning, is tr@mbinationof selectivity to orientation and frequency with phase-
invariance.
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Fig. 10.7: Tuning curves of the ISA featundk Left: change in frequency (the unit is relative to the
window size of 32 pixels, so that 16 means wavelength of 2igix®liddle: change in orientation.
Right: change in phase.
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same subspace. In Fig. 10.8 we see that the orientations(kjrangly correlated.
In the case of frequencies the correlation is more diffieuide because of the over-
all concentration to high frequencies. As for phases, noetation (or any kind of
statistical dependency) can be seen.

In this analysis, it is important to reduce the dimension BARjuite a lot. Thisis
because as explained in Section 5.3.3.2, the phase is noparpyrdefined quantity
at the very highest frequencies (the Nyquist frequency) ¢ha be represented by
the sampling lattice, i.e. the pixel resolution.
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Fig. 10.8: Correlation of parameters characterizing tiedr features in the same independent
subspace. In each plot, we have divided the subspaces iot@aws, and plotted the optimal
parameter values for the two linear features in a scatter poscatter plot of frequencied)
scatter plot of orientations;) scatter plot of phasesl) scatter plot of locations (x-coordinate of
centerpoints).

Finally, we can analyze the distribution of the frequeneied orientations of the
subspace features. The plot in Fig. 10.9 shows that whilerehtations are rather
equally present (except for the anisotropy seen even in k3Alts), the frequency
distribution is strongly skewed: most invariant features mned to high frequen-
cies.
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Fig. 10.9: Histograms of the optima) frequencies ant) orientations of the independent sub-
spaces.

10.7.1.4 Image synthesis results

Results of synthesizing image with the ISA model are showFigmre 10.10. This
is based on the interpretation as a nonlinear ICA in Sectib, but the model with
variance dependencies in Section 10.4 would give the sasitse

Here, the norms;, i.e. the values of the invariance features, were choser to b
equal to those actually observed in the data. The angledeiribe subspace were
then randomly generated.

The synthesized images are quite similar to those obtaigd@A. The invari-
ance is not really reflected in the visual quality of theselsgsized images.

Fig. 10.10: Image synthesis using ISA. Compare with the 1€gults in Figure 7.4 on page 170.
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10.7.2 The importance of being invariant

What is the point in features that are invariant to phase®hegal, the variability

of how objects are expressed in the retinal image is one ofjtbatest challenges,
perhaps the very greatest, to the visual system. Objectdbeaseen in different

locations in the visual space (= retinal space). They caeapgt different distances
to the observer, which changes their size in the retinal en&pjects can rotate,
turn around, and transform in a myriad of ways. And that'salbtthe environment

can change, moving light sources and changing their stnepgsting shadows and
even occluding parts of the object.

The visual system has learned to recognize objects debptse difficulties. One
approach used in the early parts of the system is to compatarés that are in-
variant to some of such changes. Actually, in Chapter 9 weadly saw one such
operation: contrast gain control attempts to cancel someetsfof changes in light-
ing, and removal of the DC component is doing something aimil

With energy detectors, we find phase-invariant featuresiai to those in com-
plex cells. It is usually assumed that the point in such amriawnce is to make
recognition of objects less dependent on the exact positfware they appear. The
pointis that a change in phase is very closely related to agdna position. In fact,
it is rather difficult to distinguish between phase-invada and position-invariance
(which is often called translation- or shift-invariancH.you look at the different
feature vectorgy inside the same subspace in Fig. 10.6, you might say thabiteey
the same feature in slightly different positions.

Changing the phase of a grating, and in particular of a Gabctfon is in-
deed very similar to moving the stimulus a bit. However, in® movement in
an arbitrary direction: It is always movement in the direntbf oscillations. Thus,
phase-invariance is rather a special case of positiorrinvee. And, of course, the
position-invariance exhibited by these energy detecwry limited. If the stim-
ulus is spatially localized (say, a Gabor function as alMaysly a small change
in the position is allowed, otherwise the stimulus goes dtte receptive field and
the response goes to zero. Even this very limited positiwariance can be useful
as a first step, especially if combined with further invatieemputations in the next
processing layers.

Figure 10.11 shows a number of Gabor stimuli that have akkogarameters
fixed at the same values but the phase is changed systeltyatigaideal phase-
invariant feature detector would give the same responsk ttoesge stimuli.

Fig. 10.11: A Gabor stimulus whose phase is changed.
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10.7.3 Grouping of dependencies

Next we analyze how grouping of dependencies can be seee iiBfresults on
natural images. A simple approach is to compute the comelabefficients of the
squares of components. This is done separately for comp®médnich belong to
the same subspace, and for components which belong toatiffeubspaces. When
this is computed for all possible component pairs, we cahth®histogram of the
correlation coefficients in the two cases. This is shown guké 10.12. We see that
square correlations are much stronger for components isdh@e subspace. Ac-
cording to the model definition, square correlations shaadero for components
in different subspaces, but again we see that the real dammiut exactly respect
the independence assumptions.

a) 20 ‘ ‘ ‘ b) ,x 10*
200
15
150
1
100
50 05
4 0 02 04 06 P 0 02 04 06

Fig. 10.12: Correlation coefficients of the squares of afiglole pairs of components estimated by
ISA. @) Components in the same subspazeComponents in different subspaces.

Another way of analyzing the results is to visualize the squarrelations. This
is done in Figure 10.13 for the first 80 components, i.e. 20$ubspaces. Visually,
we can see a clear grouping of dependencies.

10.7.4 Superiority of the model over ICA

How do we know if the ISA model really is better for natural igees when compared
to the ICA model? The first issue to settle is what it means @ lagbetter model.
Of course, ISA is better than ICA in the sense that it showsrgeree of new
kinds of phenomena. However, since we are building stasisthodels, it is impor-
tant to ask if the new model we have introduced, in this cage t&ally is better
than ICA in a purely statistical sense. One useful way of agghing this is to
compute the maximum likelihood. In a Bayesian interpretatthe likelihood is the



244 10 Energy detectors and complex cells
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Fig. 10.13: Correlation coefficients of the squares of thdi®) components in Figure 10.5. The
correlation coefficients are shown in grey-scale. To imprtiwe visualization, values larger than
0.3 have been set ta®.

probability of the parameters given the data, if the pridtas This helps us in com-
paring ICA and ISA models because we can consider the subgise as another
parameter. The ICA model is obtained in the case where thepsugle size equals
one. So, we can plot the maximum likelihood as a function bfpace size, always
recomputing th&\f so as to maximize the likelihood for each subspace sizeelf th
maximum is obtained for a subspace size larger than one, weaathat ISA is a
better model than ICA.

It is important to note that we need to use a measure which ligénwith the
theory of statistics. One might think that comparison ofj, sparsenesses of the
ICA and ISA features could be used to compare the models,Unlt & compari-
son would be more problematic. First, ISA has fewer featuseshow to compare
the total sparseness of the representations? Second, wd ®alsa encounter the
more fundamental question: Which sparseness measure ?olfuse use likeli-
hood, statistical theory automatically shows how to coraghé quantities used in
the comparison.

2 Comparison of models in this way is actually a bit more cowgitd. One problem is that if
the models may have a different number of parameters, atdicgoparison of the likelihoods is
not possible because having more parameters can lead tfittovgr Here, this problem is not
serious because the number of parameters in the two modedsestially the same (it may be a bit
different if the nonlinearitie$; are parameterized as well). Furthermore, Bayesian theoposes

a number of more sophisticated methods for comparing mptledg consider the likelihood with
many different parameter values and not only at the maxiroaltpSuch methods are, however,
computationally quite complicated, so we don’t use theneher
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In Figure 10.14, likelihood is given as a function of subspaize for the ISA
model, for image patches is 2424. What we see here is that the likelihood grows
when the subspace size is made larger than one—a subspacé sir is the same
as the ICA model. Thus, ISA gives a higher likelihood. In diddi, the graph shows
that the likelihood is maximized when the subspace size isvBh is quite large.
However, this maximum depends quite a lot on how contrast gantrol is per-
formed. Here, it was performed by dividing the image patdhetheir norms, but
as noted in Chapter 9, this may not a very good normalizatiethod. Thus, the re-
sults in Figure 10.14 should not be taken too seriously. Goimg a proper contrast
gain control method with the ICA and ISA model is an importaopic for future
research.
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Fig. 10.14: Maximum likelihood of natural image data as acfion of subspace dimensionality
in ISA. Subspace size equal to 1 corresponds to the ICA madthel.error bars are computed by
doing the estimation many times for different samples otlpes. Adapted from (Hyvarinen and
Koster, 2007).

10.8 Analysis of convexity and energy correlations*

In this section, we show more detailed mathematical aratysithe connection of
the correlation of squares and convexityrofliscussed in Section 10.4.3. It can be
omitted by readers not interested in mathematical details.
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10.8.1 Variance variable model gives conviex

First we show that the dependency implied by the model witbravexh typically
takes the form of energy correlations. To prove that (10.14) is always convex, it
is enough to show that the second derivativé i always positive. We can ignore
the factor ¥2m. Using simple derivation under the integral sign, we obtain

S exn—2)p(c)dd | & exp(— ) p(d)dd— [/ & exp— %)p(d)ddl?
[/ & expl— 2%)p(d)dd?
(10.19)

Since the denominator is always positive, it is enough towsthat the numerator is
always positive. Let is consider eéep%z)p(d) as a new pdf ofl, for any fixedu,
after it has been normalized to have unit integral. Thenntireerator takes the form
(E{1/d®}E{1/d?} — E{1/d*}?). Thus, it is enough that we prove the following
general result: for any random variatde- 0, we have

h//(u)

(E{Z})? < E{Z}E{z} (10.20)

When we apply this om= 1/d?, we have shown that the numerator is positive. The
proof of Equation (10.20) is possible by the classic CauShigwarz inequality,
which says that for any,y > 0, we have

E{xy} < E{x*}'/2E{y?}"/? (10.21)

Now, choosex = /2 andy = Z/2. Then, taking squares on both sides, Equa-
tion (10.21) gives Equation (10.20).

10.8.2 Convex typically implies positive energy correlations

Next we show why convexity dfi implies energy correlations in the general case.
We cannot show this exactly, we have to use a first-order appadion. Let us
consider two variables, and look at the conditional pd§ofhear the poins, = 0.
This gives

h(s}+s5) = h(s?) + W (s3)s3 + smaller terms (10.22)

Let us interpret this as the logarithm of the pdfssf given a fixeds;. Some nor-
malization term should then be added, corresponding toghemhinator in (10.15),
but it is a function ofs; alone. This first-order approximation of the conditional pd
is gaussian, because only the gaussian distribution hag-pdbthat is a quadratic
function. The variance of the distribution is equal tjl2(s?)|. Because of convex-
ity, h" is increasing. Usuallyy' is also negative, because the pdf must go to zero
(and its log to—») whens, goes infinite. Thus[,h’(ﬁ)\ is a decreasing function,
and 2/|h'(s?)| is increasing. This shows that the conditional variance @ficreases
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with § if his convex. Of course, this was only an approximation, butstifies the
intuitive idea that a convetxleads to positive energy correlations.

Thus, we see that using a conVeix the ISA model is closely related to assuming
that thes inside the same subspace have positive energy correlations

10.9 Concluding remarks and References

Independent subspace analysis is for complex cells whati@#\for simple cells.
When estimated from natural image data, it learns an enagtpctbr model which
is similar to what is computed by complex cells in V1. The t#sg features have a
relatively strong phase-invariance, while they retaingmeple-cell selectivities for
frequency, orientation, and to a lesser degree, locatiaesA&iction in the model is
that the pooling in the second layer is fixed; relaxing thinietion is an important
topic of current research and will be briefly considered ict®® 11.8. Another
guestion is whether the squaring nonlinearity in compatedif the features is better
than, say, the absolute value; experiments in (Hyvarimehk&dster, 2007) indicate
that it is.

Steerable filters (orientation-invariant features) asedssed in the exercises and
computer assignments below. The earliest referencesdadlioenderink and van
Doorn, 1987; Freeman and Adelson, 1991; Simoncelli et @219An alterna-
tive viewpoint on using quadratic models on natural imagemi(Lindgren and
Hyvarinen, 2007), which uses a different approach and fiedg different features.

Early and more recent work on energy detectors can be four{Battlen and
Ronner, 1983; Mel et al, 1998; Emerson et al, 1992; Gray et398). It is also
possible to directly incorporate energy detectors in weigelising complex-valued
wavelets (Romberg et al, 2000). The idea of transformingiéta into polar coor-
dinates can be found in (Zetzsche et al, 1999). Using positigariant features in
pattern recognition goes back to at least (Fukushima, 1%&@) e.g. (Fukushima
et al, 1994; Riesenhuber and Poggio, 1999) for more recerelalements.

Only recently, reverse correlation methods have been dgtito estimation en-
ergy models (Touryan et al, 2005; Rust et al, 2005; Chen 208I7). These provide
RF’s for linear subunits in an energy model. The obtainedltegre quite similar to
those we learned in this chapter. However, such revergelatipn are quite scarce
at the moment, so a detailed comparison is hardly possilitecrfative approaches
to characterizing complex cells is presented in (Felser, &0®5; Touryan et al,
2002).
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10.10 Exercices

Mathematical exercises

1. Show Equation (10.6).
2. This exercise considers the simplest case of steerafalissfiConsider the gaus-
sian function

Bxy) = exp(— (¢ +7) (10.23)

a. Compute the partial derivatives ¢fwith respect toc andy. Denote them by

¢x andy.
b. Show thatpx and¢y are orthogonal:

[ x0xy)dy(xy) dxy=0 (10.24)

c. The two functionsgpy and ¢y define a pair of steerable filters. The subspace
they span has an invariance property which will be shown.riegfine an
orientation angle parametear. Consider a linear combination

$a = PxcOSa + pysina (10.25)

The point is to show thap, has just the same shape @sor ¢y, the only

difference being that they are all rotated versions of edbbroThus ¢, and

¢y form an orthogonal basis for a subspace which consists gblsimdge
detectors with all possible orientations. The proof canli@ined as follows.
Define a rotated version of the variables as

X\ [ sinB cosB) (x
()~ (oo 5nn) () 020
Expressp as a function ok’ andy’. Show that this is equivalent tfy, for a
suitably choseif.

Computer assignments

1. Create two two-dimensional Gabor filters in quadraturage and plot random
linear combinations of them.
2. Next we consider steerable filters.

a. Plot the partial derivativeg, and ¢y defined in the mathematical exercise 2
above.
b. For a couple of different values of alpha, plot their lineambinationsp.

Compare visually the shapes of the functions plotted.



Chapter 11

Energy correlations and topographic
organization

The energy detection model in the preceding chapter catydssimodified to in-
corporate topography, i.e. an arrangement of the featuregwo-dimensional grid.
This is very interesting because such organization is otigsafost prominent phe-
nomena found in the primary visual cortex. In this chapter sivall investigate such
a topographic version of the ICA model. It is, mathematicallrather simple mod-
ification of the independent subspace analysis model.

11.1 Topography in the cortex

Topography means that the cells in the visual cortex aremany random order;
instead, they have a very specific spatial organization.Mfheving on the corti-
cal surface, the response properties of the neurons chargystematic ways. The
phenomenon can also be called topological organizaticth sametimes the term
“columnar organization” is used in almost the same sense.

Fundamentally the cortex is, of course, three-dimensidnaddition to the sur-
face coordinates, which we denoteX@yandye, there is the depth dimensian The
depth “axis” goes from the very surface of the cortex throdifferent layers of the
grey matter to the white matter.

However, the depth dimension is usually assumed to be diftdrom the other
two dimensions. In the most simplistic interpretations, ¢ells that are on the same
surface locatiorixc, yc) are similar irrespective of how deep they are on the cortex.
This is most clearly expressed in the classic “ice cube” rhotié1. Such a simplis-
tic view has been challenged, and it is now well-known thé¢ast some properties
of the cells are clearly different in different (depth) lageln particular, input to V1
is received in some of the layers and others are specializedtputting the results.
Still, it seems that the response properties which we censidthis book, such as
location, frequency, and orientation selectivities, depmainly on the coordinates
(Xe,Ye) of the cell with respect to the surface.

249
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Looking at the spatial organization of response propedgs function of the
surface coordinates andyc, the most striking aspect of topographic organization is
retinotopy which means that the location of the receptive field in thi@atspace is
closely correlated with thg. andy. coordinates. The global correspondence of the
retinal coordinates and the cortical coordinates is sona¢edmplicated due to such
phenomena as the magnification factor (the area in the ceftiee visual field has
a relatively larger representation on the cortex), thesitri into two hemispheres,
some unexpected discontinuities, and so on. The corralajdherefore, more of a
local nature.

The second important topographic property is the graduahgh of orienta-
tion tuning. The preferred orientation of simple and complells mostly changes
smoothly. This phenomenon is often referred toasntation columnsThey can be
seen most clearly in optical imaging experiments where akes a “photograph” of
the cortex that shows which regions are active when the iopusists of a grating
of a given orientation. Such activity patterns take the foffratripes (columns).

The third important property of spatial organization isttfraquency selectivity
seems to be arranged topographically into low-frequenaldo that the blobs (or
at least their centers) contain predominantly cells thafesrlow-frequency cells
and the interblob cells prefer higher frequencies. Thegeftequency blobs seem
to coincide with the well-known cytochrome oxidase blobs.

A final point to note is that phase is not arranged topograglyidn fact, phase
seems to be completely random: there is no correlation tegtlee phase parame-
ters in two neighbouring cells.

11.2 Modelling topography by statistical dependence

Now we show how to extend the models of natural image stedisti include to-
pography. The key is to consider the dependencies of the aoemis. The model is
thus closely related to the model of independent subspadgsasin Chapter 10. In
fact, ISA can be seen as a special case of this model.

11.2.1 Topographic grid

To model topographic organization, we have to first definecvfieatures are “close
to each other” on the cortical surface. This is done by alramthe features; on
a two-dimensional grid or lattice. The restriction to 2D i®twated by cortical
anatomy, but higher dimensions are equally possible. Th&amrganization on
the grid models the organization on the cortical surfacee @alrangement on the
lattice is illustrated in Figure 11.1.

The topography is formally expressed by a neighbourhoodtfon ri(i, j) that
gives the proximity of the features (components) with iedicandj. Typically, one
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" hood of

\

independent

Fig. 11.1: lllustration of topography and its statisticaierpretation. The neurons (feature detec-
tors) are arranged on a two-dimensional grid that defineshvhéurons are near to each other and
which are far from each other. It also defines the neighbadhaf a cell as the set of cells which
are closer than a certain radius. In the statistical modslrons that are near to each other have
statistically dependent outputs, neurons that are far faoh other have independent outputs.

defines thata(i, j) is 1 if the features are sufficiently close to each other (tuey
“neighbours”), and 0 otherwise. Typically, the neighbaaot function is chosen by
defining the neighbourhood of a feature to be square. For pleamii, j) is 1 if the
featurej is in a 5x 5 square centered on featuretherwiseri(i, j) is zero.

11.2.2 Defining topography by statistical dependencies

Consider a number of featurgsi = 1,...,n. How can we order the features on the
topographic grid in a meaningful way? The starting poinbisléfine a measure of
similarity between two features, and then to order the festso that features that
are similar are close to each other on the grid. This is a geépénciple that seems
fair enough. But then, what is a meaningful way of definingikirity between two
features? There are, actually, a couple of different pdgk.

In many models, the similarity of features is defined by samity of the features
weights or receptive field§i. Typically, this means the dot-product (also called,
somewhat confusingly, the correlation of the receptivadfigl This is the case in
Kohonen’s self-organizing map and related models. Howekiexr seems rather in-
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adequate in the case of the visual cortex. For example, tatuifes of the same
frequency need not exhibit large dot-products of weightt@es; in fact, the dot-
product can be zero if the features are of orthogonal oriEms with otherwise
similar parameters. Yet, since the V1 exhibits low-frequeblobs, low-frequency
features should be considered similar to each other evereyf are quite differ-
ent with respect to other parameters. What's even worseaisdince the phases
change randomly when moving a bit on the cortical surface,dbt-products be-
tween neighbouring components also change rather randgindg the phase has a
large influence on the shape of the receptive fields and onatiprdducts.

Another candidate for a similarity measure would be cotiefaof the feature
detector outputs; when the input consists of natural images. However, thiois n
good either, since the outputs (components) are typicalhstained to be exactly
uncorrelated in ICA and related models. Thus, they woulaimaximally dissim-
ilar if similarity is based on correlations.

Yet, using correlations seems to be a step in the right dinecThe central hy-
pothesis used in this book — visual processing in the codestrongly influenced
by the statistical structure of the natural input — wouldgest that we have to look
at the statistics of feature detector outputs in order to dimleaningful measure of
similarity to be used in a model of topography. We just needenmaformation than
the ordinary linear correlations.

Our statistical approach to topography thus concentratéb@pattern of statis-
tical dependencies between theassuming that the joint distribution of tleis
dictated by the natural image input. The basic idea is $ivatlarity is defined by
the statistical dependency of the outpuikus, features that have strong statistical
dependencies are defined to be similar, and features thatd@pendent or weakly
dependent are defined to be dissimilar.

The application of this principle is illustrated in Fig. 11.The linear feature
detectors (simple cells) have been arranged on a grid ¢Qastethat any two fea-
ture detectors that are close to each other have dependputsuvhereas feature
detectors that are far from each other have independentitsutp

Actually, from Chapters 9 and 10 we know what are the most pment statis-
tical dependencies that remains after ordinary ICA: theatations of squares (or
absolute values, which seems to be closely related). Theislomot need to model
the whole dependency structure of ghewvhich would be most complicated. We can
just concentrate on the dependencies of the sql:%res

11.3 Definition of topographic ICA

As in the ICA and ISA models, we model the image as a linear pagsition of
featuresA; with random coefficients:

L(x,y) = _ZlAa(x,y)s (11.1)
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As in ICA and ISA, thes are obtained as the outputs of linear feature detectors as

n

s =Y WXYIXY) =5 vijz =]z (11.2)
Xy =1

where thez; denotes thg-th variable obtained from the image patch by canonical
preprocessing.

The point is now to define the joint pdf of ttee so that it expresses the topo-
graphic ordering. First, we define the “local energies” as

= i (i, j)s- (11.3)
=1

This is basically the general activity level in the neightdmod of the linear feature
s. The weighting byr(i, j) means that we only sum ovsrwhich are close tg; in
the topography.

Next, we define the likelihood of the topographic ICA modelebgimple mod-
ification of the log-likelihood in the ISA model, given in Eation (10.11) on page
230. We replace the subspace energiglsy these local energies. (The connection
between the two models is discussed in more detail lateuy,Ttefine the pdf of

thes as .
log p(s1 Zlh Z (11.4)

whereh is a convex function as in the preceding chapters, e.g. @e6t2.1. As-
suming we have observed a set of image patches, represented b-1,...,T
after canonical preprocessing, we obtain the likelihood

logL(vy,...,vn) = Tlog|detV) H—ZZh )(v]z)?) (11.5)

The topography given byi(i, j) is considered fixed, and only the linear feature
weightsv; are estimated, so this likelihood is a function of theonly. As in earlier
models, the vectong; are constrained to form an orthogonal matrix, so the determi
nant is constant (one) and the tefrog| detV)| can be ignored.

The central feature of this model is that the resporsse$ near-by simple cells
arenotstatistically independent in this model. The responsestdrénearly uncor-
related, but they have nonlinear dependencies. In facetieegiess® are strongly
positively correlated for neighbouring cells. This proyés directly inherited from
the ISA model; that connection will be discussed next.
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11.4 Connection to independent subspaces and invariant feaes

Topographic ICA can be considered a generalization of thdehof independent
subspace analysis. The likelihood of ISA, see Equatiori{)Qcan be expressed as
a special case of the likelihood in Equation (11.5) with eghbburhood function
which is one if the components are in the same subspace aaditesrwise, or
more formally:

G, ) = 1, ifthere is some subspace with indgso thati, j € S(q)
" 10 otherwise

This shows that topographic ICA is closely connected to tfirecjple of invari-
ant feature subspaces in Chapter 10. In topographic ICAy@a@mponent has its
own neighbourhood, which corresponds to a subspace in 13éh &f the local en-
ergiesc; could be considered as the counterpart of the eneggigsISA. Thus the
local energies, possibly after a nonlinear transform, aamterpreted as the values
of invariant features. The pooling process is controlledh®/neighbourhood func-
tion 71(i, j). This function directly gives the pooling weights, i.e. thennections
between the linear features with indieand the invariant feature cell with indgx
Note that the number of invariant features is here equalgatimber of underlying
linear features.

The dependencies of the components can also be deducedHi®ranalogy
with ISA. In ISA, components which are in the same subspawe barrelations
of energies. In topographic ICA, components which are ctoseach other in the
topographic grid have correlations of squares. Thus, @lfdatures in the same
neighbourhood tend to be active (non-zero) at the same time.

In a biological interpretation, our definition of the podiweights from simple
cells to complex cells in topographic ICA is equivalent te issumption that com-
plex cells only pool outputs of simple cells that are neashyhe topographic grid.
Neuroanatomic measurements indicate that the wiring ofpdexcells may indeed
be so constrained, see References below. Such a two-layevniés illustrated in
Fig. 11.2.

11.5 Utility of topography

What is the computational utility of a topographic arranget? A widely used ar-
gument is that such a spatial arrangementis usefuitimize wiring lengthWiring
length means here the length of the physical connectiomn&xeeded to send sig-
nals from one neuron to another. Consider, for example, thblem of designing
the connections from simple cells to complex cells so that‘thires” are as short
as possible. It is rather obvious that topographic ICA igtedd to minimizing that
wiring length because in topographic ICA all such connetgiare very local in the
sense that they are not longer that the radius of the neighbods. A more general
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task may be to pool of responses to reduce noise: if a cell iiglaeh area wants
to “read”, say, the orientation of the stimulus, it could ued noise in V1 cell re-
sponses by looking at the average of the responses of malsywddth have the
same orientation selectivity.

In general, if we assume that two cells need to communicatie @ach other
if (and only if) their outputs are statistically dependeanfjographic ICA provides
optimal wiring. The same applies if the responses of twoscale combined by a
third cell only if the outputs of the two cells are statistigalependent. Such as-
sumptions are reasonable because if the cells represesspi¢information which
are related (in some intuitive sense), it is likely that thoeitputs are statistically de-
pendent, and vice versa; so, statistical dependence teitdhwells contain related
information which has to be combined in higher levels.

Minimization of wiring length may be important for keepintgttotal brain vol-
ume minimal: a considerable proportion of the brain volusaesed up in intercon-

necting axons. It would also speed up processing becaussghal travels along
the axons with limited speed.

- i\ I

Fig. 11.2: Computation of invariant features in the toppgia ICA model. Invariant features (com-
plex cell outputs) are obtained by summing the squares eétifieatures (simple cell outputs) in

a neighbourhood of the topographic grid. From (Hyvarinealg2001a), Copyright©2001 MIT
Press, used with permission.
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11.6 Estimation of topographic ICA

A fundamental similarity to ISA is that we daot specify what parameters should
be considered as defining the topographic order. That isptiael does not specify,
for example, that near-by neurons should have receptivesfilat have similar
locations, or similar orientations. Rather, we let the naltimages decide what the
topography should be like, based on their statistical stinec

fixed
weights

maximize

sparseness
learned

COMPLEX CELLS
(locally pooled energies)

SIMPLE CELLS
Q (linear filters)

PIXEL INPUT

Fig. 11.3: lllustration of learning in the topographic ICAodel. From (Hyvarinen et al, 2001a),
Copyright(©?2001 Elsevier, used with permission.

Since we have already defined the likelihood in Equatior)l &stimation needs
hardly any further comment. We use whitened (canonicalypprcessed) data, so
we constrainV to be orthogonal just like in ICA and ISA. We maximize the Hke
lihood under this constraint. The computational impleragoh of such maximiza-
tion is discussed in detail in Chapter 18, in particular ®ec18.5.

The intuitive interpretation of such estimation is that we anaximizing the
sparsenesses of the local energies. This is completelpgumalto ISA, where we
maximize sparsenesses of complex cell outputs. The leppriocess is illustrated
in Fig. 11.3.
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11.7 Topographic ICA of natural images

11.7.1 Emergence of V1-like topography

11.7.1.1 Data and preprocessing

We performed topographic ICA on the same data as in previbapters. We took
the same 500 natural image patches of sizex332 as in the preceding chapters.
We preprocessed the data in the same way as in the ISA casemElains divisive
normalization using Equation (9.11), and reducing the disien to 256 by PCA.
The nonlinearityh was chosen to be a smoothed version of the square root as in
Eq. (6.14), just like in the ISA experiments.

The topography was chosen so tht, j) is 1 if the cellj is in a 5x 5 square
centered on cell; otherwiseri(i, j) is zero. Moreover, it was chosen to be cyclic
(toroidal) so that the left edge of the grid is connected ® riight edge, and the
upper edge is connected to the lower edge. This was doneudoedxbrder artifacts
due to the limited size to the topographic grid.

11.7.1.2 Results and analysis

The linear detector weightsf obtained by topographic ICA from natural images
are shown in Fig. 11.4, and the corresponding feature ve&oare in Fig. 11.5.
The topographic ordering is visually obvious. The undemndylinear features are
tuned for the three principal parameters: orientatiorgdency and location. Visual
inspection of the map shows that orientation and locatiosttp@hange smoothly
as a function of position on the topographic grid. A strikfiegture of the map is a
“blob” grouping low-frequency features. Thus the topodmajs determined by the
same set of parameters for which the features are selgctivetd; these are just the
same as in ICA and ISA. These are also the three parametérsesipect to which
a clear spatial organization has been observed in V1.

The topography can be analyzed in more detail by either aayjlmta local anal-
ysis. A local analysis is done by visualizing the correlas®f the optimal Gabor
parameters for two linear features that are immediate heigts. In Fig. 11.6 we
see that the locations (a,b) and orientations (c) are diyarmgrelated. In the case
of frequencies (d) the correlation is more difficult to seedese of the overall con-
centration to high frequencies. As for phases (e), no catiggl (or any kind of sta-
tistical dependency) can be seen, which is again similartat\Wwas been observed
in V1. Furthermore, all these correlations are similar ® torrelations inside inde-
pendent subspaces in Figure 10.8 on page 240. This is notsaghbecause of the
intimate connection between the two models, explained@bo®ection 11.4.

A global analysis is possible by colour-coding the Gaborpeaters of linear
features. This gives “maps” whose smoothness shows thetemexs of the under-
lying parameter. The maps are shown in Figure 11.7. Theitmtafa and b) can be
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Fig. 11.4: The whole set of vectow obtained by topographic independent component analysis,
in the topographic order.

seen to change smoothly, which is not obvious from just logkit the features in
Figure 11.4. The orientation and frequency maps (c and djlgnelhange smoothly,
which was rather obvious from Figure 11.4 anyway. In som@tsothe orientation
seems to change abruptly, which may correspond to so-cgladheels”, which
are points in which many different orientations can be fonext to each other, and
have been observed on the cortex. As for phases, the map sh¢a)s that they
really change randomly.

We can also analyze the distribution of the frequencies aighi@tions of the
features. The plot in Fig. 11.8 shows the histograms prefearientations and
frequencies for the linear features. We see that all ortemta are almost equally
present, but the horizontal orientation is slightly overesented. This is the same
anisotropy we have seen all preceding models. In conttastiréquency distribu-
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Fig. 11.5: The whole set of vectofs obtained by topographic independent component analysis.

..

tion is very strongly skewed: most linear features are tuteetigh frequencies.
However, the distribution of frequencies is a bit closer bnifarm than in the cases
of ICA (Fig. 6.9) or ISA (Fig. 10.9).

The connection of the model to ISA suggests that the localgégesgcan be in-
terpreted as invariant features. What kind of invarianaesvd see emerging from
natural images? Not surprisingly, the invariances arelaimd what we obtained
with ISA, because the neighbourhoods have the same kindasrafeters correla-
tions (Figure 11.6) as in ICA; we will not analyze them in maletail here. The
main point is thatocal energies are like complex cellBhat is, the topographic ICA
model automatically incorporates a complex cell model.

Basically, the conclusion to draw from these results is thattopographic ICA
model produces a spatial topographic organization of fifieatures that is quite
similar to the one observed in V1.
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Fig. 11.6: Correlation of parameters characterizing thedr features of two neighbouring features
in Figure 11.4. An immediate neighbour for each cell chosetha one immediately to the right.
Each point in the scatter plots is based on one such coapéeatter plot of locations along x-axis,
b) locations along y-axis;) orientationsd) frequencies, and) phases. The plots are very similar
to corresponding plots for ISA in Fig. 10.8 on page 240; thennvasual difference is simply due
to the fact that here we have twice the number of dots in eauth pl

11.7.1.3 Image synthesis results & sketch of generative meld

Next, we will synthesize images from the topographic ICA mlod@his is a bit tricky
because in fact, we did not yet introduce a proper generatagel for topographic
ICA. Such a model can be obtained as a special case of thevilaketroduced
later in Section 11.8.2. We will here briefly describe howlsacgenerative model
can be obtained.
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a)

Fig. 11.7: Global structure of the topography estimatedhfreatural images in Figure 11.4. Each
parameter of the Gabor functions describing the featurgdated grey-scale or colour-coded.
Colour-coding is used for parameters which are cyclic: @agon and phase, since the colour
spectrum is also cyclic. The actual values of the parametersiot given because they have little
importance.a) locations along x-axish) locations along y-axis;) orientations,d) frequencies,
ande) phases.

Basically, the idea is a simple generalization of the framdwising variance
variables as in Section 10.4 and Section 9.3. Here, we haeparate variance
variabled; for each componerg:

s = §d; (11.6)



262 11 Energy correlations and topographic organization

a) 100 b) 40
80

30

60
20
40

20

00 5 10 15 00 1 2 3 4

Fig. 11.8: Histograms of the optima) frequencies ant) orientations of the linear features in
topographic ICA.

where thes are gaussian and independent from each other (and from th€he
pointis to generate thé so that their dependencies incorporate the topography. Thi
can be accomplished by generating them using a higher-iZdemodel, where the
mixing matrix is given by the neighbourhood function. Dengtthe higher-order
components by;, we simply define

di = er(i,j)ui (11.7)

This produces approximately the same distribution as tHewtich we used to
define the topographic ICA model earlier in this chapter. Seetion 11.8.2 for
details. A problem we encounter here is that it is not obviooxs to estimate the
distributions of they;. So, we have to fix them rather arbitrarily, which means the
results are not quite directly comparable with those oletdiny ISA and ICA where
we could use the observed histograms of the features.

Results of synthesizing images with this generative modelsaown in Fig-
ure 11.9. They; were generated as the fourth powers of gaussian variables. T
synthesized images seem to have more global structuretibaa bbtained by ICA
or ISA, but as we just pointed out, this may be related to thg wa fixed the
distributions of they;.

11.7.2 Comparison with other models

When compared with other models on V1 topography, we see thrportant prop-
erties in the topographic ICA model:

1. The topographic ICA model shows emergence of a topogeaphanization us-
ing the above-mentioned three principal parameters:imcafrequency and ori-
entation. The use of these particular three parameterg jzradetermined by the
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Fig. 11.9: Image synthesis using topographic ICA. Compat thie ICA results in Figure 7.4 on
page 170 and ISA results in Figure 10.10 on page 241.

model, but determined by the statistics of the input. This isontrast to most
models that only model topography with respect to one or taimmeters (usu-
ally orientation possibly combined with binocularity) tleae chosen in advance.

2. No other model has shown the emergence of a low-frequenby b

3. Topographic ICA may be the first one to explicitly show amection between
topography and complex cells. The topographic, columngamization of the
simple cells is such that complex cell properties are autmalyy created when
considering local activations. This is related to the randess of phases, which
means that in each neighbourhood, there are linear feanitkes/ery different
phases, like in the subspaces in ISA.

It is likely that the two latter properties (blobs and comgpleells) can only
emerge in a model that is based on simultaneous activatioerdg correlation)
instead of similarity of receptive fields as measured by ideeln distances or recep-
tive field correlations. This is because Euclidean distarwecorrelations between
feature vectors of different frequencies, or of differehipes, are quite arbitrary:
they can obtain either large or small values depending oatther parameters. Thus,
they do not offer enough information to qualitatively digfuish the effects of phase
vs. frequency, so that phase can be random and frequencyadnge a blob.
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11.8 Learning both layers in a two-layer model *

In this section, we discuss estimation of a two-layer modeictvis a generaliza-
tion of the topographic ICA. The section is quite sophiggdamathematically, and
presents ongoing work with a lot of open problems, so it caskigped by readers
not interested in mathematical details.

11.8.1 Generative vs. energy-based approach

Many of the results in the preceding chapters are relateditadayer generative
model. In the model, the observed variaktesre generated as a linear transforma-
tion of components, just as in the basic ICA modet:= As. The point is to define
the joint density of so that it expresses the correlations of squares that sebm to
dominantin image data.

There are two approaches we can use. These parallel very tineiciparse cod-
ing and ICA approaches in Chapters 6 and 7. In the first appragpically called
“energy-based” for historical reasohsye just define an objective function which
expresses sparseness or some related statistical aritama maximize it. In the
second approach, we formulate a generative model whiclrideschow the data
is generated starting from some elementary components.Hak consider here
first the generative-model approach; the energy-based Inedensidered in Sec-
tion 11.8.5.

11.8.2 Definition of the generative model

In the generative-model approach, we define the joint dgw$is as follows. The
variancesl? of thes are not constant, instead they are assumed to be random vari-
ables. These random variablésare, in their turn, generated according to a model
to be specified. After generating the variandésthe variables; are generated in-
dependently from each other, using some conditional Bigfions to be specified.
In other words, the areindependent given their variancd3ependence among the
s is implied by the dependence of their variances.

This is a generalization of the idea of a common variancealbéei presented
in Section 7.8.3. Here, there is no single common variancdabie, since there is
a separate variance varialidg corresponding to each. However, these variance
variables are correlated, which implies that the squaréises are correlated. Con-
sider the extreme case where thare completely correlated. Then, tigare actu-
ally the same variable, possibly multiplied by some cortstarhus, in this extreme

1 Note that the word “energy” here has nothing to do with Faueieergy, it comes from a com-
pletely different physical analogy.
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case, we actually have just a single variance variable &idivisive normalization
model in Chapter 9.

Many different models for the variance could be used. We prefer here to use
an ICA model followed by a nonlinearity:

d=r(y m(i,k)uy) (11.8)
K=1

Here, theuy are the “higher-order” independent components used torgenéhe
variances, and is some scalar nonlinearity (possibly just the identify) = 2).
The coefficientst(i, k) are the entries of a higher-order feature matrix. It is dipse
related to the matrix defining the topography in topograp@i&, which is why we
use the same notation.

This particular model can be motivated by two facts. Fiking sparsel;, we
can model a two-layer generalization of sparse coding, eter activations (i.e. the
variances) of the componergsare sparse, and constrained to some groups of “re-
lated” components. Related components means here comgamense variances
are strongly influenced by the same higher-order compongnts

In the model, the distributions of thg and the actual form of are additional
parameters; some suggestions will be given below. It seatwsal to constrain the
ukx to be non-negative. The functiancan then be constrained to be a monotonic
transformation in the set of non-negative real numberss €hsures that thay's are
non-negative, so is a natural constraint since they givstimedard deviation of the
components.

The resulting two-layer model is summarized in Fig. 11.16teNthat the two
stages of the generative model can be expressed as a singléoeganalogously to
(9.4), as follows:

5= r(% (i, K)u)§ (11.9)

wheres’is a random variable that has the same distributios; agven thatd; is
fixed to unity. Theux and thes™are all mutually independent.
11.8.3 Basic properties of the generative model

Here we discuss some basic properties of the generativeljustidefined.

11.8.3.1 The components are uncorrelated

This is because according to (11.9) we have

E{ssj} = E{§}E{§j}E{r(Z ﬂ(ivk)uk)r(z mi(j,kjue)} =0 (11.10)
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due to the independence of thg from § andsj. (Recall thats"andsj are zero-
mean.) To simplify things, one can define that the marginaawaes (i.e. integrated
over the distribution ofi;) of thes are equal to unity, as in ordinary ICA. In fact,

we have
E{s} = E{ﬁf}E{r(Z (i, K)uy) %}, (11.11)

so we only need to rescal€i, j) (the variance 0§7is equal to unity by definition).

11.8.3.2 The components are sparse

This is true in the case where componsris assumed to have a gaussian distribu-
tion when the variance is given. This follows from the proofen in Section 7.8.3:
the logic developed there still applies in this two-layerdab when the marginal
distribution of each componestis consider separately. Then, the marginal, uncon-
ditional distributions of the componergsare called gaussian scale mixtures.

11.8.3.3 Topographic organization can be modelled

This is possible simply by constraining the higher-ordetnrar(i, j) to equal a
topographic neighbourhood matrix as in Section 11. We cailygarove that com-
ponents which are far from each other on the topography ae thdependent.
Assume that thag ands;j are such that their neighbourhoods have no overlap, i.e.
there is no index such that bottr(i,k) and7(j,k) are non-zero. Then their vari-
ancegl; andd; are independent because no higher-order component indadyath

of these variances. Thus, the componenésds; are independent as well.

11.8.3.4 Independent subspaces are a special case

This is more or less implied by the discussion in Section lidhére independent
subspace analysis was shown to be a special case of topagi@phA more direct
connection is seen by noting that each variance variabl&l@rtermine the vari-

ance inside a single subspace, with no interactions betéieevariance variables.
Then we get the ISA model as explained in Section 10.4.

11.8.4 Estimation of the generative model

11.8.4.1 Integrating out

In this section, we discuss the estimation of the two-layedet introduced in the
previous section. In principle, this can be done by “intéiggaout” the latent vari-
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Fig. 11.10: Aniillustration of the two-layer generative nebd-irst, the “variance-generating” vari-
ablesy; are generated randomly. They are then mixed linearly. Thaltieg variables are then
transformed using a nonlinearity thus giving the local variances?. Components are then
generated with variance®. Finally, the components are mixed linearly to give the observed
variablesx; (which are subsequently whitened to give #je

ables. Integrating out is an intuitive appealing methaacsithe likelihood depends
on the values of the variance variablgsvhich we don’t know, why not just com-
pute the likelihood averaged over all possible valueg ®Basically, if we have the
joint density of thes and theu;, we could just compute the integral over tiyeto
get the density oves; alone:

s — / p(s,u)du (11.12)

The problem is, as always with integration, that we may nalile to express this
integral with a simple formula, and numerical integratioayrbe computationally
impossible.

In our case, the joint density sfi.e. the topographic components, and.e. the
higher-order independent components generating thenaet can be expressed as

p(s,u) = p(sju)p |'| pi( |‘| p(u) (11.13)

oo zkmk

where thep!!' are the marginal densities of tbgand thep? are the densities gf® for

variance fixed to unity. The marginal densitysatould be obtained by integration:
/ |_| o5( ITLACT

' Zk (i, K)u) "1 (T 7a(i, K)u)

(11.14)

Possibly, for some choices of the nonlinearignd the distributiong!, this integral
could be computed easily, but no such choices are known to us.
11.8.4.2 Approximating the likelihood

One thing which we can do is approximatehe likelihood by an analytical expres-
sion. This approximation actually turns out to be rathelessefor the purpose of
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estimating the two-layer model, but it shows an interestioignection to the likeli-
hood of the topographic ICA model.

To simplify the notation, we assume in the following that ttensitiesp}' are
equal for alli, and likewise forp?. To obtain the approximation, we first fix the
density p° = ps to be gaussian, as discussed in Section 11.8.3, and we dedine t

nonlinearityr as

(37w = (3 (i, k)ug) /2 (11.15)
The main motivation for these choices is algebraic simlithat makes a sim-
ple approximation possible. Moreover, the assumption oflt@nally gaussias;,
which implies that the unconditional distribution®fsuper-gaussian, is compatible

with the preponderance of super-gaussian variables in gAations.
With these definitions, the marginal densitysequals:

P(9)= [ @B 5 3 I3 TG [, [3 71 Ky (11,16
which can be manipulated to give

P(9) = [ o0l 3 (3 ML) [ o), [ it W (1147

The interesting point in this form of the density is that ii$unction of the “local
energies”y; 11(i,k)s? only. The integral is still intractable, though. Therefovee
use the simple approximation:

Zn(i,k)ukm (i, i)u;. (11.18)

This is actually a lower bound, and thus our approximatidhlve a lower bound of
the likelihood as well. This gives us the following approxition p(s):

B(s) = [ exp(G(3 (i, k)s)) (11.19)
k [
where the scalar functio@ is obtained from the, by:
Gly) = Iog/ \/%Texp(—%uy) pu(u)/m(i,ijudu (11.20)

Recall that we assumeti, i) to be constant.
Next, using the same derivation as in ICA, we obtain theilicdd of the data as

-

M-

G(in(i,j)(viTz(t))z) +Tlog|detV]|. (11.21)

logL(V) =

—

=1]
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whereV = (vy,...,vp)T = A7%, and thez(t),t = 1,...,T are the observations af
It is here assumed that the neighbourhood function and thénsarityr as well
as the densitiep}' and p? are known. This approximation is a function of local
energies. Every terny"_; 71(i, j) (v{ z(t))? could be considered as the energy of a
neighbourhood, related to the output of a higher-order ovews in complex cell
models. The functiors has a similar role as the log-density of the independent
components in ICA,; the corresponding functibris basically obtained als(u) =
G(y/Ju).

The formula forG in (11.20) can be analytically evaluated only in speciaksas
One such case is obtained if thgare obtained as squares of standardized gaussian
variables. Straight-forward calculation then gives thiéofeing function

Go(y) = —log(1+y) + const. (11.22)

However, in ICA, it is well-known that the exact form of theglalensity does not
affect the consistency of the estimators, as long as theathabrape of the function
is correct. This is probably true in topographic ICA as well.

11.8.4.3 Difficulty of estimating the model

What we have really shown in deriving the approximation kélihood in Equa-
tion (11.21) is that the heuristically justified objectiuenttion in Equation (11.5)
can be obtained from the two-layer generative model as aroajppation. But we
have not really got any closer to the goal of estimating bayfets of weights. This
is because the approximation used here approximates tlemdepce of the likeli-
hood from7t quite badly. To see why, consider maximization of the apimnaxtive
likelihood in Equation (11.21) with respectto thé, j). TakeG as in (11.22). Now,
sh i, (v z(t))? is always non-negative. On the other haGdattains its max-
imum at zero. So, if we simply taka(i, j) = 0 for all i, j, G is actually always
evaluated at zero and the approximative likelihood is mézech So, taking all ze-
ros inrris the maximum, which is absurd!

One approach would be to find the values of the latent vagablehich max-
imize the likelihood, treating the; like the parameters. Thus, we would not try to
integrate out they;, but rather just formulate the joint likelihood ®f, 7i(i, j), ui (t)
foralli,jandallt =1,...,T. This is computationally very difficult because the la-
tent variables); are different for each image patch, so there is a very largeau of
them. The situation could be simplified by first estimating finst layer by ordinary
ICA, and then fixingv once and for all (Karklin and Lewicki, 2005). However, this
does not reduce the number of dimensions.

So, we see that the estimation of both layers in a generativdayer model is
quite difficult. However, abandoning the generative-maggiroach simplifies the
situation, and provides a promising approach, which wiltleated next.
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11.8.5 Energy-based two-layer models

A computationally simpler alternative to estimation of the layers is provided by
an “energy-based” approach. The idea is to take the likeliin Equation (11.5) as
the starting point. As pointed out above, it does not makseémtry to maximize
this with respect to ther, because the maximum is obtained by taking all zeros as
the second layer weights.

There is a deep mathematical reason why we cannot maximézékelihood
in Equation (11.5) with respect to the The reason is that the likelihood it
normalized That is, when we interpret the likelihood as a pdf, its inégver the
data variables is not equal to one: the integral dependsewdlues of thet. This
means it is not a properly defined pdf, because a pdf must almggrate to one,
so the likelihood is not a properly defined likelihood eith®&p alleviate this, we
have to introduce what is calledn@rmalization constantr apartition functionin
the likelihood. The normalization constant, which is aifuaot a constant but a
function of the model parameters, is chosen so that it maike#tegral equal to
one. Denoting the normalization constantZiyt), we write

logL(vy,...,V ZZh )(v{ 2)?) — log|detV| —logZ(m) (11.23)

See Section 13.1.5 and Chapter 21 for more discussion oncitmeatization con-
stant.

In principle, the normalization constant can be computeddiyputing the inte-
gral of the underlying pdf over the space of thebut this is extremely complicated
numerically. Fortunately, there is a way around this problevhich is to use spe-
cial estimation methods which do not require the normaliratonstant. Thus, we
abandon maximization of likelihood, because it requires the compute the nor-
malization constant. See Chapter 21 for information on suethods.

Attempts to estimate both layers in a two-layer model, ugingenergy-based
approach, and estimation methods which circumvent the fageal normalization
constant, can be found in (Osindero et al, 2006; Koster andkhen, 2007, 2008).
This is a very active area of research (Karklin and Lewicki0&). Some more re-
motely related work is in (Koster et al, 2009a).

11.9 Concluding remarks and References

A simple modification of the model of independent subspaetyais leads to emer-
gence of topography, i.e. the spatial arrangement of thefes This is in contrast
to ICA and ISA, in which the features are in random order. @] it is the sub-

spaces which are in random order, but the linear features bame organization
because of their partition to subspaces.) The basic ideadeiting topography is
to consider subspaces which are overlapping, so that tigbineurhood of each cell
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is one subspace. Itis also possible to formulate a propesrgéme model which in-
corporates the same kind of statistical dependencies uaince variables which
are generated by a higher-order ICA model, but that appréachathematically
difficult and still under construction.

Basic though old papers on topography are (Hubel and Wi&9é8; DeValois
et al, 1982). Optical imaging results are shown in (Blasti@9?2), and a recent high-
resolution imaging study is in (Ohki et al, 2005). Topognaplith respect to spatial
frequency is investigated in (Tootell et al, 1988; Silvermeaal, 1989; Edwards et al,
1996). Seminal papers on pinwheels are (Bonhoeffer and/&@dn1991; Maldon-
ado et al, 1997). A most interesting recent paper is (DeAsgehl, 1999) that also
shows that the phases are not correlated in neighbouriigy @éle relationships of
the topographic representation for different parametsrscansidered in (Hubener
et al, 1997). An important point is made in (Yen et al, 2007hovehow that the
topography of responses is not so clear when the stimuli @mgptex, presumable
due to nonlinear interactions. The connection betweengguhy and complex cell
pooling is discussed in (Blasdel, 1992; DeAngelis et al,2)99

The idea of minimum wiring length, or wiring economy, goeskb& Ramoén
y Cajal, cited in (Chen et al, 2006). The metabolic advargagg¢opography are
further considered in (Durbin and Mitchison, 1990; Mitalns 1992; Koulakov and
Chklovskii, 2001; Attwell and Laughlin, 2001). Comparisobetween white and
grey matter volume also point out how brain (skull) size tamihe connectivity
(Zhang and Sejnowski, 2000).

Original papers describing the topographic ICA models afgvérinen and
Hoyer, 2001; Hyvarinen et al, 2001a). Kohonen'’s famou§a@gjanizing map is
also closely related (Kohonen, 1982, 2001), but it has nehtslhown to produce
a realistic V1-like topography; reasons for this were désmd in Section 11.7.2.
A model which produces more a realistic topography (but sbl low-frequency
blobs) is Kohonen’s ASSOM model (Kohonen, 1996; Kohonen, et997). How-
ever, in that model the nature of the topography is stronglyénced by an artificial
manipulation of the input (a sampling window that moves sthiydn time), and it
does not really emerge from the structure of images alone.

A related idea on minimization of wiring length has been m®gd in (Vincent
and Baddeley, 2003; Vincent et al, 2005), in which it is pregubthat the retinal
coding minimizes wiring, whereas cortical coding maxinsiaparseness of activi-
ties.






Chapter 12
Dependencies of energy detectors: Beyond V1

All the models in this book so far have dealt with the primaiyual cortex (V1).
In this chapter, we show how statistical models of naturages can be extended
to deal with properties in the extrastriate cortex, i.e sthareas which are close to
V1 (also called the striate cortex) and to which the visudiimation is transmitted
from V1.

12.1 Predictive modelling of extrastriate cortex

Most of the experimental results in early cortical visualqgessing have considered
V1. The function of most extrastriate areas is still ratheicina mystery. Likewise,
most research in modelling natural image statistics has badow-level features,
presumably corresponding to V1.

However, the methodology that we used in this book couldipyske extended
to such extrastriate areas as V2, V3(A), V4, and V5. Actuailyce the function of
most extrastriate areas is not well understood, it would bstraseful if we could
use this modelling endeavour inpaedictivemanner, so that we would be able to
predict properties of cells in the visual cortex, in case®relthe properties have
not yet been demonstrated experimentally. This would ghgtable, quantitative
hypotheses that might lead to great advances in visual seierce.

In the next sections, we attempt to accomplish such predintiodelling in order
to predict properties of a third processing step, followihg simple and complex
cell layers. The predictions should be based on the statigiroperties of modelled
complex-cell outputs. Our method is to apply ordinary inglegeent component anal-
ysis to modelled outputs of complex cells whose input casisiEnatural images.

1 This chapter is based on the article (Hyvarinen et al, 2))GGainally published in BMC Neu-
roscience. The experiments were done by Michael Gutmanpyi@t retained by the authors.

273
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12.2 Simulation of V1 by a fixed two-layer model

The basic idea in this chapter is to fix a model of complex cafld then learn
a representation for complex cell outputs using a stasisticodel. The resulting
three-layer network is depicted in Fig. 12.1.

This approach is rather different from the one used in previchapters, in which
we learned first the simple cells and then the complex caliw fihe data. Here, to
simplify the model and the computations, we do not attempée&on everything
at the same time. Instead, we fix the first two layers (simpk @mplex cells)
according to well-known models, and learn only the thirceiay

contour cells

complex cells

simple cells

image

Fig. 12.1: The simplified hierarchical model investigatadhis chapter. Modelled complex-cell
responses are calculated in a feedforward manner, and thgsenses are subsequently analyzed
by a higher-order feature layer in the network (“contouryda). To emphasise that the lower layers
are fixed and not learned, these layers have been greyedtbetfigure. The direction of the arrows
is from higher features to lower ones which is in line with theerpretation of our analysis as a
generative model.

The classic complex-cell model is based on Gabor functifssexplained in
Section 3.4.2, complex cells can be modelled as the sum efregwf two Gabor
functions which are in quadrature phase. Quadrature phasasn simply, that if
one of them is even-symmetric, the other one is odd-symméitiis is related to
computation of the Fourier energy locally, as explainedeaat®n 2.4.

Complex-cell responseg to natural images were thus modelled with a Gabor
energy model of the following form:

2

2
ok = (ZWkO(X,y)I(X,y)> + (Z\Mf(x,y)l(x,y)) (12.1)
Xy Xy



12.2 Simulation of V1 by a fixed two-layer model 275

whereW?S andW? are even- and odd-symmetric Gabor receptive fields; the-equa
tion shows that their squares (energies) are pooled togiettiee complex cell. The
complex cells were arranged on a<® spatial grid. They had & 6 = 36 differ-
ent spatial locations, and at each location, four diffemeterred orientations and
three different frequency selectivities (“bands”). Th@es ratio (ratio of spatial
length to width) was fixed to.5. The frequency selectivities of the Gabor filters
are shown in Figure 12.2, in which all the filtei¢ were normalized to unit norm
for visualization purposes. The actual normalization wedus the experiments
consisted of standardizing the variances of the complexatgputs so that they
were equal to unity for natural image input. The number of ptax cells totalled
36x4x 3=1432.

Filter Response
o o o o ©o o o
N w o (2] ~ o] ©o =

o I
i n

o

o

0.1 0.2 0.3 0.4 0.5
Spatial Frequency [cycles/pixel]

Fig. 12.2: We used fixed complex cells with three differeejfrency selectivities. The amplitudes
of the Fourier Transforms of the odd-symmetric Gabor filgmes shown here. The selectivities are
such that each cell is sensitive to a certain frequency “bahide underlying Gabor filters had
logarithmically spaced frequency peaks. Peak spatialifrrgies were chosen as followfs:= 0.1
cycles/pixel,f, = 0.21 cycles/pixel ands = 0.42 cycles/pixel.

As the basic data, we used 1008 grey-scale natural imageseoi824x 1536
pixels from van Hateren’s datab&s&Ve manually chose natural images in the nar-
rower sense, i.e. only wildlife scenes. From the source @aaf0,000 image patches
of size 24x 24 pixels were randomly extracted. The mean grey value df @ae
age patch was subtracted and the pixel values were rescaledttvariance. The
resulting image patch will be denoted b, y).

2 Available atht t p: // hl ab. phys. rug. nl /i niib/index. htn , category “deblurred”
(van Hateren and van der Schaaf, 1998).
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12.3 Learning the third layer by another ICA model

After fixing the first two layers, we learned the feature weggim the third layer
by doing a simple ICA of the complex cell (second-layer) atspdenoted byy.

No PCA dimension reduction was done here, so the number epigrident com-
ponents equals the number of complex cels,Thus, ICA was performed on the
vectorc = (cy,...,Ck ) using the FastICA algorithm (see Section 18.7). In ICA, the
orthogonalization approach was symmetric. Different mm@dritiesg were used,
see Table 12.1. (The nonlinearities are related to the rrusgjanity measures used,
see Section 18.7.)

Non-gaussianity measure FastICA nonlinearity]Motivation

Gi(y) = logcosty g1(y) = tanhly) Basic sparseness meadure
Go(y) = —exp(—y?/2) 02(y) = yexp(—y2/2)|More robust variant ofjy
Ga(y) = 3 gs(y) =y? Skewness (asymmetry)
Ga(y) = Gaussian cum. distr. functigu(y) = exp(—y?/2) |Robust variant ofjz

Table 12.1: The measures of non-gaussianity used, i.e.iffleeedit functionsG = log ps used in

the likelihood of the ICA model. These correspond to différeonlinearitiesg in the FastiICA
algorithm, and to different sparseness meashrdhe measures probe the non-gaussianity of the
estimated components in different ways.

Thus we learned (estimated) a linear decomposition of tha fo
K
Ck = Zakis forallk=1,...,K (12.2)
i=

or in vector form ‘
c= Zla.s, =As (12.3)
i=

where each vecta = (ay;, . . .,aki) gives a higher-order feature vector. Thale-
fine the values of the higher-order features in the thirdicaktprocessing stage.
Recall that the input to the system was natural images, set#tistics ofc reflect
natural image statistics.

Note that the signs of the feature vectors are not defineddyQA model, i.e.
the model does not distinguish betwegand—a; because any change in sign of the
feature vector can be cancelled by changing the sighadtcordingly. Here, unlike
in the original natural images, the features will not be syeinn with respect to
such a change of sign, so it makes sense to define the signs&ftihsed on that
asymmetry. We defined the sign for each ve&oso that the sign of the element
with the maximal absolute value was positive.

This model can be interpreted as a generative model of imagées, following
the interpretation of ISA as a nonlinear ICA in Section 10ee higher-orderinde-
pendent component (here denoteds)yare generated according to Equation (12.2).
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Then, the activity of the complex cell is expressed as di@vof simple cells with

random division of the activity to the simple cells, usingamdom angle variable
as in Equation (10.17) on page 235. Finally, the simple calies are linearly

transformed to image patches as in ICA or ISA models. Thigigas a complete
generative model from the higher-order features to imagelpialues.

12.4 Methods for analysing higher-order components

We need to introduce some special methods to analyze thbeéhigrder” compo-
nents obtained by this method, because the resulting himlder feature vectorg;
cannot be simply plotted in the form of image patches.

We visualize the vectorg by plotting an ellipse at the centerpoint of each com-
plex cell. The orientation of the ellipse is the orientatafrthe complex cell with
indexk, and the brightness of the ellipse with indeis proportional to the coeffi-
cientay; of the feature vectaa, using a grey-scale coding of coefficient values. We
plotted complex cells in each frequency band (i.e. with #mae frequency selectiv-
ity) separately.

We are also interested in the frequency pooling of compldls ¢e different
higher-order features. We quantified the pooling over fetuies using a simple
measure defined as follows. Let us denoteal,y, 0, f,) the coefficient in the
higher-order feature vectey that corresponds to the complex cell with spatial loca-
tion (x,y), orientationd and preferred frequendy. We computed a quantity which
is similar to the sums of correlations of the coefficientsrabe three frequency
bands, but normalized in a slightly different way. This mea$? was defined as
follows:

| nye ai'(xaya 97 fm)aj(X,y, 97 fn)|
R = = 12.4
. mZn cC (12.4)
where the normalization constady, is defined as
1 2
Cn= R Z aj (Xv Ys 67 fm) (125)
j7X7y19

and likewise foiCy,.

For further analysis of the estimated feature vectors, wimeé the preferred
orientation of a higher-order feature. First, let us defioe d higher-order fea-
ture of indexi the hot-spot(x;,y;)* as the centre locatiofx,y) of complex cells
where the higher-order componestgenerates the maximum amount of activity.
That is, we sum the elements &fthat correspond to a single spatial location, and
choose the largest sum. This allows us to define the tuningytees orientation of
a higher-order featureby summing over the elements afthat correspond to the
spatial hotspot and a given orientation; the preferrechtaition is the orientation for
which this sum is maximized. We also computed the length dfladr-order feature
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by least-squares fitting a gaussian kernel to the pattgr(tdoyer and Hyvarinen,
2002).

It is also possible to perform an image synthesis from a higheéer feature
vector. However, the mapping from image to complex-celpatg is not one-to-
one. This means that the generation of the image is not ulyigieéined given the
activities of higher-order features alone. A unique deifimitcan be achieved by
constraining the phases of the complex cells. For the pepotimage synthesis,
we assume that only odd-symmetric Gabor filters are activehErmore, we make
the simplifying assumptions that the receptive fialdsn simple cells are equal to
the corresponding feature vectors, and that all the elesririhe higher-order fea-
ture vector are non-negative (or small enough to be ignofdthn, the synthesized

|magelsynthfor higher-order feature vectey is given by

synth X y ;Wk X y (12.6)

where the square root cancels the squaring operation iroth@gtation of complex-
cell responses, arld denotes the set of indices that correspond to complex cells o
the preferred orientation at the hotspot. Negative valdegovere set to zero in
this formula.

Since we are applying ICA on data which has been heavily ez (by the
complex cell model), we have to make sure that the model ismigtanalyzing the
artefacts produced by that processing. To obtain a baseithewhich to compare
our results, and to show which part of the results is due tcstatstical properties
of natural images instead of some intrinsic properties affitterbank and analysis
methods, we did exactly the same kind of analysis fox24 image patches that
consisted of white gaussian noise, i.e. the grey-scalesvial@ach pixel was ran-
domly and independently drawn from a gaussian distributitzero mean and unit
variance. The white gaussian noise input provides a “chiewved for any quantities
computed from the ICA results. In a control experiment, swtiite noise patches
were thus fed to the complex cell model, and the same kind Afi@s applied on
the outputs.

12.5 Results on natural images

12.5.1 Emergence of collinear contour units

In the first experiment, we used only the output from compleitscin a single
frequency bandf, in Figure 12.2.

The higher-order features are represented by their feakao®rsa; which show
the contribution of the third-stage feature of inde&n the activities of complex
cells. A collection of the obtained feature vectors is shawfigure 12.3 for the
nonlinearityg; (see Table 12.1), visualized as described above. We camsere e
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gence of collinear features. That is, the higher-orderniest code for the simulta-
neous activation of complex cells that together form sometkimilar to a straight
line segment.

Those coefficients that are clearly different from zero halraost always the
same sign in a single feature vector. Defining the sign asaagd above, this means
that the coefficients are essentially non-negative.

Other measures of non-gaussianity (FastICA nonlineajitesl to similar feature
vectors. However, some led to a larger number of longer agsté-igure 12.4 shows
the distribution of lengths for different nonlinearitieBhe nonlinearityg, (robust
skewness) seems to lead to the largest number of long cantbbe outputs of
complex cells are skewed (non-symmetric), so it makes senese a skewness-
based measure of non-gaussianity, as discussed in Sec®iolm This experiment,
the results were very similar to those obtained by sparsegihesvever.

Fig. 12.3: Random selection of learned feature veapvshen the complex cells are all in a single
frequency band. ICA nonlinearitywas the tanh nonlinearity;. Each patch gives the coefficients
of one higher-order feature. Each ellipse means that thetaeell in the corresponding location
and orientation is present in the higher-order featureptightness of the ellipse is proportional to
the coefficientay;.

12.5.2 Emergence of pooling over frequencies

In the second experiment, the complex cell set was exparaéattiude cells of
three different preferred frequencies. In total, thereeveow 432 complex cells.
We performed ICA on the complex cell outputs when their inparisisted of nat-
ural images. Thus, we obtained 432 higher-order featurtove¢featuresp with
corresponding activities.

3 In earlier work (Hoyer and Hyvarinen, 2002) we actually imspd a non-negativity constraint

on the coefficients, see Section 13.2. The results reporteel $how that those results can be
replicated using ordinary ICA methods. The constraint af-negativity of the feature vectors has
little impact on the results: even without this constrathe system learns feature vectors which
are mainly non-negative.
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Fig. 12.4: Comparison of different measures of non-gangsigFastiCA nonlinearities) in the
first experiment. The histogram gives the lengths of the mampatterns for the four different
nonlinearitiesyy, ..., ds in Table 12.1.

We visualized a random selection of higher-order featuzasred from natural
images in Figure 12.5. The visualization shows that theufeattend to be spatially
localized and oriented, and show collinearity as in the Iskudpannel experiment
above. What is remarkable in these results is that many peb$ responses over
different frequencies. The pooling is coherent in the sahaéthe complex cells
that are pooled together have similar locations and oriemts. A smaller number of
cells is shown in more detail in Figure 12.6, where the coieffits in all orientations
are shown separately.

We computed the frequency pooling meadgiie Equation (12.4) for the learned
feature vectors. The distribution of this measure for raltimage input and white
gaussian noise input is shown in Figure 12.7. The figure shioaidrequency pool-
ing according to this measure was essentially nonexistenwliite gaussian noise
input, but relatively strong for many feature vectors whka input consisted of
natural images. To express this more quantitatively, wepdead the 99% quantile
for the white gaussian noise input. Then, 59% of the basi®vefor natural image
input had a pooling indeR that was larger than this quantile. (For the 95% quantile
the proportion was 63%.) Thus, we can say that more than h#techigher-order
basis vectors, when learned from natural images, have angooVer frequencies
that is significantly above chance level.

To show that the pooling measure is valid, and to furtheralize the frequency
pooling in the higher-order features, we chose randomlyufeavectors learned
from natural images that have pooling significantly overratealevel B above its
99% quantile for white gaussian noise). These are plott&dgare 12.8. Visual in-
spection shows that in this subset, all basis vectors exiiloling over frequencies
that respects the orientation tuning and collinearity props.

The corresponding results when the input is white gaussiéserare shown in
Figure 12.9, for a smaller number of higher-order cells . ffake the comparison
fair, these were randomly chosen among the 59% that had hjgaing mea-
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sures, the same percentage as in Figure 12.8.) Pooling @eerencies as well as
collinearity are minimal. Some weak reflections of theseprties can be seen, pre-
sumably due to the small overlap of the filters in space argligacy, which leads
to weak statistical correlations between complex cellsahaspatially close to each
other or in neighbouring frequency bands.

We also examined quantitatively whether the higher-ordatudres are tuned to
orientation. We investigated which complex cell has the imaxn weight ing; for
eachi in each frequency band. When the data used in learning ¢edi$ natural
images, in 86% of the cells the maximally weighted compldbsegere found to be
located at the hot-spox;,y;)* (i.e., point of maximum activity, see above) and tuned
to the preferred orientation of the higher-order featuneeeeryfrequencyf. This
shows how the higher-order features are largely selective single orientation.
When the data used in learning consisted of gaussian whige ,nanly 34% of the
cells were found to be orientation-selective accordindnis ¢riterion.
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Fig. 12.5: A random selection of higher-order feature vext estimated from natural images
using complex cells of multiple frequencies in the secongkexnent. ICA nonlinearityg was the
tanh nonlinearityg; . Each display of three patches gives the coefficients of agieeh-order fea-
ture. Each patch gives the coefficients of one higher-ordatufe in one frequency band. Each
ellipse means that the complex cell in the correspondingtion, and of the corresponding orien-
tation and frequency is present in the higher-order featmightness of ellipse is proportional to
coefficientay;.

Finally, we synthesized images from higher-order featat®iies. Figure 12.10
shows a slice orthogonal to the preferred orientation of bigder-order feature
vector (H209 in Figure 12.6). The intensity of the syntheditmage shows no side-
lobes (unnecessary oscillations), while representinggstocalized edge. In con-
trast, synthesis in the white gaussian noise case (alsorsimoktigure 12.10) gives
curves that have either side-lobes like the underlying @&hers, or do not give a
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Fig. 12.6: Higher-order feature vectors of four selecteghbr-order features in the second ex-

periment, shown in detail. The coefficients in each oriéataand frequency band are plotted
separately.

60 T

Il \White Gaussian Noise
[ Natural images

a1
o
I

N
o
|

N
(=}
I

Percentage of cell population
w
o
|

=
(=}
I

0 I I I I 1 ’—‘ [ I I
0 0.5 1 1.5 2 25 3 35 4 4.5 5
Pooling Measure

Fig. 12.7: The distributions of the frequency pooling measn Equation (12.4) for natural images
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Fig. 12.8: A selection of higher-order feature vectarestimated from natural images in the second
experiment. These basis vectors were chosen randomly athosg that have frequency pooling
significantly above chance level.
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Fig. 12.9: For comparison, higher-order feature vectotsreged from white gaussian noise, with
each frequency band shown separately.

sharp localized edge. Thus, the curve obtained from syistbéthe features learned
from natural images corresponds better to the notion of ge ed
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Fig. 12.10: Local image synthesis from the three odd-symme&abor elements that have pre-
ferred orientation at the hotspot of a higher-order featgetor (H209 in Figure 12.6). The thick

dotted curve shows the synthesis using coefficients fromrakimages, and the solid curves show
various synthesis results using coefficients learned frdmntengaussian noise input.

12.6 Discussion of results

12.6.1 Why coding of contours?

The result of the first experiment, using a single frequemannel (Section 12.5.1),
is that simple ICA of simulated complex cell outputs leademeergence of units
coding for collinear contours (Figure 12.3). First, we héwaote that this result is
not logically necessary: It is not obvious that the higheten representation should
necessarily code for contours. Multi-layer mechanismslairto the one used here
have been proposed in the context of texture segregatiorebigSperling, 1989;
Malik and Perona, 1990). A priori, one could have expectathdexture bound-
ary detectors to emerge from this model. Our results seemdicate that contour
coding is, at least in this sparse coding sense, more funaiahthan texture segre-
gation.

The higher-order neurons which represent long contours tn@ay similarities
to ‘collator’ (or ‘collector’) units, proposed in the psyaphysical literature (Mussap
and Levi, 1996; Moulden, 1994). Such units are thought tegrate the responses
of smaller, collinear filters, to give a more robust estimaftglobal orientation than
could be achieved with elongated linear mechaniéms.

4 In principle, long contours could be represented by longuieavectors on the level of simple
cells as well. However, the representation by these high#dgr contour coding cells has the ad-
vantage of being less sensitive to small curvature and digygartures from strict collinearity. Even
very small curvature can completely change the response elomgated linear filter (simple cell),
but it does not change the representation on this highel; Esguming that the curvature is so small
that the line stays inside the receptive fields of the sameptmncells. Thus, higher-order contour
cells give a more robust representation of the contours.dDfse, the intermediate complex cell
layer also confers some phase-invariance to the contoacubes.
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12.6.2 Frequency channels and edges

In the second experiment using multiple frequency chanfgsdstion 12.5.2), we
saw emergence of pooling of contour information acrossiplelfrequencies (Fig-
ures 12.5,12.6,12.8). What is the functional meaning afftieiquency pooling? One
possibility is that this spatially coherent pooling of miplé frequencies leads to a
representation of an edge that is more realistic than theediyen by typical Ga-
bor functions. Presumably, this is largely due to the faat tratural images contain
many sharp, step-like edges that are not contained in aesiregjuency band. Thus,
representation of such “broad-band” edges is difficult sali@formation from dif-
ferent frequency bands is combined.

In terms of frequency channels, the model predicts thatuieeqy channels
should be pooled together after complex cell processingidobased on frequency
channels and related concepts have been most prominengeicoding litera-
ture in recent years, both in biological and computer visionles. The utility of
frequency channels in the initial processing stages is lyideknowledged, and it
is not put into question by these results — in fact, the resumtChapters 6-10
show that using frequency-selective simple and comples ¢elstatistically opti-
mal. However, the question of when the frequency channealsldhbe pooled or
otherwise combined has received little attention. Thelteguthis chapter (second
experiment) indicate that a statistically optimal way igptwl them together right
after the complex cell “stage”, and this pooling should beelamong cells of a
given orientation which form a local, collinear configuaati

12.6.3 Towards predictive modelling

As we explained in the beginning of the chapter, the pressiits are an instance of
predictive modelling, where we attempt to predict prosrtf cells and cell assem-
blies that have not yet been observed in experiments. Toduggey, the prediction is
that in V2 (or some related area) there should be cells whp8mal stimulus is a
broad-band edge that has no sidelobes while being refaierp, i.e. the optimal
stimulus is closer to a step-edge than the Gabor functiaigend to be optimal for
V1 simple and complex cells. The optimal stimulus should &ls more elongated
(Polat and Tyler, 1999; Gilbert and Wiesel, 1985) than whatsually observed in
V1, while being highly selective for orientation.

Statistical models of natural images offer a framework teatls itself to pre-
dictive modelling of the visual cortex. First, they offer mimework where we of-
ten see emergence of new kinds of feature detectors — soemtiary different
from what was expected when the model was formulated. Set¢badramework
is highly constrained and data-driven. The rigorous thedrgtatistical estimation
makes it rather difficult to insert the theorist's subjeetaxpectations in the model,
and therefore the results are strongly determined by thee dditird, the framework
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is very constructive. From just a couple of simple theosdtgpecifications, e.g.
non-gaussianity, natural images lead to the emergencengflex phenomena.

We hope that the present work as well as future results ingheedirection will
serve as a basis for a new kind of synergy between theoretichlexperimental
neuroscience.

12.6.4 References and related work

Several investigators have looked at the connection betwatiral image statistics,
Gestalt grouping rules, and local interactions in the Visoaex (Geisler et al, 2001;
Sigman and Gilbert, 2000; Elder and Goldberg, 2002; Krii$y@98). However, few
have considered the statistical relations between feawniréifferent frequencies.
It should be noted that some related work on interactionsifédrént frequencies
does exist in the models of contrast gain control, see Ch&pte (Schwartz and
Simoncelli, 2001a).

Recent measurements from cat area 18 (somewhat analog¥@} émnphasize
responses to “second-order” or “non-Fourier” stimuli,itgdly sine-wave gratings
whose amplitudes are modulated (Mareschal and Baker, 11998aese results
and the proposed models are related to our results and poedicyet fundamen-
tally different. In the model in (Mareschal and Baker, 199&bhigher-order cell
pools outputs of complex cells in the same frequency banatbcdntours that are
defined by texture-like cues instead of luminance. The sa&thalso receives direct
input from simple cells of a different frequency, which elegthe cell to combine
luminance and second-order cues. This is in stark contasigher-order cells in
the model we used in this chapter, which pool outputs of cempells of different
frequencies. They can hardly find contours defined by secodér cues; instead
they seem to be good for coding broad-band contours. Fumibrey, in (Mareschal
and Baker, 1998a,b), any collinearity of pooling seems talient. This naturally
leads to the question: Why are our predictions so differaamnfthese results from
area 18? We suspect this is because it is customary to thinisoél processing
in terms of division into frequency channels — “second-oté&muli are just an
extension of this conceptualization. Therefore, not mutdnapt has been made to
find cells that break the division into frequency channet®ading to our prediction.
On the other hand, one can presume that the cells found inl&@a(Mareschal
and Baker, 1998a,b) are different from our predictions beeahey use a learning
strategy which is different from sparse coding used in oudelgerhaps related to
the temporal aspects of natural image sequences, see €hépte

Another closely related line of work is by Zetzsche and cdwos (Zetzsche and
Krieger, 1999; Zetzsche and Rohrbein, 2001) who emphés&zenportance of de-
composing the image information to local phase and ammiinébrmation. The
local amplitude is basically given by complex cell outputhereas the physiologi-
cal coding of the local phases is not known. An important tjaegor future work
is how to incorporate phase information in the higher-ordgts. Some models by
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Zetzsche et al actually predict some kind of pooling oveqtiencies, but rather
directly after the simple cell stage, see Fig. 16 in (Zeteszid Rohrbein, 2001).

Related models in which edge detection uses phase infampatioled over dif-
ferent frequencies are in (Morrone and Burr, 1988; Koved99). An interesting
investigation into the relation of edges and space-frequanalysis filter outputs in
natural images is in (Griffin et al, 2004). A psychophysidatly on the integration
of information over different frequencies is (Olzak and Wéos, 1997).

The model in this chapter opens the way to highly nonlinealtitayer models
of natural image statistics. While this seems like a mogiragting direction of
research, not much work has been done so far. Related atemponstruct very
general, nonlinear models of natural image statisticsuihel(Pedersen and Lee,
2002; Lee et al, 2003; Malo and Gutiérrez, 2006; Chandldraeld, 2007; Griffin,
2007).

12.7 Conclusion

Experiments in this chapter show that two different kindpobling over complex
cells emerge when we model the statistical properties afrabimages. First, the
higher-order features group collinear complex cells wHizgtm a longer contour.
Second, they group complex cells of different frequencyfgyences. This is ac-
complished by applying ordinary ICA on a set of modelled c@xrpgells with mul-
tiple frequencies, and inputting natural images to the demgells. Thus, statistical
modelling of natural stimuli leads to an interesting hypsis on the existence of a
new kind of cells in the visual cortex.






Chapter 13
Overcomplete and non-negative models

In this chapter, we discuss two generalizations of the H&s#cand sparse coding
models. These do not reject the assumption of independdnitee @omponents
but change some of the other assumptions in the model. Adtihdloe generative
models are linear, the computation of the features is nealinin the overcomplete
basis model, the number of independent components is l#rgarthe number of
pixels. In the non-negative model, the components, as wetlha feature vectors,
are constrained to be non-negative.

13.1 Overcomplete bases

13.1.1 Motivation

An important restriction of most of the models treated soigahat the number of
features cannot be larger than the dimension of the datadifinension of the data
is at most equal to the number of pixels, and it is actuallylEnafter canonical
preprocessing including PCA. This was for two reasons:

1. In the sparse coding models the feature detector weighits vonstrained to be
orthogonal. In a space with dimensions, we can have at maosbrthogonal
vectors, so this constrains the number of features.

2. Inthe generative models such as ICA, we had to assuméthatatrixA, which
has the features as its columns, is invertible. Again, aimaan be invertible
only if it is square: thus the number of features cannot bgelathan the number
of pixels.

However, it can be argued that the number of features shaelidiger than the
dimension of the image data. The computational justificefits such a claim goes
as follows:

289
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1. The processing of an image part, corresponding perhagos ¢bject, should not
depend on which location of the image it happens to occupgt &) if a face
is in on the left side of the visual field, it should be procelssethe same way
as if it were on the right side; and if the object is moved onehiio the left, its
processing should not change either.

2. Thus, any feature the system computes should be comptiegadrapossible loca-
tion — at the minimum at the location corresponding to eagklpFor example,
if we have an edge detector, the output of that edge detdwaiid be computed
at each possibléx,y) location possible. Denote their number iy

3. So, any feature should basically haveeplicates in the system, one for each
location. Possibly it could be a bit less because we may not teareplicate the
feature very close to borders where they could not be regliceompletely, but
this does not change the basic argument.

4. What all this implies is that if we just take one featurey savertical odd-
symmetric Gabor of a given frequency and envelope, copyatlidifferent loca-
tions, we already hawl different features, supposedly the maximum number!

5. Of course, we would actually like to have many differenbGia with different
orientations, different phases, different frequencied araybe something else
as well. Actually, the argument in point 1 can be applied dgweell to differ-
ent orientations and frequencies, which should be prodesgeally well. So, in
the end, the number of features must be many times greatethieanumber of
pixels.

A neuroanatomical justification for the same phenomenohésfdllowing cal-
culation: the number of simple cells in V1 seems to be mudelathan the number
of retinal ganglion cells which send out the information e tetina, perhaps by
a factor of 25 (Olshausen, 2003). So, if we consider the nurabganglion cells
as the “dimension” of input to V1, the number of features seé&rbe much larger
than the number of dimensioAs.

13.1.2 Definition of generative model

Now we define a generative model which has more features treddta has di-
mensions. In this context, to avoid any confusion, we call fibature vectorgy
basis vectorsA set of basis vectors which contains more vectors thangheeshas

1 The resolution of the retinal image changes as a functiorceémricity (the distance from the
centerpoint), so talking about moving “one pixel to the'leftan oversimplification. However, this
does not change the underlying logic very much, if one sintiilyks of photoreceptors or ganglion
cells instead of pixels.

2 This point is a bit complicated by the fact that the number lnbtpreceptors in the retina is
approximately 100 times larger than the number of gangliellscThus, ganglion cells reduce
the dimension of the data, and V1 seems to increase it agawvertheless, if we consider the
computational problem faced by V1, it does seem justifiedyjotlsat it uses an overcomplete basis
because it can only receive the outputs of ganglion cells.
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dimensions is called aovercomplete basi&Simoncelli et al, 1992; Olshausen and
Field, 1997).

The definition of a generative model with an overcompletédiasather straight-
forward. We just need to express the image as a linear sugiegro

I(X’ y) = 'iAi(X’ Y)S (131)

where the only difference to previous models is that the nemab featuream is
arbitrarily large. We also need to specify the statisticalgerties of the components
5. In the basic case, we assume that they are sparse andclyishdependent.

For technical reasons, another modification is also usuathpduced at this
point: we assume that the image is not exactly a linear sunheféatures, but
there is noise as well. That is, gaussian ndige,y) is added to each pixel:

166) = 3 AGY)S N (132

This does not change the behaviour of the model very muclecélfy if the noise
level is small, but it simplifies the computations in this&a@n the case of basic
ICA, introduction of noise in the model just complicatesntg, so it is usually
neglected.)

Note that the meaning of overcompleteness changes wherinteasion is re-
duced by PCA. From the viewpoint of statistical modellingg dimension of the
data is then the dimension given by PCA. So, even a basis Whiglthe same num-
ber of vectors as there are pixels can be called overcompletause the number of
pixels is larger than the PCA-reduced dimension.

Despite the simplicity of the definition of the model, the mamplete basis
model is much more complicated to estimate. What is intergss that it has a
richer behaviour than the basic sparse coding and ICA mdmilause it leads to
some nonlinearities in the computation of the features. \ller@at this point first.

13.1.3 Nonlinear computation of the basis coefficients

Consider first the case where the basis vecdpee given, and we want to compute
the coefficients for an input imagd. The fundamental problem is that the linear
system given by the basis vectdsis not invertible: If one tries to solve for ths
given anl, there are more unknowissthan there are equations. So, computation of
thes seems impossible. Indeed, it is impossible in the sensetieat if the image
were created as a linear sum of thAefor some coefficient values, we cannot
recover those original coefficients from the input imageaalovithout some further
information.
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As an illustration, consider an image with two pixels witHues(1,1). Assume
we use a basis with three vectof8; 1), (1,0), and(1,1). Thus, we have

(1,1) = (0,1)s1 + (1,0)%2+ (1,1)s (13.3)

Obviously, we could represent the image by setting:- 0, s, = 0, ands; = 1. But,
equally well, we could set; = 1,5, = 1, andsz = 0. Even if the image was exactly
generated using one of these choicessfowe cannot tell which one it was by using
information in the image alone. Actually, there is an ingnitumber of different
solutions: you could take any weighted average with of the gelution just given,
and it would be a solution as well.

However, there is a partial solution to this problem. The lsdp use sparseness.
Since we know that thg are sparse, we can try decide to find sparsest solution
In the illustration above, we would choose the solutspn= 0,5, = 0, andsz = 1
because it is the sparsest possible in the sense that onlyoefficient is different
from zero®

There is a clear probabilistic justification for such a prahees. Basically, we can
find the most probable values for the coefficiegfsunder the assumption that the
s have sparse distributions. This is possible by using cantit probabilities in a
manner similar to Bayes' rule (see Section 4.7). Now we wéllick the procedure
based on probabilistic reasoning. By the definition of ctiadal pdf’s, we have

ps) = P& _ PUISA(S) (13.4)

p(l) p(l)
which is the basis for Bayes’ rule. The formula can be simgiditoecause(l) does
not depend ors. Since our goal is to find the which maximizesp(sl), we can
just ignore this constant. We can also maximize its logarithstead because it is
often simpler, and equivalent because logarithm is a Btrintreasing function.
This gives us the following objective function to maximize:

logp(l|s) +logp(s) (13.5)

Such estimation of theis called maximum a posteriori (MAP) estimation, as dis-
cussed in Section 4.8.2.

Now, we have to compute the probabilities |g(¢|s) and logp(s) needed. The
first thing we consider is thprior distributionp(s) of thes. In Bayesian inference,
the prior distribution (or prior for short) incorporatestknowledge we have before
making any observations. What prior knowledge do we havehEirst, we know
that the components are sparse. Second, we assume thatgliryependent, which
is a simple approximation although it is not terribly precihus, log(s) is similar
to what was used in ordinary ICA estimation and linear spawing. It can be
expressed as

3 Another solution would be to use the Moore-Penrose psemnrse, see Section 19.8. However,
that method is less justified by statistical principles, Bss useful in practice.
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logp(s ZlG (13.6)

where the functior is the same kind of function we used in ICA estimation, see
e.g. Equation (7.19) on page 172.

To computep(l|s), we will use the noisy version of the model in Equation (13.2)
Assume that we know the variance of the gaussian noise, amtelé by byo?.
Then, the conditional probability df(x,y) given all thes is the gaussian pdf of
N(x.y) = S A(x,y)s — 1 (xy). By definition of the gaussian pdf, the pdf of a
single noise variable is thus

PINGXY)) = = exH -5 5N (XY (13.7)

So, the conditional log-pdf for one pixel is

1 1
logp(l(x,y)|s) = _WN(X’V)Z — Zlog2m

1
= 202 ZLA (X,Y)S —§|0927T (13.8)

We assume that the noise is independent in all pixels, soahéitional pdf of the
whole imagd is the sum of these log-pdf’s:

m 1
logp(l|s) = 222 —;Mx,y)s}z—élogzn (13.9)

The constam} log 21T can be omitted for simplicity.
Putting all this together: To find the most probabie. .., sy that generated the
image, we maximize

logp(s|l) = logp(l|s) +logp(s) + const.

~ 52 S 1009) = 3 AGYSIE+ 3 6fs) const. (13.10)

where the “const” means terms which do not depends.ddaximization of this
objective function is usually not possible in closed formgdaumerical optimiza-
tion methods have to be used. We have here assumed that &ne known; their
estimation will be considered below.

Maximization of such an objective function leads ta@nlinearcomputation of
the cell activitiess.. This is in stark contrast to ordinary (non-overcomplet®dm
els, in which thes are a linear function of thé(x,y). The implications of such a
nonlinearity will be considered in more detail in Chapter 14
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13.1.4 Estimation of the basis

Estimation of the basis vectofs can be performed using the same principle as es-
timation of thes. Basically, the solution is hidden in Equation (13.10)sEinote
that the pdf in Equation (13.9) depends on fes well. So, that equation actu-
ally describesp(l|s,A,...,Am) instead of justp(l|s). Further, if we backtrack in
the logic that lead us to Equation (13.10), we see that théitonal probability

in Equation (13.10), when considered as a function of tsadind theA;, is equal

to p(s,A1,-..,Am|l), if we assume a flat (constant) prior for tAe This is the con-
ditional probability ofboth s and theA;, given the imagé. Thus, the conditional
log-pdf can be interpreted as essentially the likelihoothefA;.

Estimation of theA; can now be performed by maximizing the conditional pdf
in Equation (13.10) for sampleof imagesly, I»,...,It. (Obviously, we cannot es-
timate a basis from a single image.) As usual, we assumelikatrtages in the
sample have been collected independently from each othesich case the log-
pdf for the sample is simply the sum of the log-pdf. So, we wittze final objective
function

tilog p(s(t),Ad, ..., Anllt)

T m T m
_ ‘z%th%“t(X’” = S AKYSOPT Y 3 G(8(1) +const. (1311)

When we maximize this objective function with respect totla#l basis vectors;
and cell outputs;(t) (the latter are different for each image), we obtain, at draes
time, the estimates of the components and the basis véctorsther words, we
compute both the nonlinear cell outputs and the featéyes

Note that it is not straightforward to define the receptivéBeof the cell any-
more. This is because computation of the cell outputs isineat, and receptive
fields are simple to define for linear cells only. Actually,wk collect the basis
vectorsA; into a matrixA as we did earlier in the ordinary ICA case, that matrix
is simply not invertible, so we cannot define the receptiviel§i@s the rows of its
inverse, as we did earlier.

13.1.5 Approach using energy-based models

An alternative approach for estimating an overcompleteasgntation is the follow-
ing: We give up a generative model and concentrate on genegathe sparseness

4 One technical problem with this procedure is that the scafléle independent components are
not fixed, which leads to serious problems. This problem @asdived simply by normalizing the
variances of the independent components to be equal to ainéyery optimization step. Alterna-
tively, one can normalize the basis vectprto unit norm at every step.
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criteria. Basically, we take the log-likelihood of the mECA model, and relax the
constraint that there cannot be too many linear featurecte®e This approach is
computationally more efficient because we do not need to ctengme nonlinear
estimates of the componergtsvhich requires another optimization.

Consider the log-likelihood of the basic ICA model in Eqoat{7.15), which we
reproduce here for convenience:

m T
logL(v1,...,Vn;Z1,...,27) = Tlog|det(V)| + ZZGi (Vi zt) (13.12)
i=1t=

wherez is the canonically preprocessed data sample, and; thee the feature de-
tector vectors in the preprocessed space. We have changeudithber of feature
detectors tonin line with the notation in this section. Moreover, we useehgen-
eral functionsG;, which in the case of basic ICA is equal to lpgthe log-pdf of
the independent component. (In this section, we revertitmusanonically prepro-
cessed data, but this does not really change anything in #tleematical develop-
ments. Overcompleteness then means that the number ofdeatuarger than the
PCA-reduced dimension.)

Now, could we just use the formula in Equation (13.12) withrenf@atures than
dimensions? Let us denote the dimension of the data Bjen, this means that we
just takem > n to achieve an overcomplete representation.

Unfortunately, this is not possible. The problem is the tdog|detV)|. The
simple reason is that ih > n, the matrixV, which collects the; as its rows, would
not be square, and the determinant is only defined for a squoaiéx.

On the other hand, the second term on the right-hand side iratieo (13.12)
is just a sum of measures of sparseness of the features,sstetin need not be
changed if we want to have an overcomplete representation.

So, we have to understand the real meaning of the terrjdiet)/)| to obtain
a model with an overcomplete representation. This term tisadly the logarithm
of what is called thenormalization constandr apartition function It is a function
of the model parameters which makes the pdf of the data fti#l fundamental
constraint that the integral of the pdf is equal to one—a trant that every pdf
must fulfill. A likelihood is nothing else than a pdf interpee as a function of the
parameters, and computed for the whole sample instead dajlservation. So, the
likelihood must fulfill this constraint as well.

The normalization constant is, in theory, obtained in aighri®iorward manner.
Let us define the pdf (for one observation) by replacing th&t fierm in Equa-
tion (13.12) by the proper normalization constant, whichdeaote byZ:

n
logL(z;v1,...,vn) = —logZ(V) + ZGi (v 2) (13.13)
i=
Normalization of the pdf means that we should have

/L(z;vl, Cvp)dz=1 (13.14)
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In the present case, this means

n

/L(z;vl,...,vn)dz: ﬁ/”exp(Gi(viTz))dz: 1 (13.15)

So, in principle, we just need to take
n

Z(V) = / r!exp(Gi (V] 2))dz (13.16)
i=

because this makes the integral in Equation (13.15) equoale¢o

However, in practice, evaluation of the integral in Equaft3.16) is extremely
difficult even with the best numerical integration metho8s, the real problem
when we take more feature detector vectors than there arengdilons in the data, is
the computation of the normalization constant.

Estimation of the model by maximization of likelihood remgs that we know
Z. If we omit Z and maximize only the first term in Equation (13.13), thereati
tion goes completely wrong: If th€; have a single peak at zero (like the negative
log cosh function), as we have assumed in earlier chaptersnaximum of such a
truncated likelihood is obtained when i, y) are all zero, which is quite absurd!

So, the model becomes much more complicated to estimate wimdon’t know
how to normalize the pdf as a function of the vectarsThis is in stark contrast to
the basic case where the number of feature detector vedaedsthe number of
input variables: the functiod is simply obtained from the determinant of the matrix
collecting all the vectors;, as seen in Equation (7.15).

Fortunately, there are methods for estimating models incdse wher& can-
not be easily computed. First of all, there is a number of mé@stHfor computingZ
approximately, so that the maximum likelihood estimatisicomputationally pos-
sible. However, in our case, it is probably more useful toklab methods which
estimate the model directly, avoiding the computation & tirormalization con-
stant. Score matching and contrastive divergence are twbade for estimating
such “non-normalized” models. The mathematical detailscofe matching are de-
scribed in Chapter 21.

One point to note is that we are really estimating linear pége fieldsW us-
ing this method. Thus, the result is not really an overcotedasisbut rather an
overcomplete representation using an overcomplete seceptive fields.

This approach is sometimes called “energy-based” due tgtocated historical
reasons. The model in Equation (13.13) has also been cdlRrdducts of Experts”
model (Hinton, 2002). Further related methods are consitier (Hyvarinen and
Inki, 2002). See (Utsugi, 2001) for an overcomplete versibiine ISA model.
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13.1.6 Results on natural images

We estimated an overcomplete representation from natuedés using the method
in Section 13.1.5. Thus, we defined the model using the nomal@ed log-
likelihood in Equation 13.13. We basically used the clagségative) log cosh func-
tion asG, but we allowed a bit more flexibility by allowing rescaling the G; by
definingG; (u) = —ailogcoshu), wherea; are parameters that are estimated at the
same time as thej. We also constrained the norms of theto be equal to one.
We used the score matching approach (see above or Chaptér 2&)imate the
parameters without computation of the normalization camist

To reduce the computational load, we took patches of 16 pixels. We prepro-
cessed the data just like with ICA in Chapter 7, but the dinemszduction was
less strong: we retained 128 principal components, i.e haitfeof the dimensions.
Then, we estimated a representation with 512 receptivesfidlde representation is
thus 4 times overcomplete when compared to the PCA dimenaimhtwo times
overcomplete when compared with the number of pixels.

The resulting receptive fields are shown in Figure 13.1. e Sspace, only a
random sample of 192 receptive fields is shown. The recefiéiids are quite sim-
ilar to those estimated by basic ICA or sparse coding. Somerare oscillatory,
though.

13.1.7 Markov Random Field models *

The approach of energy-based overcomplete represergaéorbe readily extended
to models which cover the whole image using the principle @frivbv Random
Fields. Here, we provide a very brief description of thisegdion for readers with
some background in MRF's.

A very important question for any image-processing appiliceis how the mod-
els for image patches can be used for whole images which kageof thousands,
or even millions, of pixels. One approach for this is to userida random fields
(MRF). What this means is that we define what is called in thedty aneighbour-
hoodfor each pixel, and define the probability density for the gmas a function
of each pixel value and the values of the pixels in the neightmod. The central
idea is that we compute the same function in all possibldiomea of the image.

In our context, the neighbourhood of a pixel can be definectarbimage patch
taken so that the pixel in question is in the very middle. Teer# our models to a
MRF, we can also use the outputs of linear feature deteatatsfine the pdf.

This leads to a pdf of the following form:

0GPV .. W) = 5 3 GCS W(EM)I(+E.3-+) ~I0gZ0Wh .. W)
Xy i=
o (13.17)
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Fig. 13.1: Receptive field&f in a four times overcomplete basis for canonically prepssee data,
estimated using the model in Equation (13.13) and score himgfeestimation. Only a random
sample of th&\f is shown to save space.
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Here, the first sum over,y goes over all possible image locations and neighbour-
hoods. For each location, we compute the outputs lifiear feature detectors so
that they are always centered around the locatign The functionG is the same
kind of function, for example logcosh, as used in sparsermpdi

An important point is that the indicés n only take values inside a small range,
which is the neighbourhood size. For example, we could défiaethey belong to
the range-5,...,5, in which case the patch size would bex111 pixels.

One interpretation of this pdf is that we are sliding a windover the whole
image and computing the outputs of the feature detectoh®wetwindows. In other
words, we compute the convolution of each of¥avith the image, and then apply
the nonlinear functio®s on the results of the convolution. Summation oxgrand
overi then simply means that the log-pdf is the sum over the wholvawed,
nonlinearly processed image, and all the filters.

As in the case of the model in Section 13.1.5, the log-pdiides a normaliza-
tion constan®Z, which is a function of the feature detector weigtts Again, the
computation of the normalization constant is most difficaitd the model is prob-
ably best estimated using methods which avoid computatidgheonormalization
constant (see e.g. Chapter 21).

In fact, we can see a direct connection with the overcomilass framework
as follows. Define the translated feature dete®®t?) as a feature detector whose
weights have been translated by the amount givea &ydb, so thatW(@b) (x,y) =
W(x—a,y— b). Also, redefine indices as+ £ =X, y+n =Y. Then we can write
the log-pdf as

logp(1; W, .., Wh) = ize(zvvﬁx’y’(%,x/)l(%,y»—Iogz (13.18)
1%y Xy

This model is just like the overcomplete model in Sectionl1R. but the feature
weights areconstrainedso that they are copies of a small number of feature weights
W in all the different locations, obtained by the translataperation\ (x,y). Due

to the summation over the translation parameteyseach weight vector is copied

to all different locations. (We are here neglecting any leoreffects which appear
because for those weight in thi¢ which go over the edges of the image.) Further-
more, the normalization constant is computed in a slighffeent way because the
integration is over the whole image.

Learning feature detector weights of MRF's was proposediotlf and Black,
2005). A related approach was proposed in (Zhu et al, 1997)hétime of this
writing, the first successful attempt to estimate MRF's ia #ense that we obtain
Gabor-like features was obtained in (Koster et al, 2008keview of classic MRF
models, i.e. models in which the features are not learnednautually tuned, is in
(Li, 2001); a more mathematical treatise is (Winkler, 2003)

Let us finally mention some completely different approadbesodelling whole
images or scenes. One is to extract some global statisticdeature histograms,
which can then be further analyzed by various statisticalet® asin , e.g., (Liu and
Cheng, 2003; Lindgren and Hyvarinen, 2004). Yet anothermative is to compute
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a low-dimensional holistic representation by techniquegated to PCA, as in e.g.,
(Torralba and Oliva, 2003).

13.2 Non-negative models

13.2.1 Motivation

Neural firing rates are never negative. Even if we considersghontaneous firing
rate as the baseline and define it to be zero in our scale, thg fir cortical cells
cannot go much below zero because the spontaneous firing aegeso low; so,
it may be useful to consider them non-negative anyway. Itieen argued that
this non-negativity of firing rates should be taken into ag@an statistical models.
Non-negative matrix factorization (NMF) (Lee and Seund@9)ds a recent method
for finding such a representation. It was originally intredd in a different context
and callegositivematrix factorization (Paatero and Tapper, 1994), but tleraan
NMF is now more widely used.

13.2.2 Definition

Let us assume that our data consistsTobf n-dimensional vectors, denoted by
X(t) (t =1,...,T). These are collected to a non-negative data matrixhich has
x(t) as its columns. NMF finds an approximate factorizatioXafito non-negative
factorsA andS. Thus, non-negative matrix factorization is a linear, magative
approximate data representation, given by

x(t)m_iais(t):As(t) or X=~AS

whereA is ann x m matrix containing thebasis vectorsy as its columns. This
representation is, of course, similar in many respects t& 8@ ICA. In particular,
the dimension of the representatimrtan be smaller than the dimension of the data,
in which the the dimension is reduced as in PCA.

Whereas PCA and ICA do not in any way restrict the signs of ttiges ofA and
S, NMF requires all entries of both matrices to be non-negatihat this means
is that the data is described by using additive componenys ©his constraint has
been motivated in a couple of ways: First, in many applicetione knows (for ex-
ample by the rules of physics) that the quantities invohathot be negative—firing
rates are one example. In such cases, it can be difficultégaret the results of PCA

5 This section is based on the article (Hoyer, 2004), origynaliblished in Journal of Machine
Learning Research. Copyright retained by the author.
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and ICA (Paatero and Tapper, 1994, Parra et al, 2000). Secondnegativity has
been argued for based on the intuition that parts are génemhbined additively
(and not subtracted) tiorm a whole hence, these constraints might be useful for
learning parts-based representations (Lee and Seung).1999

Given a data matrix, the optimal choice of matrice&d andS are defined to
be those non-negative matrices that minimize the recoctgtruerror betweerX
andAS. Various error functions have been proposed (Paatero gopkfal994; Lee
and Seung, 2001), perhaps the most widely used is the sqaei@d(Euclidean
distance) function

D(A,S) = [IX ~AS|?=§ (xj — [AS];))*.
]

A gradient algorithm for this optimization was proposed Baétero and Tapper,
1994), whereas in (Lee and Seung, 2001) a multiplicativerdtyn was devised
that is somewhat simpler to implement and also showed goddrpgance.

Although some theoretical work on the properties of the NMpresentation ex-
ists (Donoho and Stodden, 2004), much of the appeal of NMFesdnom its em-
pirical success in learning meaningful features from amieeollection of real-life
datasets. It was shown in (Lee and Seung, 1999) that, whelathset consisted of a
collection of face images, the representation consisté@sis vectors encoding for
the mouth, nose, eyes, etc; the intuitive features of faeges. In Figure 13.2a) we
have reproduced that basic result using the same datagditiohally, they showed
that meaningful topics can be learned when text documeatased as data. Sub-
sequently, NMF has been successfully applied to a varietiatdsets (Buchsbaum
and Bloch, 2002; Brunet et al, 2004; Jung and Kim, 2004; Kieh Gidor, 2003).

Despite this success, there also exist datasets for whick Nd&s not give an
intuitive decomposition into parts that would correspamdtr idea of the ‘building
blocks’ of the data. It was shown by (Li et al, 2001) that whevNwas applied
to a different facial image database, the representatienghabal rather than local,
qualitatively different from that reported by (Lee and Sgut999). Again, we have
rerun that experiment and confirm those results, see Figduzb)l. The difference
was mainly attributed to how well the images were hand-alébfvi et al, 2001).

Another case where the decomposition found by NMF does ntatinthe under-
lying elements of the data is shown in Figure 13.2c). In tRjgegiment, natural im-
age patches were whitened and subsequently split intoy®Ei®ON’) and negative
(‘OFF’) contrast channels, simply by separating positinel aegative values into
separate channels (variables). This is somewhat similaowovisual information is
processed by the retina. Each image patch of 12 pixels was thus represented by
a 2x 12 x 12= 288 -dimensional vector, each element of which mimics thiv-ac
ity of an ON- or OFF-center neuron to the input patch. Thesgore made up the
columns ofX. When NMF is applied to such a dataset, the resulting decsitipo
does not consist of the oriented filters which form the costware of most of visual
models and modern image processing. Rather, NMF repregesss images using
simple, dull, circular ‘blobs’.
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Fig. 13.22 NMF applied to various image dataseta) Basis images
given by NMF applied to face image data from the CBCL database
(http://cbcl.mt.edu/ cbcl/software-datasets/FaceData2. htm),

following (Lee and Seung, 1999). In this case NMF produces aatsghased repre-
sentation of the datab) Basis images derived from the ORL face image database
(http: // ww. uk. research. att. com facedat abase. ht ml ), following (Li et al,
2001). Here, the NMF representation is global rather thatsgzasedc) Basis vectors from NMF
applied to ON/OFF-contrast filtered natural image data.: Wpights for the ON-channel. Each
patch represents the part of one basis veatarorresponding to the ON-channel. (White pixels
denote zero weight, darker pixels are positive weights.gldi&: Corresponding weights for the
OFF-channel. Bottom: Weights for ON minus weights for OFfere, grey pixels denote zero.)
NMF represents this natural image data using simple blobs.

13.2.3 Adding sparseness constraints

Now we show, following (Hoyer, 2004), how explicitly conliing the sparseness of
the representation leads to representations that arelp@std and match the intu-
itive features of the data. Here we use a sparseness measeckdn the relationship
between the sum of absolute values and the sum of squardsi@rcnorm):

~(z1sh/\/5 ¢

Jm—1 ’

sparseness) =
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wherem is the dimensionality 0. This function evaluates to unity if and only if
scontains only a single non-zero component, and takes a wélzero if and only
if all components are equal (up to signs), interpolating sthly between the two
extremes.

Our aim is to constrain NMF to find solutions with desired dagr of sparseness.
The first question to answer is then: what exactly should besg? The basis vectors
A or the coefficient$? This is a question that cannot be given a general answers; it
all depends on the specific application in question. Furihsttransposing the data
matrix switches the role of the two, so it is easy to see thatctivice of which to
constrain (or both, or none) must be made by the experimenter

When trying to learn useful features from images, it mighkensense to require
both A and S to be sparse, signifying that any given objecpissentin few im-
ages andhffectsonly a small part of the image. Or, we could take the approach i
Chapter 6 and only require ttseto be sparse.

These considerations lead us to defining NMF with sparsecasstraints as
follows: Given a non-negative data mati of sizen x T, find the non-negative
matricesA andS of sizesn x mandmx T (respectively) such that

D(A,S) = |[X —AS||? (13.19)
is minimized, undeoptional constraints

sparseness) = S, Vi
sparsenegs) = S, Vi,

whereg is thei-th columnof A ands is thei-th row of S. Here,m denotes the
number of components, arg| andS; are the desired sparsenesses @&ndS (re-
spectively). These three parameters are set by the user.

Note that we did not constrain the scalesapbr 5 yet. However, sinceys =
(aA)(s/A) forany A, we are free to arbitrarily fix any norm of either one. In our
algorithm, we thus choose to fix the Euclidean norm (sum o&seg) ofs to unity,
as a matter of convenience.

An algorithm for learning NMF with sparseness constrairgsdescribed in
(Hoyer, 2004). In Figure 13.2c we showed that standard NMplieg to natu-
ral image data produces only circular features, not orefieatures as have been
observed in the cortex. Now, let us see the result of usingtiaddl sparseness
constraints. Figure 13.3 shows the basis vectors obtaiggulitiing a sparseness
constraint on the coefficient§{= 0.85) but leaving the sparseness of the basis
vectors unconstrained. In this case, NMF learns orientelobGEke features that
represent edges and lines. This example illustrates h@awitén useful to combine
sparseness and non-negativity constraints to obtain aadethich combines the
biologically plausible results of low-level features withe purely additive learn-
ing of NMF. Such combinations may be useful in future modeschv attempt to
go beyond the primary visual cortex, because non-negativity be an important
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property of complex cell outputs and other higher-ordetudess, as was already
pointed out in Chapter 12.

ok [7] ‘_L 4|/

Fig. 13.3: Basis vectors from ON/OFF-filtered natural im@gétained using NMF with sparse-
ness constraints. The sparseness of the coefficients wakdix@ 85, and the sparseness of the
basis images was unconstrained. Top: weights in ON chaMidtle: weights in OFF channel.
Bottom: weights in ON channel minus weights in OFF channelopposed to standard NMF (cf
Figure 13.2c), the representation is based on orientedoiGie, features.
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13.3 Conclusion

In this chapter, we saw two quite different extensions ofthsic linear ICA model.
The model with overcomplete basis is well motivated as a oflsimple cells,
and the next chapter will show some more implications of ttieciple.

In contrast, the utility of non-negative models for featesdraction is still to
be explored. Possibly, non-negative models can be usefahmming higher-order
features, which can be considered either to be “there” {pesialues) or “not there”
(zero value), negative values being less meaningful. Orother hand, negative
values can often be interpreted as meaning that the feattherie “less strongly” or
“less likely”, possibly related to some baseline. In fateaour initial work (Hoyer
and Hyvarinen, 2002) learning the third layer as in Chapgusing non-negativity
constraints, we found out that the non-negativity constsahad little effect on the
results, and the results in Chapter 12 do not use any suchagaint

Moreover, it is not clear if both the basis vectors and thegfticients should
be constrains non-negative: A partly non-negative modelhich either the basis
vectors or the components are constrained non-negativafsaye more meaning-
ful. Non-negativity may, in the end, find its utility as onetb& many properties of
(some of the) parameters in a statistical model, insteaéiofgovery useful in itself.






Chapter 14
Lateral interactions and feedback

So far, we have almost exclusively considered a “bottomeupgeedforward frame-

work, in which the incoming image is processed in a numbeuotsssive stages,
the information flowing in one direction only. However, itusdely appreciated in

visual neuroscience that the brain is doing something muate momplicated than
just feedforward processing. There is a lot of evidence for

1. feedback from “higher” areas to lower areas, e.g., “topxd’ connections from
V2 back to V1, as well as

2. lateral (horizontal) interactions, by which we mean hesenections between
features in the same stage, e.g., connections betweeresielfs.

In this chapter, we will see how such phenomena are ratheralatonsequences
of Bayesian inference in the models we have introducedt, Fites will introduce a
model of feedback based on thresholding, or shrinkage, efficeents in the higher
stage. Second, we will consider a lateral interaction phern: end-stopping in
simple cells. Finally, we will discuss the relationship bétprinciple of predictive
coding to these phenomena.

14.1 Feedback as Bayesian inference

A central question in visual neuroscience concerns the coatipnal role of feed-
back connections. It has been suggested that the purposedifdck is that of using
information from higher-order units to modulate lowerdéwutputs, so as to se-
lectively enhance responses which are consistent with thader visual context
(Lamme, 1995; Hupé et al, 1998). In hierarchical geneeatnodels, this is natu-
rally understood as part of the inference process: findiegilbst likely configura-
tion of the network requires integrating incoming (bottam) sensory information
with priors stored in higher areas (top-down) at each layehe network (Hinton
and Ghahramani, 1997).

307
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Why would this kind of feedback inference be useful? In maases, there can
be multiple conflicting interpretations of the stimulus e\ the lowest level, and
top-down feedback is needed to resolve such conflicts. leness feedback infer-
ence computes the most likely interpretation of the scemdl(&nd Richards, 1996;
Lee and Mumford, 2003; Yuille and Kersten, 2006), combirbogtom-up sensory
information with top-down priors.

14.1.1 Example: contour integrator units

An example of Bayesian feedback inference can be constrbetged on the model
of higher-order units that integrate outputs of complexsgehtroduced in Chap-
ter 12. Basically, the idea is as follows: if enough collineamplex cells are active,
they will activate a higher-order contour-coding unit. Tduetivation of such a unit
is then evidence for a contour at that location, and thisexvie will strengthen re-
sponses of all complex cells lying on the contour, espegciatise whose bottom-up
input is relatively weak.

The structure of the network was depicted in Figure 12.1 iafiér 12. In that
chapter, we interpreted this network as performing featléwd computations only:
first the energy model for complex cells, and then a linearsf@rmation. How can
we then simulate the full network inference process to méekziback?

One approach is reduction of noise (Hupé et al, 1998). “&lois this context
refers to any activity that is not consistent with the learséatistical model and
is thus not only neural or photoreceptor noise. Such noideaton essentially
suppresses responses which are not typical of the trairatey @hile retaining re-
sponses that do fit the learned statistical model. Dendtiegomplex cell responses
by ¢k, we model them by a linear generative model which includesiserterm:

K
Ck= Zakis +ny forall k (14.1)
i=

whereny is gaussian noise of zero mean and varianéeThe outputs of higher-
order contour-coding units are still denotedsy

We postulate that the outpugsof higher-order cells are computed by Bayesian
inference in this generative model. Given an image, the dexagell outputs are
first computed in a feedforward manner; these initial valaesdenoted byy. (It
is here assumed that the feature weigitshave already been learned.) Next, the
outputs of higher-order cells are computed by finding¢hehich have the high-
est posterior probability — we use the Bayesian terminolgmsterior probability
(distribution)”, which simply means the conditional prdiiidy given the observa-
tions. Let us denote the computed outputs.as

S=arg n;aﬂog p(sc) (14.2)
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As is typical in Bayesian inference (see Section 4.7), wefeanulate the posterior
log-probability as the sum of two terms:

logp(s|c) = logp(c|s) + logp(s) — const. (14.3)

wherep(s) is theprior pdf of s. It incorporates our knowledge of the structure of
the world, e.g. that the cell outputs are sparse. The term(ldg) incorporates our
knowledge of the image generation process; an example gviinen below.

The important point here is that the outpgtsefhigher-order units araonlinear
functions of the complex cell outputs. We will discuss belathy this is so. This
opens up the possibility akducing noisdan the complex cell outputs by recon-
structing them using the linear generative model in Equatiigt.1), ignoring the
noise. The obtained reconstructions, i.e. the outputsettmplex cells after they
have received feedback, are denoteayahd computed as

K
G = Zakié for all k (14.4)
i=

Nonlinearity is essential in these models. If the oututgete simply linear trans-
formations of the complex cell outputs, little would be gadnby such feedback.
This is because the reconstructed valgewduld still be linear transformations of
the original feed-forwardy. Thus, one could wonder why any feedback would re-
ally be needed to compute thgBecause a linear transformation could certainly be
easily incorporated in the feedforward process which caegpthecy in the first
place. However, the nonlinear computations that emerga ftee Bayesian infer-
ence process do need more complicated computing circsibryt is natural that
feedback is needed.

The effect of this inference is that the top-down connedifsom the contour-
coding units to the complex cells seek to adjust the compm#xesponses towards
that predicted by the contour units. To be more precise, ancéffect can be ob-
tained, for example, by sending a dynamic feedback signideoform

K
Ui = ['Zakig] —Ck (14.5)

from the i-th higher-order cell to the k-th complex cell. Whe, is equal to its
denoised estimate, this signal is zero and equilibrium leaed. Of course, this
feedback signal is just one possibility and it is not knownvhhis computation
is actually achieved in the visual system. What is importeere is that Bayesian
inference gives an exact proposal on what pheeposeof such feedback signals
should be, thus providing a normative model.

In Fig. 14.1, we show a very basic example of how feedbacken@duction in
this model results in the emphasis of smooth contours. Wergggd image patches
by placing Gabor functions at random locations and origmat (for simplicity,
we consider only a single frequency band here). In one cheeg tvas a collinear
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alignment of three consecutive Gabors; in the other thase $@abors had random
orientations. These image patches are shown in Fig. 14 Nlext, we processed
these by our model complex cells, as we had processed thehiatage patches in
our experiments in Chapter 12. The resultopcgare shown in Fig. 14.1 b). Finally,
we calculated the contour-coding unit activite@gthe actual method is discussed
in the next subsection), and plotted the noise-reduced nwell activity in Fig.
14.1¢).

Fig. 14.1: Noise reduction and contour integratiah.Two image patches containing Gabors at
random locations and orientations. In the top patch theaectlinear set of three Gabors, whereas
in the bottom patch these same Gabors had random oriergaipiThe response of the model
complex cells to the images in &) The response of the complex cells after feedback noise reduc
tion using the learned network model. Note that the reductibnoise has left the activations of
the collinear stimuli but suppressed activity that did notHe learned sparse coding model well.
From (Hoyer and Hyvarinen, 2002), Copyrigi@i2002 Elsevier, used with permission.

Note how the noise-reduction step suppresses responsepiioidus” edges,
while emphasizing the responses that are part of the callinrangement. Such
response enhancement to contours is the defining chasticteri many proposed
computational models of contour integration, see for eXar(@rossberg and Min-
golla, 1985; Li, 1999; Neumann and Sepp, 1999). Compariegdinoised re-
sponses (Fig. 12c) with each other one can also observeeatlicontextual in-
teractions in the model. The response to the central Gabsirasger when it is
flanked by collinear Gabors (upper row) than when the flankave random orien-
tations (bottom row), even though the flankers fall well aashe receptive field
of the central neuron. This type of contextual interacti@s lheen the subject of
much study recently (Polat and Sagi, 1993; Polat et al, 198&t and Tyler, 1999;
Kapadia et al, 1995, 2000; Kurki et al, 2006); see (Fitzpkt2000) for a review. It
is hypothesized to be related to contour integration, aigfosuch a relation is not
certain (Williams and Hess, 1998).
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14.1.2 Thresholding (shrinkage) of a sparse code

What is the nonlinearity in the inference of tRdike in Equation (14.2)? Because
the code is sparse, it turns out to be something like a thidstgof individual cell
activities, as we will show next.

14.1.2.1 Decoupling of estimates

Inference in an ICA model which contains gaussian noisej &juation (14.1), is

a special case of the principle in Section 13.1.3, in whiehdbefficients in an over-
complete basis were estimated. We will see that the noisedéads to nonlinear
computations even if the basis is not overcomplete as it w&ection 13.1.3. We
can directly use the posterior pdf we calculated there, inafign (13.10) on page
293; instead of the original imadethe observed data is the vector of complex cell
outputsc. Thus, we have

logp(slc) = — ZTiZ Z[ck - iakis]z + iG(s) + const. (14.6)

whereay; is the matrix of higher-order features weights, and the orisdoes not
depend ors. Now, let us assume that the number of complex cells equalsitmber
of higher-order features. This is just the classic assuwnpihat we usually make
with ICA (with the exception of the overcomplete basis moiteSection 13.1).
Then, the matrixA, which has thea; as its entries, is invertible. Second, let us
make the assumption that the mathixs orthogonal. This assumption is a bit more
intricate. It can be interpreted as saying that that theanigisdded on the whitened
data, becaus@ is orthogonal after whitening. Since the noise is, in ourecas
abstract kind of noise whose structure is not very well knawany case, this may
not be an unreasonable assumption.

After these simplifying assumptions, the inference defime@&quation (14.6)
becomes quite simple. First, note that the sum of squaresigtrix notation, equal
to ||c— As||?. Because an orthogonal transformation does not changeothe, we
can multiply the vectoc — As by AT without changing the norm. Thus, we can
replace the sum of squares in Equation (14.6) Ay c — s, obtaining

logp(slc) = 202 Z z a&iCk— S }2+.£G(3)+const. 14.7)

Now we see the remarkable fact that this posterior log-pdfssim of functions
of the form

1 K
logp(s[c) = —5—5[ Y ack—s]*+G(s)+const (14.8)
k=1
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which are functions of singlg (higher-order features) only. Thus, we can maxi-
mize this posterior pdf separately for eaghwe only need to do one-dimensional
optimization. Each such one-dimensional maximum depentisan SK_; ayicy.
This means that the estimates of thevhich maximize this pdf are obtained by
applying some one-dimensional nonlinear functfoon linear transformations of
the complex cell outputs:

K
§=F(Y aic) (14.9)
k=1

where the nonlinear functiof depends o1&, the log-pdf of thes.

14.1.2.2 Sparseness leads to shrinkage

What kind of nonlinearityf does noise reduction lead to? Intuitively, there are two
forces at play in the posterior log-density lp@s|c). The first term, squared error,
says thats should be close tqfﬁ:lakick, which can be thought of as the feed-
forward linear estimate fog. The really interesting part is the prior given by the
function G in Equation (14.8). Now, for a sparse density, the log-dgrnSiis a
peaked function. For example, it equ&sés) = —/2|s (plus some constant) for
the Laplacian density which we have used previously (seafimu (7.18)). This
peakedness makes the inference nonlinear so that if ther lestimates _; ayicq
is sufficiently close to zero, the maximum pfs|c) is obtained at zero. This is
illustrated in Figure 14.2.

Actually, the form of the functiori can be obtained analytically for some choices
of G. In particular, assume th& is the log-pdf of the Laplacian distribution. Then,
the functionf becomes what is called a “shrinkage” function:

f(y) = sign(y)max|y| — v'202,0) (14.10)

What this function means is that the linear transformatibrcamplex cell out-
puts sz:lakick is “shrunk” towards zero by an amount which depends on noise
level 0. Such a function can be considered a “soft” form of thresimgldin fact,

for some other choices dg, such as the one in Equation (7.22), which corre-
spond to much sparser pdf’s, the nonlinearity becomes Mesedo thresholding.
See Fig. 14.3 for plots of such functions. For more detailshrinkage functions,
see (Hyvarinen, 1999b; Simoncelli and Schwartz, 1999ndtme and Silverman,
2005) in a Bayesian context, and (Donoho, 1995) for a relatethod.

The nonlinear behaviour obtained by a sparse prior is ik gt@ntrast to the case
where the distribution 0§ is gaussianthenG is quadratic, and so is Iqys|c).
Minimization of a quadratic function leads to a linear fupaotof the parameters. In
fact, we can take the derivative of Ipgs|c) = — 555 [ ks Gk — §]° — §/2 with

respect tos and set it to zero, which gives as the solut'ﬂ;)n:‘H—lUz SR agic.
This is a simple linear function of the feed-forward estima®o, we see that it is
sparseness, or non-gaussianity, which leads to integaistinlinear phenomena.
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Thus, we see that the function of Bayesian inference in thid bf a model
is to reduce small cell activities in the higher processing area¢ra If there is
not enough evidence that the feature encoded by a higher-oddl is there, the
cell activity is considered pure noise, and set to zero. Baekl from higher ar-
eas modulates activity in lower areas by suppressing cdlishware not consistent
with the cell activity which is left after noise reduction tre higher level. In other
words, activities of some cells in the lower-level area argmessed because they
are considered purely noise. At the same time, activitieafe cells may even be
enhanced so as to make them consistent with higher-levieiteast. Such a mech-
anism can work on many different levels of hierarchy. Howetlee mathematicall
difficulties constrain most analysis to a network where #egiback is only between

two levels.

a) © b) 0
-1 -1
-2 -2
-3 S -3
_4'.’ '.' _4'.’
- : _ ‘
> 2 —53 -2

Fig. 14.2: lllustration of why noise reduction with a spapser for 5 leads to shrinkage. In both
plots, the dashed line gives the Laplacian prior @d6) = —+/2|s|. The dash-dotted line gives
the squared error term in Equation (14.8). The solid lineegithe sum of these two terms, i.e.
the posterior log-probability log|c). The variance is fixed t@? = 0.5. a) The case where the
feedforward signal is Weaszzlakick = 0.25. We can see that the peak at zero of the Laplacian
pdf dominates, and the maximum of the posterior is obtairtezern. This leads to a kind of
thresholdingb) The case where the feedforward signal is strq@lakick =1.5. Now, the sparse
prior does not dominate anymore. The maximum of the posté&iobtained at a value which is
clearly different from zero, but a bit smaller than the vagjiieen by the feedforward signal.

14.1.3 Categorization and top-down feedback

The shrinkage feedback treated above is only one examplayédan inference
in a noisy linear generative model. Different variants canadbtained depending
on the assumptions of the marginal distributions of thenlat@riables, and their
dependencies. Actually, even the generative model in kmuét4.1) is applicable
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Fig. 14.3: Plots of the shrinkage functiofigsvhich modify the outputs of the higher-order contour
cells. The effect of the functions is to reduce the absolateesof its argument by a certain amount
which depends on the noise level. Small arguments are seirto This reduces gaussian noise
for sparse random variables. Solid line: shrinkage coordmg to Laplace density. Dash-dotted
line: a thresholding function corresponding to the hightaise density in Equation (7.22). The
line x =y s given as the dotted line. The linear estimate to whichnibislinearity is applied was
normalized to unit variance, and noise variance was fixe8.to

to any two groups of cells on two levels of hierarchy; theneed not be complex
cells ands need not be contour-coding cells.

For example, consider the latent variabdeas indicatingcategory membership
Each of them is zero or one depending on whether the objedtarnvisual field
belongs to a certain category. For example, assume one of, e signals the
category “face”.

Thus, Bayesian inference based on Equation (14.2) can hgairsed to infer
the most probable values for tlag variables fors;. What is interesting here is that
the binary nature o6; means that when the visual input is sufficiently close to
the prototype of a face, the most likely valuegfwill be exactly 1; at a certain
threshold, it will jump from O to 1. This will affect the ders®d estimates of the
complex cell outputsy,. The top-down feedback will now say that they should be
similar to the first basis vectdrss, . ..,ai1n). Thus, a combination of excitatory and
inhibitory feedback will be sent down to complex cells toverithe complex cell
outputs in this direction.

For example, if the input is a face in which some of the corgdwave very low
contrast, due to lighting conditions, this feedback wifl to enhance them (Lee and
Mumford, 2003). Such feedback will be triggered if the evide fors; being 1 is
above the threshold needed. Otherwise, possibly the fekdimam another category
unit is activated.
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14.2 Overcomplete basis and end-stopping

A second kind of phenomenon which emerges from Bayesiameinée and goes
beyond a basic feedforward modeldsmpetitive interactionsThis happens espe-
cially in the model with overcomplete basis, see Sectiord 181d can explain the
phenomenon of end-stopping.

End-stopping refers to a phenomenon, already describedibgland Wiesel in
the 1960’s, in which the cell output is reduced when the oalisimulus is made
longer. That is, you first find a Gabor stimulus which gives imaxn response in a
simple cell. Then, you simply make that Gabor longer, thahisre elongated, with-
out changing anything else. You would expect that the responthe cell does not
change because the new stuff that appears in the stimulussisle of the receptive
field. However, some cells (both simple and complex) acfuatiuce their firing
rate when the stimulus is made more elongated. This is witatlisd end-stopping.

As discussed in Section 13.1, in an overcomplete basis #rereften many
different combinations of coefficiengswhich can give rise to the same image in a
linear generative modélx,y) = 3;Ai(x,y)s. Using Bayesian inference, the most
likely coefficientss can be found, and this may provide a more accurate model for
how simple cells in V1 compute their responses. This is eelab end-stopping
because such Bayesian inference in an overcomplete badistie dynamics which
can be conceptualized asmpetition

Here is an example of such competition. Consider only thrabd&shaped ba-
sis vectors which are of the same shape but in slightly diffefocations, so that
together they form an elongated Gabor. It is important thatGabors areverlap-
ping; this is necessary for the competition to arise. The threleo®Baare depicted in
Figure 14.4.

First assume that the stimulus is a Gabor which is exactlganee as the feature
coded by the cell in the middle. Then, obviously, the spasessible representation
of the stimulus is to set the coefficients of the left- and tigiost features to zero
(s1 = s3 = 0), and use only the feature in the middle. Next, assume lileagttimulus
is a more elongated Gabor, which is actually exactly the stitheotwo Gabors on
the left and the right sides. Now, the sparsest representaisuch that the middle
feature has zero activitgf{ = 0), and the other two are used with equal coefficients.

Thus, the cell in the middle is first highly activated, but whte stimulus be-
comes more elongated, its activity is reduced, and evdgtoatomes zero. We can
interpret this in terms of competition: The three cells asenpeting for the “right”
to represent the stimulus, and with the first stimulus, tHeicghe middle wins,
whereas when the stimulus is elongated, the other two wiis ddmpetition pro-
vides a perfect example of end-stopping.

This kind of experiments also show that the classical canckpeceptive field
may need to be redefined, as already discussed in Sectiod 1After all, the con-
cept of receptive field is based on the idea that the respdrike oell only depends
on the light pattern in a particular part of the retinal spad¢ew, end-stopping, and
other phenomena such as contrast gain control, show thaetheesponse depends
on stimulation outside of what is classically called theeptove field. Hence, the
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Cell receptive fields

Stimuli

Fig. 14.4: The receptive fields and stimuli used in the eogysing illustration. When the stimulus
on the left is input to the system, the sparsest, i.e. the prosable pattern of coefficients is such
that only the cell in the middle is activated> 0. In contrast, when the stimulus is made longer,
i.e. the stimulus on the right is input to the system, thergriee leads to a representation in which
only the cells on the left and the right are usgds; > 0 whereas the cell in the middle has zero
activity s, = 0.

expressiorclassicalreceptive field is used for the part which roughly correspond
to non-zero weights iW(x,y), and the area from which signals of contrast gain
control and end-stopping come is called the non-classazaptive field. See (An-
gelucci et al, 2002) for an investigation of different kirmfgeceptive fields.

14.3 Predictive coding

A closely related idea on the relation between feedback eadfbrward processing
is predictive coding. There are actually rather differedgds grouped under this
title.

Firstly, one can consider prediction in tinog in space, where “space” means
different parts of a static image. Some of the earliest warlpiiedictive coding
considered prediction in both (Srivanivasan et al, 1982¢d8dly, prediction can be
performed between different processing stages (Mumf@821Rao and Ballard,
1999) or inside a single stage (Srivanivasan et al, 1982¢i#ost al, 2005). There
is also a large body of engineering methods in which timeagrsuch as speech,
are predicted in time in order to compress the signal (Spaii@94); we shall not
consider such methods here.

We constrain ourselves here to the case wipgegliction happens between dif-
ferent levels of neural processing and for static stimlihe key idea here is that
each neural level tries to predict the activity in tloger processing level. This is
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usually coupled with the idea that the lower level sends édtigher level the error
in that prediction.

Prediction of the activities in lower levels is, in fact, itigit in the noisy gen-
erative model we have been using. As we saw in Section 13tiipa®n of the
model in Equation (14.1) can be accomplished by maximinatibthe objective
function (the posterior probability) in Equation (14.6)tlvrespect to botlay; and
s. We can interpref; ays as the prediction that the higher level makes of lower-
level activities. (In Section 14.1 we interpreted it as aalsed estimate which is
closely related.) Then, the first term in Equation (14.6) lbaimterpreted as the pre-
diction that the higher level makes of the lower level atiiégc,. Thus, estimation
of the model is, indeed, based on minimization of a predicéioor as in predictive
coding.

The idea that the lower level sends only the prediction eiwdhe higher level
needs some reinterpretation of the model. In Section 14 Ehewed how inference
of § can, under some assumptions, be interpreted as shrinkages lapproach the
maximization of the posterior probability in Equation (81by a basic gradient
method. The partial derivative of the objective functiothwiespect tes equals:

I m
%Z(S\C) _ % Y auloc— 3 aus] + G's) (14.11)

This derivative actually contains the prediction errogs- 3" ; ais of the lower-
level activitiesck, and no other information on theg. Thus, if the higher level imple-
ments a gradient descent method to infer the most likglthe information which

it needs from the lower level can be conveyed by sending thesdiction errors
(multiplied by the weightsy; which can be considered as feedforward connection
weights).

The main difference between predictive coding and the geiver modelling
framework may thus be small from the viewpoint of statidticderence. The es-
sential difference is in the interpretation of how the ahstiguantities are computed
and coded in the cortex. In the predictive modelling frameit is assumed that
the prediction errorsx — S ; s are actually the activities (firing rates) of the
neurons on the lower level. This is a strong departure froenftamework used in
this book, where the, are considered as the activities of the neurons. Which one
of these interpretations is closer to the neural realityni®pen question which has
inspired some experimental work, see (Murray et al, 200@n&hing like a syn-
thesis of these views is to posit that there are two diffekémis of neurons, each
sending one of these signals (Roelfsema et al, 2002).

14.4 Conclusion

In this chapter, we have shown that, in contrast to the ingivesone might get from
preceding chapters, current models of natural images dratradl bound to a strict
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feed-forward thinking which neglects top-down influencelit® on the contrary,
Bayesian inference in these models leads to different kifateral interactions and
feedback from higher cortical areas.

We have barely scratched the surface here. In many cases wi@nections be-
tween latent variables and images are not completely déeietio and one-to-one
in both directions, such phenomena emerge. For exampléwthayer generative
model in Section 11.8 would also give rise to such phenomirtiae latent vari-
ables are properly inferred from the input stimuli, someiasting dynamics might
emerge.

Another very important case is contour integration by kalténorizontal) connec-
tions between simple or complex cells. Basic dependeneiweden cells signalling
contours which are typically part of a longer contour werénped out in (Kriger,
1998; Geisler et al, 2001; Sigman et al, 2001; Elder and Golgl2002). Proba-
bilistic models incorporating horizontal connections bafound in (Garrigues and
Olshausen, 2008; Osindero and Hinton, 2008).

A very deep question related to feedback concerns the vényititen of natural
images. Any sufficiently sophisticated organism has awvaatiechanism, related to
attention, which selects what kind of information it re@s\by its sensory organs.
This introduces a complicated feedback loop between pgocegnd action. It has
been pointed out that the statistics in those image partshtchwpeople attend, or
direct their gaze, are different from the overall statstiReinagel and Zador, 1999;
Krieger et al, 2000); see (Henderson, 2003) for a review. imf@ications of this
difference can be quite deep. A related line of work considentours labelled by
human subjects in natural images (Martin et al, 2004).
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Time, colour and stereo






Chapter 15
Colour and stereo images

In this chapter, we show how we can model some other visuahiitiss, colour and
stereopsis using ICA. We will see that ICA still finds featutkat are quite similar
to those computed in the visual cortex.

15.1 Colour image experiments

In this section, we extend the ICA image model from grey-sgathromatic) to
colour (chromatic) images. Thus, for each pixel we havedtvaues (red, green
and blue), instead of one (grey-scale). The correspondidgrhodel is illustrated
in Figure 15.1. First, we discuss the selection of data, thermnalyse its second-
order statistics and finally show the features found using. IC

‘sl. h—FSz- ‘+...+sn. h

Fig. 15.1: The colour image ICA model. As with grey-scalecpats, we model the data as a linear
combination of feature vector;. Here, each feature vector consists of the three coloureplan
(red, green and blue), shown separately to clearly illtistitae linear model.

1 This chapter was originally published as the article (Haged Hyvarinen, 2000) in Network:
Computation in Neural Systems. CopyrigBt2000 Institute of Physics, used with permission.
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15.1.1 Choice of data

Obviously we should select as input data as “natural” imaggsossible if we wish
to make any connection between our results and propertieswbns in the visual
cortex. When analysing colours, the spectral compositiothe images becomes
important in addition to the spatial structure.

It is clear that the colour content of images varies widelthvihe environment
in which the images are taken. Thus we do not pretend to findesamiversally
optimal features in which to code all natural colour imadgeather, we seek the
general qualitative properties of an ICA model of such insage other words, we
hope to find answers to questions such as: “How are coloursccodusing such
features; separate from, or mixed with achromatic chamielad “What kind of
spatial configuration do colour-coding feature vectorsa?dv

We hope that, as with grey-scale images, the ICA features@réoo sensitive
to the particular choice of colour images, and that our dataalistic enough.

Neurons, of course, receive their information ultimatefynfi the outputs of the
photoreceptors in the retina. Colour vision is made posdity the existence of
photoreceptors called “cones” which come in three typesh ensitive to light
of different wavelengths. Thus our data should consist eftthpothetical outputs
of the three types of cones in response to our images. Howewgrthree linear
combinations of these outputs is just as good an input disiee sve are applying
ICA: Linearly transforming the data transforms the featoratrix A, but does not
alter the independent components.

We choose to use standard red/green/blue (RGB) values ais,jigssuming the
transformation to cone outputs to be roughly linear. This the& advantage that the
features found are directly comparable to features cugréntuse in image pro-
cessing operations such as compression or denoising, amd staightforwardly
be applied in such tasks. The drawback of using RGB valuaspags is of course
that any nonlinearities inherent in the conversion from Ri@Bone responses will
affect the ICA result and a comparison to properties of nesinmay not be war-
ranted. To test the effect of nonlinearities, we have expenited with transforming
the RGB values using the well-known gamma-nonlineariti/cathode ray tubes
used in computer screens. This did not qualitatively chahgeesults, and there-
fore we are confident that our results would be similar if we haed estimated cone
outputs as inputs.

Our main data consists of colour versions of natural scedepigting forest,
wildlife, rocks, etc.) which we have used in previous workwasdl. The data is in
the form of 20 RGB images (of size 384256-pixels) in standard TIFF format.

2 The gamma-nonlinearity is the most significant nonlingasitthe CRT monitor. After gamma-
correction the transform from RGB to cone responses is rigugtear; see the appendix in (Wan-
dell, 1995).
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15.1.2 Preprocessing and PCA

From the images, a total of 50,000 12-by-12 pixel image ptetere sampled ran-
domly. Since each channel yields 144 pixels, the dimen§tgmeas now 3x 144=
432. Next, the mean value of each variable (pixel/colour)peas subtracted from
that component, centering the dataset on the origin. Natettie DC component
was not subtracted.

Then, we calculated the covariance matrix and its eigenvecivhich gave us
the principal components. These are shown in Figure 15.2.€igenvectors con-
sist of global features, resembling 2D Fourier feature® \fdriance decreases with
increasing spatial frequency, and when going from greyesta blue/yellow to
red/green featuresThese results were established by (Ruderman et al, 1998) who
used hyperspectral images (i.e. data with many more thatitae spectral compo-
nent in RGB data) as their original input data.

To analyze the colour content of the PCA filters in more detad will show
the pixels of a few filters plotted in a coloured hexagon. Intipalar, each pixel
(RGB-triplet) is projected onto a plane given by

R+ G+ B = constant (15.1)

In other words, the luminance is ignored, and only the colmntent is used in
the display. Figure 15.3 shows the colours in this hexagate lthat this is a very
simple 2D projection of the RGB colour cube and should naaly be compared
to any neural or psychophysical colour representations.

Figure 15.4 shows a bright/dark filter (no. 3), a blue/yellblter (no. 15), a
red/green filter (no. 432, the last one), and a mixture (ng. BIbst filters are in-
deed exclusively opponent colours, as was found in (Rudemhal, 1998). How-
ever, there are also some mixtures of these in the transitioas of main opponent
colours.

As described earlier, we project the data onto nhfast principal components
before whitening (we have experimented with- 100, 160, 200, and 250). As can
be seen from Figure 15.2, dropping the dimension mostlyadiscblue/yellow fea-
tures of high spatial frequency and red/green features dfitmeto high frequency.
This already gives a hint as to why the blue/yellow and thégmeen systems have
a much lower resolution than the bright/dark system, as leas lobserved in psy-
chophysical experiments (Mullen, 1985).

15.1.3 ICA results and discussion

The feature vector8; estimated by ICA are shown in Figure 15.5. Examining Fig-
ure 15.5 closely reveals that the features found are veriasito earlier results on

3 It should be noted that chromatic aberration in the eye migive an effect of additionally
reducing signal energy at high spatial frequencies.
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Fig. 15.2: PCA features of colour images. These are the eggtors of the covariance matrix of
the data, from left-to-right and top-to-bottom in order etdeasing corresponding eigenvalues. As
explained in the main text, we projected the data on the f@8tgincipal components (top 8 rows)
before performing ICA.

grey-scale image data, i.e. the features resemble Gabotidms. Note that most
units are (mainly) achromatic, so they only represent lirighs (luminance) vari-
ations. This is in agreement with the finding that a large pathe neurons in the
primary visual cortex seem to respond equally well to défercoloured stimuli, i.e.
are not selective to colour (Hubel and Wiesel, 1968; Livings and Hubel, 1984).
In addition, there is a small number of red/green and bldetydeatures. These are
also oriented, but of much lower spatial frequency, simibethe grey-scale features
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Fig. 15.3: The colour hexagon used for analyzing the colouatent of the PCA and ICA features.
The hexagon is the projection of the RGB cube onto a plan@gaal to the luminance+ G+

B) vector. Thus achromatic RGB triplets map to the center efttbxagon while highly saturated
ones are projected close to the edges.

Fig. 15.4: Colour content of four PCA filters. From left to iy Component no. 3, 15, 432, and
67. All pixels of each filter have been projected onto the golexagon shown in Figure 15.3. See
main text for a discussion of the results.

g
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Fig. 15.5: ICA features of colour images. Each patch coordp to one featurd;. Note that
each feature is equally well represented by its negatiensivitching each pixel to its opponent
colour in any one patch is equivalent to changing the sigm ehd does not change the ICA model
(assuming components with symmetric distributions).
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of lowest frequency. One could think that the low frequerestéires together form
a “colour” (including brightness) system, and the highgfrency grey-scale fea-
tures a channel analysing form. Also note that the averalgeic(DC-value) of the
patches is represented by 3 separate feature vectorsgsjtist @average brightness
in an ICA decomposition of grey-scale images is usually sgparom the other
feature vectors.

We now show typical ICA features plotted in the colour-hexa@rigure 15.6),
as we did with the PCA features. The figure shows a bright/deakure, a blue-
yellow feature, and a red/green feature. There were no ‘tmed’ of the type seen
for PCA,; in other words each feature clearly belonged to dribese groups. (Note
that the bright/dark features also contained blue/yellma tjuite small degree.)

Fig. 15.6: Colour content of three ICA filters, projected mthe colour hexagon of Figure 15.3.
From left to right: no. 24, 82, and 12.

The dominance of bright/dark features is largely due to fih@edsion reduction
performed while whitening. To test the dependence of theggizes on the value
of n used, we estimated the ICA features for different values ahd counted the
group sizes in each case. The results can be seen in FigureCl&arly, whem is
increased, the proportion of colour-selective units inases. However, even in the
case of keeping over half of the dimensions of the originalcep = 250), the
bright/dark features still make up over 60% of all units.

Another thing to note is that each ICA feature is “double-@pgnt”; For blue-
yellow features stimulating with a blue spot always givesogposite sign in the
response compared to stimulating with a yellow spot. Regfgrand bright/dark
features behave similarly. This is in fact a direct consegeeof the linear ICA
model. It would be impossible to have completely linearf#tinction in any other
way.

Although early results (Livingstone and Hubel, 1984) on tiheomatic prop-
erties of neurons suggested that most colour-sensitile w&lre unoriented, and
exhibited center-surround receptive fields, more recantiss have indicated that
there are also oriented colour-selective neurons (Ts'oGittgert, 1988). The fact
that our colour features are mostly oriented is thus at iegsartial agreement with
neurophysiological data.
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Fig. 15.7: Percentages of achromatic, blue/yellow, antgredn feature vectors for different num-
bers of retained PCA components (100, 160, 200 and 250)a(ih ease, the three features giving
the mean colour have been left out of this count.)

In any case, there is some agreement that most neurons aeleactive to
chromatic contrast, rather are more concerned about lumaéHubel and Wiesel,
1968; Livingstone and Hubel, 1984; Ts'o and Roe, 1995). @sidis in agreement
with these findings. In addition, the cytochrome oxidasebblavhich have been
linked to colour processing (Livingstone and Hubel, 1984yéhalso been associ-
ated with low spatial frequency tuning (Tootell et al, 1988pham et al, 1997). In
other words, colour selective cells should be expected ttwbed to lower spatial
frequencies. This is also seen in our features.

As stated earlier, we do not pretend that our main image sepigsentative of
all natural environments. To check that the results obthd®not vary wildly with
the image set used, we have performed the same experimeatsotimer dataset:
single-eye colour versions of the 11 stereo images destiib8ection 15.2.1. The
found ICA features (not shown) are in most aspects quitelairto that shown in
Figure 15.5: Features are divided into bright/dark, blefiéyv and red/green chan-
nels, of which the bright/dark group is the largest, coritajriGabor-like filters of
mostly higher frequency than the features coding colouns. Main differences are
that (a) there is a slightly higher proportion of colour-caglunits, and (b) the oppo-
nent colours they code are slightly shifted in colour spasmfthose found from our
main data. In other words, the qualitative aspects, ansgejiiestions such as those
proposed in Section 15.1.1, are quite similar. Howeverntjtative differences do
exist.
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15.2 Stereo image experiments

Another interesting extension of the basic grey-scale e@f\ model can be made
by modelling stereopsis, which means the extraction of ldépformation from
binocular disparity. (Binocular disparity refers to thdfelience in image location
of an object seen by the left and right eyes, resulting froeretyes’ horizontal sepa-
ration.) Now, our artificial neurons are attempting to letira dependencies of cor-
responding patches from natural stereo images. The mosdlbisn in Figure 15.8.

15.2.1 Choice of data

Again, the choice of data is an important step for us to gdistearesults. Different

approaches are possible here. In some early work, a binoouleelation function

was estimated from actual stereo image data, and subsggaeatysed (Li and

Atick, 1994). In addition, at least one investigation ofeptive field development
used artificially generated disparity from monocular ima¢@houval et al, 1996).
Here, we have chosen to use 11 images from a commercial totleaf stereo

images of natural scenes; a typical image is given in Fig&r8.1

To simulate the workings of the eyes, we selected 5 focugpatrandom from
each image and estimated the disparities at these pointhaNeandomly sampled
16 x 16-pixel corresponding image patches in an area 03800 pixels centered
on each focus point, obtaining a total of 50,000 samplesa®z of the local fluctu-
ations in disparity (due to the 3D imaging geometry) coroggping image patches
often contained similar, but horizontally shifted featrthis is of course the basis
of stereopsis.

Note that in reality the “sampling” is quite different. Eaghuron sees a certain
area of the visual field which is relatively constant withpest to the focus point.
Thus a more realistic sampling would be to randomly sele¢d@D focus points
and from each take corresponding image patches at somegivstant positional
offset. However, the binocular matching is computatignslibw and we thus opted
for the easier approach, which should give the same disioibof disparities.

duil :Sl‘=+32' + 4 Sy .

Fig. 15.8: The ICA model for corresponding stereo imagelpegcThe top row contains the patches
from left-eye image and the bottom row corresponding patdtem the right-eye image. Just as
for grey-scale and colour patches, we model the data asar laoenbination of feature vectors
with independent coefficients.
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Fig. 15.9: One of the stereo images used in the experimehtsléit image should be seen with
the left eye, and the right image with the right eye (so-chilacrossed viewing).

15.2.2 Preprocessing and PCA

The same kind of preprocessing was used in these experirasrite' colour, in
Section 15.1. Since each sample consisted of correspoledirand right 16x 16-
patches our original data was 512-dimensional. First, teamwas removed from
each variable, to center the data on the origin. Next, weutatied the covariance
matrix of the data, and its eigenvalue decomposition. Ireoribt to waste space,
we show here (in Figure 15.10) the principal components feinalow size of 8< 8
pixels (the result for 16 16 is qualitatively very similar).

The most significant feature is that the principal composeme roughly or-
dered according to spatial frequency, just as in PCA on stah@inonocular) image
patches. However, in addition early components (low spatguency) are more
binocular than late ones (high frequency). Also note thabbular components gen-
erally consist of features of identical or opposite phaséss is in agreement with
the binocular correlation function described in (Li anddkii 1994).

As before, we select the first 160 principal components fothir analysis by
ICA. Again, this is plausible as a coding strategy for nestdiut is mainly done to
lower the computational expenses and thus running time amdary consumption.
Due to the structure of the covariance matrix, dropping theedision to 160 is
similar to low-pass filtering.
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Fig. 15.10: PCA features of stereo images, i.e. the eigeéoreof the covariance matrix of the
data, from left-to-right and top-to-bottom in order of deasing corresponding eigenvalues. See
main text for discussion.

15.2.3 ICA results and discussion

Figure 15.11 shows the estimated ICA feature vectpr&ach pair of patches rep-
resents one feature. First, note that pairs have varyingegsgf binocularity. Many

of our “model neurons” respond equally well to stimulationrh both eyes, but
there are also many which respond much better to stimulaticane eye than to

stimulation of the other. This is shown quantitatively igfie 15.12, which gives
an “ocular-dominance” histogram of the features. Oculamith@nce thus means
whether the neuron prefers input from one of the eyes (mdaogcar combines

information from both eyes (binocular).

The histogram depends strongly on the area of the samplmgndrthe focus
points (which in these experiments was 30800 pixels). Sampling a smaller area
implies that the correlation between the patches is highdralarger number of
features fall into the middle bin of the histogram. In thedfyve chose to sample
only exactly at the fixation point, we would obtain (ignorifagitors such as occlu-
sion) identical left-right image patches; this would inrtumake all feature vectors
completely binocular with identical left-right patches, there would be no signal
variance in the other directions of the data space. On ther dtAnd, sampling a
larger area leads to a spreading of the histogram towardsdfe bins. As the area
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Fig. 15.11: ICA of stereo images. Each pair of patches reptssone feature vect@. Note the
similarity of these features to those obtained from stahdlmage data (Figure 7.3 on page 169).
In addition, these exhibit various degrees of binoculaaitg varying relative positions and phases.

gets larger, the dependencies between the left and rigbh@siget weaker. In the
limit of unrelated left and right windows, all features faito bins 1 and 7 of the
histogram. This was confirmed in experiments (results nowvst).

Taking a closer look at the binocular pairs reveals that fostpairs the left
patch is similar to the right patch both in orientation andtsd frequency. The po-
sitions of the features inside the patches are close, whiedemtical. In some pairs
the phases are very similar, while in others they are quftergint, even completely
opposite. These properties make the features sensitivifécetht degrees of binoc-
ular disparity. Identical left-right receptive fields matke feature most responsive
to zero disparity, while receptive fields that are identmeadept for a phase reversal
show strong inhibition (a response smaller than the “bas#-response given by
an optimal monocular stimulus) to zero disparity.

To analyse the disparity tuning we first estimated several b@ses using dif-
ferent random number seeds. We then selected only relativgh frequency, well
localized, binocular features which had a clear Gabor fitarcture. This was nec-
essary because filters of low spatial frequency were notliysuall confined within
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the patch and thus cannot be analysed as complete neurgtived@elds. The set
of selected feature vectors is shown in Figure 15.13.

80

60|

401

20}
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Fig. 15.12: Ocular dominance histogram of the ICA featur€er each pair, we cal-

culated the value of([/Alf| — AT™))/(|A€f| + |A€f|), and used the bin boundaries
[-0.85,—0.5,—0.15,0.15,0.5,0.85] as suggested in (Shouval et al., 1996). Although many units
where quite monocular (as can be seen from Figure 15.11)nits fell into bins 1 or 7. This
histogram is quite dependent on the sampling window arow@didin points, as discussed in the
main text.
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Fig. 15.13: Units selected for disparity tuning analysibe3e were selected from bases such as
the one in Figure 15.11 on the basis of binocularity, fre@yesontent and localization (only well-
localized Gabor filters were suitable for further analysis)
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For each stereo pair, we presented an identical stimulu#fatent disparities
to both the left and right parts of the filter correspondingtte pair. For each dis-
parity, the maximum over translations was taken as the respof the pair at that
disparity. This gave a disparity tuning curve. For stimudi used the feature vectors
themselves, first presenting the left patch of the pair ttn Beyes”, then the right.
The tuning curves were usually remarkably similar, and vk tihe mean of these
as the final curve.

We then classified each curve as belonging to one of the typesd excitatory”,
“tuned inhibitory”, “near”, or “far”, which have been ideified in physiological ex-
periments (Poggio and Fischer, 1977; Fischer and Krugéi9;11%Vay and \oigt,
1988). Tuned excitatory units showed a strong peak at zeuglly with smaller
inhibition at either side. Tuned inhibitory units on the etfhand showed a marked
inhibition (cancelling) at zero disparity, with excitatiat small positive or nega-
tive disparities. Features classified as “near” showedar glesitive peak at crossed
(positive) disparity while those grouped as “far” a peakdocrossed (negative) dis-
parity. Some tuning curves that did not clearly fit any of thekasses were grouped
into “others”.

In Figure 15.14 we give one example from each class. Showiharéeature
vectors and the corresponding tuning curves. It is fairlyye®@ see how the orga-
nization of the patches gives the tuning curves. The tunedadary (top) unit has
almost identical left-right profiles and thus shows a strgngference for stimuli
at zero disparities. The tuned inhibitory (second) unit hearly opposite polarity
patches which implies strong inhibition at zero dispafiiye near (third) unit’s right
receptive field is slightly shifted (positional offset) teetleft compared with the left
field, giving it a positive preferred disparity. On the ottend, the far unit (bottom)
has an opposite positional offset and thus responds besttatine disparities.

Figure 15.15 shows the relative number of units in the défféiclasses. Note that
the most common classes are “tuned excitatory” and “neant @ould perhaps
have expected a greater dominance of the tuned excitat@nytbe other groups.
The relative number of tuned vs. untuned units probably deépéo a great deal on
the performance of the disparity estimation algorithm ia #ampling procedure.
We suspect that with a more sophisticated algorithm (we higeel a very simple
window-matching technique) one would get a larger numbeiuoéd cells. The
clear asymmetry between the “near” and “far” groups is pkdpdue to the much
larger range of possible disparities for near than for fangti: Disparities for ob-
jects closer than fixation can in principle grow arbitraldyge whereas disparities
for far objects are limited (Barlow et al, 1967).

It is important to note that completely linear units (simpklls) cannot have
very selective disparity tuning. Also, since the dispatitying curves vary with the
stimulus, the concept “disparity tuning curve” is not verglixdefined (Zhu and
Qian, 1996). However, disparity tuning is still measuradelong as one keeps in
mind that the curve depends on the stimulus. Our tuning cuave “simulations” of
experiments where a moving stimulus is swept across thetigedield at differ-
ent binocular disparities, and the responses of the nearguéstion is measured.
As such, it is appropriate to use the estimated feature &et® input. To obtain
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Fig. 15.14: Disparity tuning curves for units belonging tffetent classes. Top row: A “tuned
excitatory” unit (no. 4 in Figure 15.13). Second row: a “tdniehibitory” unit (12). Third row:
a “near” unit (38). Bottom row: a “far” unit (47). Crossed parity (“near”) is labelled positive
and uncrossed (“far”) negative in the figures. The horizbdtdted line gives the “base-line” re-
sponse (the optimal response to one-eye only) and the akdititted line the position of maximum
deviation from that response.

stimulus-invariant disparity tuning curves (as well as emcomplex binocular inter-
actions than those seen here) one would need to model nan{zemplex) cells.
Overall, the properties of the found features corresporigquell to those of re-

ceptive fields measured for neurons in the visual cortex.féhtures show varying
degrees of ocular dominance, just as neuronal receptidsfiglubel and Wiesel,
1962). Binocular units have interocularly matched origotes and spatial frequen-
cies, as has been observed for real binocular neurons (Bkarid Freeman, 1984).
It is easy by visual inspection to see that there exist ba#ratular position and
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Fig. 15.15: Disparity tuning histogram. The histogram sbake relative amounts of “tuned exci-
tatory” (44), “near” (44), “far” (17) units (in black) and tined inhibitory” units (25) in white. Not
shown are those which did not clearly fit into any of thesegates (15).

phase differences, which seems to be the case for receptigs &f cortical neurons
(Anzai et al, 1999a). Finally, simulated disparity tuning\ees of the found features
are also similar to tuning curves measured in physiologigperiments (Poggio and
Fischer, 1977).

15.3 Further references

15.3.1 Colour and stereo images

Work concerning the second-order statistics of colounidel(Atick et al, 1992; van
Hateren, 1993; Ruderman et al, 1998). In addition, coloimedt was used in (Bar-
row et al, 1996) to emerge a topographic map of receptivediédgain, that work
basically concerns only the second-order structure of tta,das the correlation-
based learning used relies only on this information. Agglan of ICA on colour
images has been reported in (Hoyer and Hyvarinen, 2000htdaicet al, 2001;
Doi et al, 2003; Caywood et al, 2004; Wachtler et al, 2007)ateel work on LGN
neurons can be found in (Mante et al, 2005).

In addition to learning chromatic receptive fields, it iscafgssible to investigate
the statistical properties of the chromatic spectra if Engxels (Wachtler et al,
2001). That is, one measures the spectral content of simgspwith a high reso-
lution which gives more than the conventional three dimemsi This can shed light
on the optimality of the three-cone dimensionality reduetised in the retina.

Emerging receptive fields from stereo input has been coreide (Li and Atick,
1994; Shouval et al, 1996; Erwin and Miller, 1996, 1998). Aishveolour, most
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studies have explicitly or implicitly used only second-erdtatistics (Li and Atick,

1994; Erwin and Miller, 1996, 1998). The exception is (Shalwet al, 1996) which

used the BCM learning rule (Bienenstock et al, 1982) whichtigoe of projection

pursuit learning closely linked to ICA. The main differertsetween their work and
the one reported in this chapter is that here we use data fobualestereo images
whereas they used horizontally shifted (misaligned) dedenfregular images. In
addition, we estimate a complete basis for the data, whénegstudied only single
receptive fields.

15.3.2 Other modalities, including audition

Further investigations into the statistical structure thfes sensory modalities have
been made especially in the context of audition, in which IgGélds interesting
receptive fields whether applied on raw audio data (Bell appgh@vski, 1996;
Lewicki, 2002; Cavaco and Lewicki, 2007) or spectrogramgeifKet al, 2003).
See also (Schwartz et al, 2003) for work related to musicqpron, and (Schwartz
and Simoncelli, 2001b) for work on divisive normalizatiar Buditory signals.

Further topics which have been addressed using the statistructure of the
ecologically valid environment include visual space (Yamgl Purves, 2003), so-
matosensory system (Hafner et al, 2003), and place cetisntZ and Buzsaki,
2000). Motion in image sequences is considered in Sectidh 16

For some work on multimodal integration and natural imagéstics, see (Hurri,
2006; Kruger and Worgotter, 2002) (the latter is on imagguences). An image-
processing application combining spatial, temporal, dwdmatic information is in
(Bergner and Drew, 2005).

15.4 Conclusion

In this chapter, we have investigated the use of indepermenponent analysis for
decomposing natural colour and stereo images. ICA appiedibur images yields
features which resemble Gabor functions, with most featahromatic, and the
rest red/green- or blue/yellow-opponent. When ICA is agplon stereo images
we obtain feature pairs which exhibit various degrees ofaradominance and are
tuned to various disparities. Thus, ICA seems to be a plusibdel also for these
modalities and not just grey-scale images.



Chapter 16
Temporal sequences of natural images

Up to this point this book has been concerned with staticrahimages. However,
in natural environments the scene changes over time. Iriaddihe observer may
move, or the observer may move its eyes. Temporal sequefcegwal images,

temporal properties of the visual system, and temporal hsaxfg@rocessing are the
topics of this chapter.

16.1 Natural image sequences and spatiotemporal filtering

Fig. 16.1: An example of an image sequence (van Hateren addrRan, 1998) with 5 frames.
Here time proceeds from left to right.

In digital systems, dynamical (time-varying) images ateioprocessed asmage
sequencesvhich consist oframes each frame being one static image. Figure 16.1
shows an example of an image sequence with lateral camerament.

Previous chapters have made clear the importance of linmaators as tools and
models in image processing. In the case of image sequenagetdattundamental
linear operation ispatiotemporal linear filteringwhich is a straightforward exten-
sion of the spatial linear filtering discussed in Chapter @nember that in spatial
linear filtering a two-dimensional filter is slid across thmeage, and the output is
formed by computing a weighted sum of the pixels in the aretheffilter, with
the weights given by the elements of the filter. In spatioteraplinear filtering, a

337
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three-dimensiondilter is slid across the image sequence, and the outputrisedr
by computing a weighted sum of the pixels in the spatiotemipanea of the filter,
with the weights given by the elements of the filter.

Mathematically, leiV(x,y,t) denote the filter weights x,y,t) denote the input
image sequence, ard(x,y,t) denote the output image sequence. The indisx
time. Then linear spatiotemporal filtering is given by

00 (o)

O(Xayat): Z Z Z W(X*vy*vt*)l(X+X*ay+y*7t+t*)7 (161)

Xe=—00Y,=—00t, =—

where the upper and lower limits of the sums are in practitaatons finite. Typ-
ically only filters which do not use future time points are dismathematically we
will denote thiscausalityrestriction byW(x,y,t) = 0 whent > 0.

The concepts of frequency-based representations, pessrbection 2.2 (p. 29)
are applicable also in the three-dimensional, spatioteaipzase. An image se-
guence can be represented as a sum of spatiotemporal siabsomponents

GV =5 Y S Aacay.a COS( WX+ @Y + @t + Py ) (16.2)
o @ ‘@

wherewy and wy, are spatial frequencies and is a temporal frequency, w,.w
is the amplitude associated with the frequency triple, dlge, « is the phase
of the frequency triple. You may want to compare EquationZ}1@ith its spatial
counterpart, Equation (2.9) on page 33. A spatiotempona@ation operation is
defined by

[oe] [oe]

Hxyxxyt)= 5 5 5 Tx=Xoy=y,t=tHx Yy, t), (16.3)

szmwzfmh —

whereH (x,y,t) is the impulse response, which has a straightforward oelatiip
with the linear filte\W(x, y,t)

H(x,y,t) =W(—x,—y, —t). (16.4)

This impulse response has a complex-valued three-dimeaisaiscrete Fourier
transformH (u, v, w), the magnitude of which reveals the amplitude response of the
filter, and the angle reveals the phase response.

16.2 Temporal and spatiotemporal receptive fields

With the inclusion of time, we get two new kinds of receptivedi:spatiotemporal
andtemporal these are illustrated in Figure 16.2 in the case of a neuan the
lateral geniculate nucleus. A spatiotemporal receptive ¥¥(x,y,t) (Figure 16.2a)
corresponds to a causal spatiotemporal filter: it definessmlimodel that relates the
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Fig. 16.2: Spatiotemporal and temporal receptive fields néaron in the lateral geniculate nu-
cleus (LGN), estimated from measurement data from the mewp A spatiotemporal recep-
tive field W(x,y,t), the equivalent of a causal linear spatiotemporal filbgrA two-dimensional
visualization of the RF in a), obtained by summing the spatiporal RF along thg-axis:
W(xt) =3 ,W(xY,t). c) Atemporal receptive field, which is a single time-slice of #patiotem-
poral RF:W(t) = W (Xconst Yeonst t). For the description of the original measurement data and its
source see (Dayan and Abbott, 2001; Kara et al, 2000).

history of all pixels in the image sequence to the output oéaran. These inher-
ently three-dimensional spatiotemporal receptive fielésadten visualized in two
dimensions with one spatial dimension and a temporal dimeig(x,t) by taking
either a slice at wherg is constanty = Yeons) O Summing over thg-dimension
(Figure 16.2b): A temporal receptive field (Figure 16.2c) is the time courba o
single spatial location in a spatiotemporal receptive fiélt) = W (Xconst Yeonss t)-

It defines a linear model that relates the history of a singtelpo the output of a
neuron.

Spatiotemporal receptive fields are divided into two qadliely different types
based on whether or not they can be described as a cascadeadithand a tempo-
ral filtering operation. In the case where this is possilile, dpatiotemporal filter is
called is calledspace-time separahleéet us denote again the output of the filtering
by O(x,y,t), the spatial filter by\spaf X, y) and the temporal filter bWemp(t). Then,
the cascade can be combined into a single spatiotempoealdgtfollows:

1 When the RF is selective to a certain spatial orientatiomefstimulus, this visualization can be
improved by rotating the RF spatially so that the preferredrgation becomes theaxis.
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0 0

O(X7y7t): z z Wspat(x*,y* z \Mempt*) (X+X*7y+y*7t+t*)

Xy =—00 Y, =—00 ti=—o0
9 3

= z z z Wepad X , Y )Mbemp(t ) | (X4 Xe, Y + Y, t 1) (16.5)

Xy =—00 y*=—oot*=—oo
=W(Xs Y ts)

z W (X, Vi, b )T (X4 X, Y+ Vi, E 1)

Thus, the spatiotemporal filter is obtained as a product efsiatial and temporal
parts as

W(X,y,t) = Wepal X, ) Wemp(t) (16.6)

By changing the ordering of the sums in Equation (16.5) itasyeto see that in
the space-time separable case, the order in which the kpatahe temporal fil-

tering are done is irrelevant. A spatiotemporal receptigklfthat is not space-time
separable is callespbace-time inseparahle

a) b)
(xy) Wiemp®

spat

0.8

0.6

0.4

0.2

=50 -100 -150 -200
t(ms)

-15.6 -31.2 -46.8 -62.4 -78.0 -93.6 -109.2 -124.8 -1404 -156.0 -1716

Fig. 16.3: A space-time-separable representation of tladictpmporal RF of Figure 16.2),

b) The optimal spatial RFNspa(X,y) and temporal RPMemp(t), estimated using the sep-
arability conditionW(x,y,t) = Wspa(X, Y)Wemp(t). ) The resulting space-time-separable RF
Wspat X, Y)Wemp(t); comparison of this with Figure 16.2a) demonstrates thelgoatch provided
by the separable model for this neuron.

The spatiotemporal receptive field shown in Figure 16.2 raximately space-
time separable: Figure 16.3 shows the decomposition ofebeptive field into the
spatial part and the temporal part, and the resulting spatw-separable approxi-
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mation? This suggests that the linear model of the neuron can beetivitto a spa-

tial filter and a temporal filter. Intuitively speaking, sgatime separability means
that the RF does not contain anything that “moves” from ore@lto another, be-
cause the spatial profile is all the time in the same place: imimagnitude (and

possibly sign) changes.

16.3 Second-order statistics

16.3.1 Average spatiotemporal power spectrum

Now, we begin the investigation of the statistical struetof natural image se-
guences by characterizing the spatiotemporal correlstimtween two pixels in
an image sequence. As was discussed in Section 5.6 on p. ddéracterization of
the average power spectrum is equivalent to an examinafitrese second-order
statistics. Therefore, following (Dong and Atick, 1995a§ proceed to analyze the
average spatiotemporal power spectrum of natural imageesees.

The natural image sequences used as data were a subseteofifambin (van
Hateren and Ruderman, 1998). The original data set cod:$®16 monochrome,
non-calibrated video clips of 192 seconds each, taken fedavision broadcasts.
More than half of the videos feature wildlife, the rest shaavious topics such as
sports and movies. Sampling frequency in the data is 25 fsgpee second, and
each frame had been block-averaged to a resolution ofx1P33 pixels. For our
experiments this data set was pruned to remove the effeairmbh-made objects
and artifacts. First, many of the videos feature human-noe&gicts, such as houses,
furniture etc. Such videos were removed from the data savirg us with 129
videos. Some of these 129 videos had been grabbed fromsieleairoadcasts so
that there was a wide black bar with height 15 pixels at theofaggach image, prob-
ably because the original broadcast had been in wide scogsrat. Our sampling
procedure never took samples from this topmost part of theas.

The results of this section are based on the following prosed\e first took
10,000 samples of size 6464 x 64 = Ax x Ay x At from the natural image se-
qguence. We then computed the spatiotemporal power speafwrach of these
samples by computing the squared amplitudes of three-diimieal discrete Fourier
transform of the sample. These power spectra were averagadbt of the sam-
ples to obtain the average power spectrRfuy, wy, w). Image data is often as-
sumed to be approximately rotationally invariant (isotmsee Section 5.7), so
a two-dimensional average power spectrum was computed ascidn of spa-

tial frequencyws = / w¢ + wg? by averaging over all spatial orientations, yielding
R(ws, w).

2 The decomposition has been obtained by minimizing the sguauclidean distance between the
original RF and its space-time-separable version. Thisbeasolved by employing the singular-
value decomposition approximation of matrices.
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Fig. 16.4: One-dimensional slices of the two-dimensionarage spatiotemporal power spectrum
R(ws, ax) of natural image sequences. Plots in whicha is held constantb) Plots in whichcs
is held constant.
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Fig. 16.5: The average spatiotemporal power spectrum afralaimage sequencd®(ws, w) is
not well approximated by a space-time separd®jew)R; (). These plots show the observed
curves plotted in Figure 16.4 along with plots from the besgiasable spatiotemporal spectrum
(here “best” is defined by minimal least mean square disyaite uppermost curves contain both
the observed and best separated curves on almost exactip ofi¢ach other, which shows that in
the case of the lowest frequencies, the approximation is geod.

One way to visualize the resulting two-dimensional funefRics, ) is to plot
curves of the function while keeping one of the variablefixéhis has been done in
Figures 16.4a) and b), keeping constant in the former ands in the latter. In order
to analyze the form of this power spectrum in more detail, cenefirst fit a space-
time separable power spectrufg(ws)R:(w); the best fit (in terms of least mean
square) is visualized in Figure 16.5 in similar plots as ¢hiosFigures 16.4, but this
time plotting curves from both the observed and the bestestiate separable power
spectrum. As can be seen, at higher frequencies the besabé&ppower spectrum
provides a relatively poor match to the observed one.
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Fig. 16.6: In the frequency-based representation ofstespace, the direction of the frequency
vectorw = [ cq]T is equivalent to the speed of the pixels of a moving spat&iigg in the image
sequence. This is illustrated here for two differéat, w )-pairs (a, b), for which the frequency-
based representation is shown on the left, andstheepresentation on the right. One can see that
the pixels in the spatial gratings move with the same speedxample, looking at the pixel which
starts at the corner positidis,t) = (64, 1), it can be seen that in both cases (a, b), the pixel moves
across the whole image when timeuns from 1 to 64, indicating similar speed of movement.

In order to proceed to a more accurate model of the spatiaiesmhpower spec-
trum of natural image sequences, let us reconsider the drexyurepresentation
of the st-space. Referring to our presentation of the two-dimerairequency-
based representation in Section 2.2.2 — in particular, Bped-2.5 on page 32 — let
W= [ oq]T . The vectorw has two important properties: direction and magnitude
(length). Now consider the direction of the vector. In theeaf a two-dimensional
spatial frequency-based representation, the directicth@fector]wy wy]T deter-
mines the spatial orientation of the sinusoidal in tkg-space. Analogously, in the
spatiotemporal case, the direction of the veator= [ws ] determines the ori-
entation of the sinusoidal in theet-space. We are able to provide a more intuitive
interpretation for orientation in the-t-space: it is thespeedof the spatial pattern
that is moving. Figure 16.6 illustrates this. Points in the, w )-space that have the
same speed (direction) lie on a ling = cws, wherec is a constant. Therefore, the
set of(ws, wr )-points have the same speed whgn= constant

It was observed by Dong and Atick (1995b) that the power spethas a par-
ticularly simple form as a function of spatial frequenay when the spee@j—s is
held constant. Figure 16.7a) shows plot&R0éus, cr ) as a function of spatialy for
different constant values of spegfl. As can be seen, in this log-log-plot all the
curves are similar to straight lines with the same slope [iftgrént intercepts for
different values o%s. Denoting the common slope bya, a > 0, and the intercepts

by b (%) , this suggests that
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Fig. 16.7: The average spatiotemporal power spectRims, «x) of natural image sequences can
be separated into functions depending on spatial freques@nd speec&. a) Log-log plots of

R(ws, ) as a function ofws are straight lines, suggesting tHafo, w) ~ w2 f (%) , Where
a> 0andf (%) is a function of speed) A plot of f (%) ~ w'R(ws, ). See text for details.

logR(ws, wt) =~ —angwﬁ—b(%) (16.7)
R(ws, ) ~ w; 2exp {b (%)] (16.8)
—_————
()
~wcdf (&
R(os, ) ~ g °f (a%) : (16.9)

wheref(-) is an unknown function of speed. When an estimate of the sidypas
been computed (e.g., from the data shown in Figure 16.7a@pproximate plot of
function f(-) can be obtained from

f (%) ~ WER(0s, 62); (16.10)

this plot is shown in Figure 16.7b) fer= 3.7.

Dong and Atick (1995a) went two steps further in the charégaéon of R(ws, «).
First, they derived Equation (16.9) from the average powectum of static images
and a model in which objects move with different velocitieslifferent distances.
Second, by assuming a distribution of object velocitiey thlso derived a para-
metric form for functionf(-) which agrees well with the observ&{ows, a) with
reasonable parameter values. See their paper for mordsdetai

The spatiotemporal power spectrum seems to exhibit sonsetaopies (see Sec-
tion 5.7, i.e. itis not the same in all orientations). This @& used to explain some
psychophysical phenomena (Dakin et al, 2005).
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16.3.2 The temporally decorrelating filter

In Section 5.9 (page 126) we saw that the removal of linearetations — that is,
whitening — forms the basis of a model that results in the gerae of spatial
center-surround receptive fields from natural data. In $eistion we apply similar
theory to the case of temporal data and temporal receptids fisee Figure 16.2c on
page 339). We are examining the statistical properties mflptemporal data here,
that is, samples consisting of time courses of individugéls (which are sampled
from different spatial locations in the image sequences).

We proceed similarly as in the spatial case. Réta ) denote the temporal power
spectrum of natural image sequence data (time courses igfdoél pixels). As in
the spatial case, we assume that noise p&ém ) is constant, and given by

Ru() = R‘(‘;@) for all (16.11)

whereaw ¢ is the characteristic frequency at which the data and naise the same
power. As in the spatial case (see Equation (5.49) on page We3efine the am-
plitude response of the filt¢v~\/(cq)| as the product of the amplitude responses of a
whitening filter and a noise-suppressive filter:

1 R(a)—Ri(a)
Ri(a) R(aw)

As was mentioned in Section 5.9, a shortcoming of the delative theory is that
it does not predict the phase response of the filter. Here wethes principle of
minimum energy delayhe phases are specified so that the energy in the impulse
response of the resulting causal filter is delayed the |&&st.phase response of a
minimum energy delay filter is given by thdilbert transformof the logarithm of
the amplitude response; see (Oppenheim and Schafer, 1978fails. After the
amplitude and the phase responses have been defined, therabfiifer itself can
be obtained by taking the inverse Fourier transform.

The filter properties that result from the application of Btjons (16.11) and
(16.12) and the minimum energy delay principle are illusitlain Figure 16.8 for
a characteristic frequency value @t; = 7Hz (the same value was used in (Dong
and Atick, 1995b)). For this experiment, 100,000 signalspzttial size k 1 pixels
and a duration of 64 time points«(2.5s) were sampled from the image sequence
data of van Hateren and Ruderman (1998). The average tehmmovar spectrum
of these signals was then computed and is shown in Figur@)L@.Be squared am-
plitude response of the whitening filter, obtained from Bepra(16.12), is shown in
Figure 16.8b). The power spectrum of the filtered data is shioviFigure 16.8c); it
is approximately flat at lower frequencies and drops off ghHrequencies because
of the higher relative noise power at high frequencies. Hsailting filter is shown
in Figure 16.8d); for comparison, a measured temporal aa@efield of an LGN
neuron is shown in Figure 16.8e). Please observe the diifera the time scales
in Figures 16.8d) and e). Here the match between the tworlfiiesas is only qual-

W(a)| = (16.12)
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Fig. 16.8: The application of the whitening principle, cdamdzl with noise reduction and minimum
energy delay phase response, leads to the emergence of fdgambling the temporal receptive
fields of neurons in the retina and the LG&). The temporal power spectruR («) of natural
image sequence dath) The squared amplitude response of a whitening filter whigipsesses
noise: this curve follows the inverse of the data power spettat low frequencies, but drops off
at high frequencies, because the proportion of noise i®faaghigh frequencies) The power
spectrum of the resulting (filtered) data, showing appratety flat (white) power at low frequen-
cies, and dropping off at high frequenciel. The resulting filter which has been obtained from
the amplitude response in b) and by specifying a minimumggnéelay phase response; see text
for details.e) For comparison, the temporal receptive field of an LGN neuRlease note the
differences in the time scales in d) and e).
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itative; in experimental animals, the latencies of LGN €skkem to vary from tens
to hundreds milliseconds (Saul and Humphrey, 1990). Sirtelaporal processing
properties are often attributed to retinal ganglion cédlleister and Berry 11, 1999),
although Dong and Atick (1995a) argue that the temporaludeegy response of
retinal cells is typically flat when compared with the resg@mf neurons in the
LGN.

Dong and Atick (1995a) proceed by showing that when combimigh basic
neural nonlinearities (rectification), the temporally deelating filter theory yields
response properties that match the timing and phase respooperties of LGN
neurons. For additional experimental evaluation of the ehaate (Dan et al, 1996b).

Here we have used a linear neuron model with a constant fitati¢ receptive
field). In reality the temporal receptive field of a visual neumay change, and this
adaptation may be related to the short-term changes in lstinstatistics (Hosoya
et al, 2005).

16.4 Sparse coding and ICA of natural image sequences

To analyze the spatiotemporal statistics beyond covaemrtbe ICA model can be
applied directly to natural image sequences. Instead dbvigang image patches
(windows), and using them as data in the ICA model, spatipteal image se-
guence blocks can be vectorized to form the datafter a spatiotemporal feature
detector weight vectow or, alternatively, a spatiotemporal feature ve@bias been
learned from the data, it can be visualized as an image sequdter “unvectoriz-
ing” it, just like in the basic spatial case.

Results of estimating spatiotemporal features by ICA aoashn in Figure 16.9.
The data consisted of image sequence blocks of(d4izel 1,9), where the two first
values are in pixels and the third value is in time steps. VWeltwo different sam-
pling rates, 25Hz and 3.125Hz because that parameter haibevnfluence on the
results. The number of spatiotemporal patches was 200a0@he dimension was
reduced by approximately 50% by PCA. The data set was the samélateren
and Ruderman (1998) dataset as used above. FastICA was tha symmetric
mode with nonlinearitg(a) = tanh(a), which corresponds to the familiar log cosh
measure of sparseness (see Section 18.7).

The estimated features shown in Figure 16.9 are spatiallyoGlike, some of
them are separable and other are not. The results cleargndepn the sampling
rate: if the sampling rate is high (a), the features tend tsthtc, i.e., there is hardly
any temporal change. This is intuitively comprehensitfi¢hé time resolution in
the data is too high, there is simply not enough time for aranges to occur. When
the sampling rate is lower (b), there is much more temporahgke in the features.

The results are thus quite well in line with those measuredrigle-cell record-
ings, in e.g. (DeAngelis et al, 1993a,b, 1995).

Further results on estimating spatiotemporal featuregoveobtained by apply-
ing FastiICA to natural image sequence data can be found

at
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http://hl ab. phys. rug. nl /denos/ical/index. htn, and the paper
(van Hateren and Ruderman, 1998).

a) b
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Fig. 16.9: Spatiotemporal features estimated by ICA. Eaghin each display (a or b) corresponds
to one feature vector, i.e. one column of the ma#ixn the ICA model. On a given row, each
frame corresponds to one spatial frame with time index fisedthat time goes from left to right.
Thus, each feature is basically obtained by “playing” tlzfes on one row one after the othe).
Sampling rate 25Hz, i.e., sampled every 40b)sSampling rate 3.125Hz, i.e. sample every 320ms.
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16.5 Temporal coherence in spatial features

16.5.1 Temporal coherence and invariant representation

Our visual environment has inertia: during a short timerivaé the scene we see
tends to remain similar in the sense that the same objecsispar our field of
vision, the lighting conditions usually change slowly efauld our visual system
utilize this property of our environment?

In particular, it has been proposed that those propertieishwbhange more
quickly are often less important for pattern recognitiommeTidentities of the ob-
jects in our visual field change slower than their appearafRoe example, when
you talk with somebody, you see the same face for a long timeitdappearance
undergoes various transformations due to the change iratha £xpression and the
muscle actions related to speech. So, if you consider theseifes which change
the slowest, they might be directly related to the identitthe interlocutor.

Thus, it has been proposed that a good internal represemfati sensory input
would be one that changes slowly. The tel@mporal coherenceefers to a repre-
sentation principle in which, when processing temporalitnghe representation in
the computational system is optimized so that it changelbadysas possible over
time (Hinton, 1989; Foldiak, 1991).

In this section, we will take a look at a model of temporal aeimee which
results in the emergence of simple-cell-like RF’'s from matimage sequence data.
In the next section, this will be extended to a model that leklcomplex-cell-like
behaviour and topographical organization of RF’s.

16.5.2 Quantifying temporal coherence

It has been argued that the neural output in the visual systemaracterized tem-
porally as short, intense firing events, or bursts of spiksr{agel, 2001). Here we
present a model which optimizes a measure of such tempdnarence of activity
levels — or energy — and which, when applied to a set of nainmagje sequences,
leads to the emergence of RF’s which resemble simple-cesl RF

We use a set of spatial feature detectors (weight vectors)., wg to relate in-
put to output. While it may first sound weird to use purely gdaeatures with
spatiotemporal data, this simplification will make bettense below when we in-
troduce the temporal filtering used in preprocessing; thimlzination of temporal
and spatial features is equivalent to space-time sepasphliiotemporal features
(see Section 16.2, page 339). Let vect@r) denote the (preprocessed) input to the
system at time. The output of thekth feature detector at time denoted bys, (t),

is given bys,(t) = wlx(t). Let matrixW = [wi---wk]" denote a matrix with all

3 This section is based on the article (Hurri and HyvarinddQ3) originally published in Neural
Computation. Copyrigh®©)2003 MIT Press, used with permission.
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the feature detector weights as rows. Then the input-ougationship can be ex-
pressed in vector form bg(t) = Wx (t), where vectos(t) = [s;(t)- --sK(t)]T.

To proceed to the objective function, we first define a nomliitg g(-) that mea-
sures the strength (amplitude) of the feature, and empdm&irge responses over
small ones: we require thatis strictly convex, even-symmetric (rectifying), and
differentiable. Examples of choices for this nonlineastgg; (x) = x?, which mea-
sures the energy of the response, gpk) = log coshx, which is a robustified ver-
sion of g; (less sensitive to outliers). Let the symh@i denote a delay in time.
Temporal response strength correlatjdghe objective function, is defined by

M=

]
W)=Y Y glst)gls(t—an). (16.13)
t=1+At

k=1

A set of feature detectors which has a large temporal regpstnength correlation
is such that the same features often respond strongly akecuotige time points,
outputting large (either positive or negative) values.sTimeans that the same fea-
tures will respond strongly over short periods of time, &iBrexpressing temporal
coherence of activity levels in the neuronal population.

To keep the outputs of the features bounded we enforce thevariance
constraint on each of the output signajgt), that is, we enforce the constraint
E; {s2(t) } = wy Cxwy = 1 for allk, whereCy is the covariance matrig {x (t)x" (t)},
andE; means average overAdditional constraints are needed to keep the feature
detectors from converging to the same solution. Standattads are either to force
the set of feature weights to be orthogonal, or to force thefputs to be uncorre-
lated, from which we choose the latter, as in preceding @rapthis introduces
additional constraintwiTCij =0,i=1,...K, j=1,..K, j#i. These uncorre-
latedness constraints limit the number of featu¢ese can find so that if the image
data has spatial sizé x N pixels, thenK < N2. The unit variance constraints and
the uncorrelatedness constraints can be expressed byla siagix equation

WCWT =1. (16.14)

Note that if we use a nonlinearity(x) = x?, andAt = 0, the objective function
becomesf (W) = 5K | E {st(t)}. In this case the optimization of the objective
function under the unit variance constraint is equivalenbptimizing the sum of
kurtoses of the outputs. As was discussed in Section 6.2dhaga 139, kurtosis is
a commonly used measure in sparse coding. Similarly, in #se of nonlinearity
g(x) = logcoshx and At = 0O, the objective function can be interpreted as a non-
guadratic measure of the non-gaussianity of features.

Thus, the receptive fields are learned in the model by maxigithe objective
function in Equation (16.13) under the constraint in Equat{16.14). The opti-
mization algorithm used for this constrained optimizatgoblem is a variant of
the gradient projection method described in Section 18P optimization ap-
proach employs whitening, that is, a temporary change ofdinates, to transform
the constraint (16.14) into an orthogonality constrairttei a gradient projection
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algorithm employing optimal symmetric orthogonalizatiman be used. See (Hurri
and Hyvarinen, 2003a) for details.

16.5.3 Interpretation as generative model *

An interpretation of maximization of objective function§13) as estimation of a
generative model is possible, based on the concept of sowitle non-stationary

(non-constant) variances (Matsuoka et al, 1995; Pham arttb€a, 2001; Hyvarinen,
2001a). The linear generative model fdt) is similar to the one in previous chap-

ters:
X(t) = As(t). (16.15)

HereA = [a; - --ax] denotes a matrix which relates the image sequence pétgh
to the activities of the simple cells, so that each colugrk = 1, ...,K, gives the
feature that is coded by the corresponding simple cell. Tieedsion ofx(t) is
typically larger than the dimension sft), so that (16.15) is generally not invertible.
A one-to-one correspondence betwa&hand A can be established by using the
pseudo-inverse solution (see Section 19.8):

A=wT(wwT)=1 (16.16)
a) b)
3 —
- 0 =
e N,
0 200 400 0 200 400
time index time index

Fig. 16.10: lllustration of non-stationarity of varianc&). A temporally uncorrelated signalt)
with non-stationary variancé) Plot of §(t).

The non-stationarity of the variances of sours@s means that their variances
change over time, and the variance of a signal is correlate@aby time points.
An example of a signal with non-stationary variance is shawfRigure 16.10. It
can be shown (Hyvarinen, 2001a) that optimization of a damitbased criterion,
similar to Equation (16.13), can separate independentssurith non-stationary
variances. Thus, the maximization of the objective funttian also be interpreted
as estimation of generative models in which the activitelswf the sources vary
over time, and are temporally correlated over time. Thisadibn is analogous to
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the application of measures of sparseness to estimate {ieearative models with
independent non-gaussian sources, i.e. the ICA modeétiéatChapter 7.

16.5.4 Experiments on natural image sequences

16.5.4.1 Data and preprocessing

The natural image data used in the experiments was desdnb®dction 16.3.1
(page 341). The final, preprocessed (see below) data sastamhef 200,000 pairs
of consecutive 1k 11 image patches at the same spatial position,Zsumil-
liseconds apart from each other. In the main experimént: 40 ms; other values
were used in the control experiments. However, becauseeofetmporal filtering
used in preprocessing, initially 200,000 longer image seqas with a duration of
At 4+ 400ms and the same spatial size 1.1, were sampled with the same sam-
pling rate.

The preprocessing in the main experiment consisted of thiegs: temporal
decorrelation, subtraction of local mean, and normalaratirhe same preprocess-
ing steps were applied in the control experiments; whengsegrocessing was var-
ied in control experiments it is explained separately belbemporal decorrelation
can be motivated in two different ways. First, as was disedise Section 16.3.2
(page 345) it can be motivated biologically as a model of terapprocessing in
the early visual system. Second, as discussed abovAt fer0 the objective func-
tion can be interpreted as a measure of sparseness. Tleeitafoimportant to rule
out the possibility that there is hardly any change in shaierivals in video data,
since this would imply that our results could be explainetkeims of sparse cod-
ing or ICA. To make the distinction between temporal respmsigength correlation
and measures of sparseness clear, temporal decorrela®applied because it en-
hances temporal changes. Note, however, that this sti doéremove all of the
static part in the video — this issue is addressed in the cbexperiments below.

Temporal decorrelation was performed with the temporagrfighown in Fig-
ure 16.8d (page 346). As was already mentioned above, thefsseh a temporal
filter in conjunction with the learned spatial features nsattes overall model spa-
tiotemporal (to be more exact, space-time separable).

16.5.4.2 Results and analysis

In the main experiment, nonlinearigyin objective function (16.13) was chosen to
beg(x) = logcostx. A set of feature detector weights (rows\f) learned by the
model is shown in Figure 16.11a). The features resemble Gabctions. They are
localized, oriented, and have different scales, and thue ttee main properties of
simple-cell receptive fields.
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Fig. 16.11: Simple-cell-like filters emerge when temporsdponse strength correlation is opti-
mized in natural image sequenceayFeature weighte, k=1, ..., 120, which maximize temporal
response strength correlation (Equation (16.13)); hezentinlinearityg(x) = log costx. The fea-
tures have been ordered according td &s,(t))g(s (t — At))}, that is, according to their “con-
tribution” into the final objective value (features with dgst values top leftp) A corresponding
set of feature vectoragy, k= 1,...,120 from a generative-model-based interpretation of the tesul
(see Equations (16.15) and (16.16)).
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Fig. 16.12: Comparison of properties of receptive fieldsot#d by optimizing temporal response
strength correlation (left column, histograms a, c, e andug) estimating ICA (right column,
histograms b, d, f and h). See text for details.

To compare the results obtained with this model againsttbbtained with ICA,
we ran both this algorithm and the symmetric version of Ea&tivith nonlinear-
ity tanh 50 times with different initial values and compatkd resulting two sets
of 6000 & 50 x 120) features against each other. The results are showrgin Fi
ure 16.12. The measured properties were peak spatial finegEigures 16.12a and
16.12b, note logarithmic scale, units cycles/pixel), peagntation (Figures 16.12c
and 16.12d), spatial frequency bandwidth (Figures 16.1h2€l&.12f), and orienta-
tion bandwidth (Figures 16.12g and 16.12h). Peak oriesmtadind peak frequency
are simply the orientation and frequency of the highestevatuthe Fourier power
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spectrum. Bandwidths measure the sharpness of the tunihgene computed from
the tuning curve as the full width at at the point were half ti@ximum response
was attained (full width at half maximum, FWHM); this measis widely used in
vision science. See (van Hateren and van der Schaaf, 1998 details.

Although there are some differences between the two feattse the most im-
portant observation here is the similarity of the histogsaithis supports the idea
that ICA / sparse coding and temporal coherence are compl@myetheories, in
that they both result in the emergence of simple-cell-ligeeptive fields. As for
the differences, the results obtained using temporal respatrength correlation
have a slightly smaller number of high-frequency recepfigkls. Also, temporal
response strength correlation seems to produce recemlds fhat are somewhat
more localized with respect to both spatial frequency amehtation?

16.5.5 Why Gabor-like features maximize temporal coherenc

A simplified intuitive illustration of why the outputs of Gablike feature have such
strong energy correlation over time is shown in Figure 16M@st transformations
of objects in the 3D world result in something similar to Ibranslations of lines
and edges in image sequences. This is obvious in the case waB&ations, and
is illustrated in Figure 16.13a) for two other types of trfammations: rotation and
bending. In the case of a local translation, a suitably eei@simple-cell-like RF re-
sponds strongly at consecutive time points, but the sighefésponse may change.
Note that when the output of a feature detector is considasea continuous sig-
nal, the change of sign implies that the signal reaches Zesorae intermediate
time point, which can lead to a weak measured correlationsTa better model of
the dependencies would be to consider dependencies oheasgMatsuoka et al,
1995; Pham and Cardoso, 2001), as in the generative-maerdiatation described
above. However, for simplicity, we consider here the magigtthat is a crude ap-
proximation of the underlying variance.

In order to further visualize the correlation of rectifiedpenses at consecutive
time points, we will consider the interaction of featureime dimension (orthog-
onal to the orientation of the feature). This allows us tosider the effect of local
translations in a simplified setting. Figure 16.14 illugds in a simplified case, why
the temporal response strengths of lines and edges cerpalaitively as a result of
Gabor-like feature structure. Prototypes of two differgyes of image elements
— the profiles of a line and an edge — which both have a zero DGhooent, are
shown in the topmost row of the figure. The leftmost columnwahthe profiles of

4 When these results are compared against the results in (aréth and van der Schaaf, 1998),
the most important difference is the peak at zero bandwidtRigures 16.12e and 16.12f. This
difference is probably a consequence of the fact that no miimeality reduction, anti-aliasing or

noise reduction was performed here, which results in theamce of very small, checkerboard-
like receptive fields. This effect is more pronounced in I@Ajch also explains the stronger peak
at the 45 angle in Figure 16.12d).
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Fig. 16.13: A simplified illustration of temporal activitevel dependencies of simple-cell-like
features when the input consists of image sequeraebtansformations of objects induce local
translations of edges and lines in local regions in imageiseces: rotation (left) and bending
(right). The solid line shows the position/shape of a linéhi@ image sequence at tirne At, and

the dotted line shows its new position/shape at timehe dashed square indicates the sampling
window. b) Temporal activity level dependencies: in the case of a laaklation of an edge or a
line, the response of a simple-cell-like features with @ahle position and orientation is strong at
consecutive time points, but the sign may change. The figwesa translating line superimposed
on an oriented and localized receptive field at two diffetene instances (time— At, solid line,
left; timet, dotted line, right).

three different features with unit norm and zero DC compdén&iGabor-like fea-
ture, a sinusoidal (Fourier basis -like) feature, and arulsgpfeature. The rest of the
figure shows the square rectified responses of the featutks toputs as functions
of spatial displacement of the input.

Consider the rectified response of the Gabor-like featutkeadine and the edge,
that s, the first row of responses in Figure 16.14. The squagponse at time- At
(spatial displacement zero) is strongly positively catetl with response at tinte
even if the line or edge is displaced slightly. This shows tsomall local transla-
tions of basic image elements still yield large values ofgieral response strength
correlation for Gabor-like features. If you compare thepasses of the Gabor-like
feature to the responses of the sinusoidal feature — th#ttéssecond row of re-
sponses in Figure 16.14 — you can see that the responsesdmtiseidal feature
are typically much smaller. This leads to a lower value of m@asure of temporal
response strength correlation that emphasizes largesiallso, in the third row of
responses in Figure 16.14 we can see that while the respbasdmpulse feature
to an edge correlates quite strongly over small spatialaigments, when the input
consists of a line even a very small displacement will taledbrrelation to almost
zero.

Thus we can see that when considering three important claxfsteatures —
features which are maximally localized in space, maximiakalized in frequency,
or localized in both — the optimal feature is a Gabor-likedea, which is localized
both in space and in frequency. If the feature is maximaltalzed in space, it fails
to respond over small spatial displacements of very loedlimage elements. If the



16.5 Temporal coherence in spatial features 357

input
T T T T I
| | I
T T T T T T T T
—-2-101 2 3 —-2-101 2 3
filter square-rectified output
L1 B |
! | |
— | | I
T T T T 1T T
—-2-101 2 3 -10 1 -10 1
1 1 1 N B
I I I
— | | I I I
T T T T 1T T
—-2-101 2 3 -10 1 -10 1
T T = 1
—-2-101 2 3 -10 1 -10 1

Fig. 16.14: A simplified illustration of why a Gabor-like fiese, localized in both space and fre-
guency, yields larger values of temporal response strerwtielation than a feature localized only
in space or only in frequency. Top row: cross sections of @ (laft) and an edge (right) as func-
tions of spatial position. Leftmost column: cross sectiofiree features with unit norm and zero
DC component — a Gabor-like feature (top), a sinusoidaufeagmiddle), and an impulse feature
(bottom). The other plots in the figure show the responsebkeofdature detectors to the inputs as
a function of spatial displacement of the input. The Gall@feature yields fairly large positively
correlated values for both types of input. The sinusoidatifee yields small response values. The
impulse feature yields fairly large positively correlatemlues when the input consists of an edge,
but when the input consists of a line even a small displacéwielts a correlation of almost zero.

the feature is maximally localized in frequency, its resgemto the localized image
features are not strong enough.

Figure 16.15 shows why we need nonlinear correlations &ust# linear ones:
raw output values might correlate either positively or rtegdy, depending on the
displacement. Thus we see why ordinary linear correlattonat maximized for
Gabor-like features, whereas the rectified (nonlineantation is.
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Fig. 16.15: A simplified illustration of why nonlinear cota¢ion is needed for the emergence of
the phenomenon. Raw response values of the Gabor-likeég@ithe line and edge may correlate
positively or negatively, depending on the displaceme®ee(Figure 16.14 for an explanation of
the layout of the figure.)

16.5.6 Control experiments

To validate the novelty of the results obtained with this lodhen compared with
ICA and sparse coding, and to examine the effect of diffefators in the results, a
number of control experiments were made. These experimeatimmarized here,
details can be found in (Hurri and Hyvarinen, 2003a). Thetiem experiments show
that

e the results are qualitatively similar when the static pathe video is removed
altogether by employing Gram-Schmidt orthogonalizatwnich strengthens the
novelty of this model when compared with static models

e the results are qualitatively similar when no temporal deslation is performed

e the results are qualitatively similar whett = 120ms; whemA is further in-
creased tad\t = 480 ms andit = 960 ms the resulting features start to lose their
spatial localization and gradually also their orientatsatectivity; finally, when
the consecutive windows have to temporal relationship geoutive windows
chosen randomly), the resulting features correspond tsenmatterns

e the results are qualitatively similar when observer (caperovement is com-
pensated by a tracking mechanism in video sampling.

Finally, one further control experiment was made in which timear correlation
fo(wi) = B {s(t)s(t — At) } was maximized. The unit variance constraint is used
here again, so the problem is equivalent to minimizirﬂq B (t) — s (t —At))z}

with the same constraint; we will return to this objectivendtion below in Sec-
tion 16.8. The resulting features resemble Fourier bagitove, and not simple-cell

receptive fields. This shows that nonlinear, higher-orderadation is indeed needed
for the emergence of simple-cell-like features.
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16.6 Spatiotemporal energy correlations in linear featurs
16.6.1 Definition of the model

Temporal response strength correlation, defined in Equdfi6.13) on page 350,
maximizes the “temporal coherence” in the outputs of irdlial simple cells. Note
that in terms of the generative model described above, tfectie functions says
nothing about the interdependencies in differgyit)’'s — that is, different cells.
Thus, there is an implicit assumption of independence inntioelel, at least if it
is interpreted as a probabilistic generative model. In gastion we add another
layer to the generative model to extend the theory to sinspleinteractions, and to
the level of complex cell8.

abs(s(t)) s(t)

v(t) —m=| abs(s(t)) = Mabs(s(t — At)) +v(t) — @ — | x(t)=As(t) — X(t)

sign generation
P(Sk(t) > OHSk(t_At) > 0) = Pret

Fig. 16.16: The two layers of the generative model. abs(s(t)) = [|s1(t)]---|s« (t)|]" denote
the amplitudes of simple cell responses. In the first layer,driving noise signal(t) generates
the amplitudes of simple cell responses via an autoregeessodel. The signs of the responses
are generated randomly between the first and second layeeltbsigned responsesit). In the
second layer, natural videq(t) is generated linearly from simple cell responses. In addito
the relations shown here, the generatiorv(if is affected byMabs(s(t — At)) to ensure non-
negativity ofabs(s(t)) . See text for details.

Like in the many generative models discussed in this boakpthtput layer of
the new model (see Figure 16.16) is linear, and maps celbresgss(t) to image
featuresx(t), but we do not assume that the components(bf are independent.
Instead, we model the temporal dependencies between thegmoents in the first
layer of our model. Leibs(s(t)) = [|s1(t)|--- s« (t)|]” denote the activities of the
cells, and letv(t) denote a driving noise signal amdl denote &K x K matrix; the
modelled interdependencies will be “coded’Nh. Our model is anultidimensional
first-order autoregressive procestefined by

abs(s(t)) = Mabs(s(t — At)) + v(t). (16.17)

Again, we also need to fix the scale of the latent variablesdfipohg & {qz((t)} =1
fork=1,...,K.

5 This section is based on the article (Hurri and Hyvarin@@3b) originally published in Network:
Computation in Neural Systems. Copyrigbt2003 Institute of Physics, used with permission.
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There are dependencies between the driving ne{se and output strengths
abs(s(t)), caused by the non-negativity ebs(s(t)). To take these dependencies
into account, we use the following formalism. Ligt) denote a random vector with
components which are statistically independent of eachroffo ensure the non-
negativity ofabs(s(t)), we define

v(t) = max(—Mabs(s(t — At)), u(t)), (16.18)

where, for vectora andb, max(a,b) = [max(a,b;) --- maxan,bn)]" . We assume
thatu(t) andabs(s(t)) are uncorrelated. The point in this definition is to make sure
that the noise does not drive the absolute values o$ilte negative, which would
be absurd.

To make the generative model complete, a mechanism for gémgithe signs
of cell responses(t) must be included. We specify that the signs are generated ran
domly with equal probability for plus or minus after the stgths of the responses
have been generated. Note that one consequence of thig thehdifferents, (t)’s
are uncorrelated. In the estimation of the model this uredatedness property is
used as a constraint. When this is combined with the uniaaag (scale) constraints
described above, the resulting set of constraints is the sin the approach de-
scribed above in Section 16.5 (page 349).

In Equation (16.17), a large positive matrix elemb¥h(, j), or M (j,i), indicates
that there is strong temporal dependency between the ositeuigths of cells and
j- Thinking in terms of grouping temporally coherent cellsatiger, matrixM can
be thought of as containing similarities (reciprocals aftainces) between different
cells. We will use this property below to derive a topographsimple-cell receptive
fields fromM.

16.6.2 Estimation of the model

To estimate the model defined above we need to estimateMbatidA. Instead of
estimatingA directly, we estimat®V which maps image sequence data to responses

s(t) = Wx (1), (16.19)

and use the pseudo-inverse relationship — that is, Equéittad6) on page 351 — to
computeA. In what follows, we first show how to estimaké, givenW. We then
describe an objective function which can be used to estiMatgiven M. Each
iteration of the estimation algorithm consists of two stdpgring the first stefM is
updated, andlV is kept constant; during the second step these roles aresegle

First, regarding the estimation ®f, consider a situation in whickV is kept
constant. It can be shown (Hurri and Hyvarinen, 2003b) khatan be estimated by
using approximative method of moments, and that the estiisagiven by
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M ~ BE; { (abs(s(t)) - B {abs(s(t))}) (abs(s(t - A1) - E {abs(s(t)) )" }
« B { (abs(s(t)) — B {abs(s(t))}) (abs(sit)) — & {abs(s(t)})}

where 3 > 1. Since this multiplier does not change the relative stremgththe
elements oM, and since it has a constant linear effect in the objectivetfan of
W given below, its value does not affect the optilél so we can simply s¢t = 1
in the optimization. The resulting estimator fok is the same as the optimal least
mean squares linear predictor in the case of unconstraifi¢d

The estimation ofV is more complicated. A rigorous derivation of an objec-
tive function based on well-known estimation principlevésy difficult, because
the statistics involved are non-gaussian, and the prosésse difficult interdepen-
dencies. Therefore, instead of deriving an objective fiamctrom first principles,
we derived an objective function heuristically (Hurri angJrinen, 2003b), and
verified through simulations that the objective functioégpable of estimating the
two-layer model. The objective function is a weighted sunihaf covariances of
feature output strengths at times At andt, defined by

K K
f(W,M) = Zl ZlM(i, j)cov{\s(t)\ , |sj (t —At)|}. (16.20)
i=1j=

In the actual estimation algorithi is updated by employing a gradient projection
approach to the optimization df in Equation (16.20) under the constraints. The
initial value of W is selected randomly.

The fact that the algorithm described above is able to estirttee two-layer
model has been verified through extensive simulations.d kiesulations show that
matrix W can be estimated fairly reliably, and that the relative eofdhe estimate
of matrixM also decreases reliably in the estimation, but the remgieiiror forM
is larger than in the case of matiiX. This difference is probably due to the approx-
imation made in the estimation & ; see (Hurri and Hyvarinen, 2003b). However,
the simulations suggest that the error in the estimate a$ largely due to a sys-
tematic, monotonic, nonlinear element-wise bias, whichsdoot affect greatly our
interpretation of the elements df | since we are mostly interested in their relative
magnitudes. See (Hurri and Hyvarinen, 2003b) for detailsery closely related
model which can be analyzed in detail is in (Hyvarinen andr;12004), which
shows that a rigorous justification for our objective funatabove can be found in
the case where we use the quadratic function instead of g@wb value function.
See also (Valpola et al, 2003) for related theoretical work.

16.6.3 Experiments on natural images

The estimation algorithm was run on the same data set as dopakic temporal
coherence model in Section 16.5 to obtain estimatedMfaand A. Figure 16.17
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Fig. 16.17: The estimation of the two-layer generative nhdaen natural visual stimuli results
in the emergence of localized, oriented receptive fieldé witltiple scales. The feature vectors
(columns ofA) shown here are in no particular order.

shows the resulting feature vectors — that is, column#é.oAs can be seen, the
resulting features are localized, oriented, and have plalscales, thereby fulfilling
the most important defining criteria of simple-cell recegtfields. This suggests
that, as far as receptive-field structure is concerned, ththod yields receptive
fields with similar qualitative properties to those obtaingth sparse coding, ICA,
or temporal response strength correlation.

What is truly novel in this model is the estimation of matkix which captures
the temporal and spatiotemporal activity-level depenaEnbetween the feature
vectors shown in Figure 16.17. The extracted matriéeand M can be visual-
ized simultaneously by using the interpretationhMfas a similarity matrix (see
page 360). Figure 16.18 illustrates the feature vectoratish columns oA — laid
out at spatial coordinates derived frdvhin a way explained below. The resulting
feature vectors are again oriented, localized and mulésea in the basic temporal
coherence model in Section 16.5.

In the resulting planar representation shown in Figure 8,&He temporal coher-
ence between the outputs of two celland j is reflected in the distance between
the corresponding receptive fields: the larger the elemirtsj) andM (j,i) are,
the closer the receptive fields are to each other. We can seéotal topography
emerges in the results: those basis vectors which are aossch other seem to be
mostly coding for similarly oriented features at nearbytgdaositions. This kind
of grouping is characteristic of pooling of simple cell outp at complex cell level
(Palmer, 1999). Some global topography also emerges: thasis vectors which
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Fig. 16.18: Results of estimating the two-layer generath@lel from natural image sequences.
Features (columns d4) plotted at spatial coordinates given by applying multidimsional scal-
ing to M. Matrix M was first converted to a non-negative similarity matk by subtracting
min; M (i, j) from each of its elements, and by setting each of the diageleatents at value 1.
Multidimensional scaling was then appliedNb; by interpreting entried/ (i, j) andMs(j,i) as
similarity measures between cellend j. Some of the resulting coordinates were very close to
each other, so tight cell clusters were magnified for purpasevisual display. Details are given in
(Hurri and Hyvarinen, 2003b).

code for horizontal features are on the left in the figure,levthiose that code for
vertical features are on the right.

Thus, the estimation of our two-layer model from naturalg@aequences yields
both simple-cell-like receptive fields, and grouping samilo the pooling of simple
cell outputs. Linear receptive fields emerge in the secoyef lématrixA), and cell
output grouping emerges in the first layer (maty. Both of these layers are es-
timated simultaneously. This is an important property whempared with other
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statistical models of early vision, because no a priori fixof either of these lay-
ers is needed. The results thus compare with the two-laydeltador static images
discussed in Section 11.8 and (Koster and Hyvarinen, 28008). The main differ-
ence is that her&/ describes “lateral” interactions between the featsgges/hereas
in Section 11.8 considered another stage in hierarchicalgssing.

16.6.4 Intuitive explanation of results

The results shown in Figure 16.18 suggest that featureshwiriefer similar orien-
tation but different spatial location have spatiotempearivity dependencies. Why
is this the case?

t — At
temporal
cell 1 // p //

spatial spatiotemporal

A
\
\
|
\
|
|
!
\/

Fig. 16.19: A simplified illustration of static and shonrie activity-level dependencies of simple-
cell-like receptive fields. For a translating edge or lite, tesponses of two similar receptive fields
with slightly different positions (cell 1, top row; cell 2pktom row) are large at nearby time in-
stances (timé — At, solid line, left column; time, dotted line, right column). Each subfigure
shows the translating line superimposed on a receptive fléld magnitudes of the responses of
both cells are large aboth time instances. This introduces three types of activitelelepen-
dencies: temporal (in the output of a single cell at nearbetinstances), spatial (between two
different cells at a single time instance) and spatiotempdetween two different cells at nearby
time instances). The multivariate autoregressive modsludised in this section includes temporal
and spatiotemporal activity-level dependencies (markid solid lines). Spatial activity-level de-
pendency (dashed line) is an example of energy dependamcidslled in work on static images
in Chapters 9-11.

Temporal activity-level dependencies, illustrated inUfey16.13, are not the only
type of activity-level dependencies in a set of simple-tik# features. Figure 16.19
illustrates how twddifferentcells with similar receptive field profiles — having the
same orientation but slightly different positions — respp@t consecutive time in-
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stances when the input is a translating line. The receptlgsfiare otherwise iden-
tical, except that one is a slightly translated version efather. It can be seen that
both cellsare highly active aboth time instance$ut again, the signs of the outputs
vary. This means that in addition to temporal activity degencies (the activity of
a cell is large at timé — At and timet), there are two other kinds of activity-level
dependencies.

spatial (static) dependencies Both cells are highly actigesingle time instance.
This kind of dependency is an example of the energy depeiekeearlier mod-
elled in static images in Chapters 9-11.

spatiotemporal dependencies The activity levels of diff¢cells are also related
over time. For example, the activity of cell 1 at titne At is related to the activity
of cell 2 at timet.

What makes these dependencies important is that they sebmr&flected in
the structure of the topography in the primary visual carfExe results presented
in this section suggest that combining temporal activiteledependencies with
spatiotemporal dependencies yields both simple-cedldceptive fields and a set
of connections between these receptive fields. These ctongcan be related to
both the way in which complex cells seem to pool simple-cetpats, and to the
topographic organization observed in the primary visuateq in the same way
as described in Chapter 11. Therefore, the principle of/sigtievel dependencies
seems to explain both receptive field structure and theamimation.

16.7 Unifying model of spatiotemporal dependencies

In order to motivate the development of a model which unifiesmber of statistical
properties in natural image sequences, let us summariziegheesults on proba-
bilistic modelling of the properties of the neural represgion at the simple-cell
level.

1. Results obtained using sparse coding / independent aoenpanalysis suggest
that, on the average, at a single time instant relativelydiemple cells are active
on the cortex (see Chapter 6); furthermore, each cell is@ctily rarely.

2. In this chapter, we have described a complementary mathéth suggests that
simple cells tend to be highly active at consecutive timéaints — that is, their
outputs are burst-like (see Section 16.5).

3. Models on static dependencies between simple-cellfékéures, and the rela-
tionship between these dependencies and cortical toplograpggest that the
active cells tend to be located close to each other on thexg@s in Chapter 11.

4. As we saw in the preceding section, temporal correlatalss lead to topo-
graphic properties resembling cortical topography, based model which uti-
lizes temporal correlations between the outputs of diffefeatures.

These four different principles — sparseness, temporatiestte of activity levels,
spatial activity level dependencies, and spatiotempatality level dependencies —
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are not conflicting. That is, none of the principles excluiiiesexistence of another.
Perhaps, then, each of these models offers just a limited tdea more complete
model of cortical coding at the simple-cell level. In fadtetfollowing description
of simple-cell activation is in accordance with all of thémiples: when an animal
is viewing a natural scene, a relatively small number of lpasoof cortical area are
highly active in the primary visual cortex, and the activitythese areas tends to be
sustained for a while. That is, activity is sparse, and gutiis both in space and
time. This is thebubble codingnodel (Hyvarinen et al, 2003).

In the bubble coding model, the final generative mapping flatent components
to natural image sequence data is linear, like in the preagtionsx(t) = As(t).
The main idea in the bubble coding model is generation ofstheso that they
have bubble-like activity. This is accomplished by introohg a bubble-like vari-
ance signal fos(t), as illustrated by an example in Figure 16.20. The spatiotem-
poral locations of the variance bubbles are determined byaass processi(t)
(Figure 16.20a). A temporal filtep and spatial pooling functioh, both of which
are fixed a priori in the model, spread the variance bubblegpoteally and spa-
tially (Figures 16.20b and c). The resulting variance bebldan also overlap each
other, in which case the variance in the overlapping arediaioed as a sum of
the variances in each bubble; in Figure 16.20, however, #r@ance bubbles are
non-overlapping for illustrative purposes. It is also pbkesthat at this point a fixed
static nonlinearityf is applied to rescale the magnitudes of the variance bubbles
These steps yield the variance signals

v(t) = f <;h(k,£) [o(t) *Ug(t)]). (16.21)

wherex denotes temporal convolution. The burst-like oscillatagure of the com-
ponents inside the bubbles is introduced through a gautsigporally uncorrelated
(white noise) process(t) (Figure 16.20d). Thus, the componenst&) are gener-
ated from the variance bubbles and the noise signals byphyiltg the two together
(Figure 16.20e):

() = W(®)%(1)- (16.22)

Note that all three different types of activity level dependies — temporal, spatial,
and spatiotemporal (see Figure 16.19 on page 364) — arenpriesthe bubble-
coding model, as well as sparseness. To complete this gamensodel, thes(t)
are finally linearly transformed to the image using a lingansformation, as in
almost all models in this book.

An approximative maximum likelihood scheme can be usedtimase the bub-
ble coding model; details can be found in (Hyvarinen et@03. Note that because
the pooling functiorn is fixed, it enforces the spatial pooling, while in the twgda
model described in the previous section, this pooling wasied from the data. The
temporal smoothing (low-pass) filteris also fixed in the model.

Figure 16.21 shows the resulting spatial basis vectorsioéd when the bubble
coding model was estimated from natural image sequence Hatabasis consists
of simple-cell-like linear receptive-field models, sinmita those obtained by topo-
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graphic ICA from static images (Figure 11.4 on page 258),singithe temporal
models in Section 16.6. The orientation and the locatiorheffeature coded by
the vectors change smoothly when moving on the topographiclgow-frequency
basis vectors are spatially segregated from the other k& o there also seems to
be some ordering based on preferred spatial frequency. &ucdnganization with
respect to orientation, location, and spatial frequengrislar to the topographic
ordering of simple cells in the primary visual cortex, as @Wasussed in Chapter 11.

One can also estimate spatiotemporal features with thisemad animated ex-
ample of the resulting spatiotemporal features can be fouat
www. ¢s. hel sinki . fi/group/nis/ani mations/ bubbl eani mation. gif.

The features obtained by the bubble coding models are thd/teny different
from what were obtained by the topographic ICA model, forrepée. The signifi-
cance of the model is mainly theoretical in the sense thatésga unified framework
for understanding the different models involved.

16.8 Features with minimal average temporal change

16.8.1 Slow feature analysis

16.8.1.1 Motivation and history

All of the models of temporal coherence discussed above -paeah response
strength correlation, the two-layer autoregressive modetl the bubble-coding
model — are based on temporal patterns in output energigaifeas)s’(t). What
happens if we just minimize a measure of the temporal chantiesioutputs of the
model neurons? That is, st) is the output of a model at tinteandw is our vector
of model parameters, we could for example minimize the seplidifference of the
output at close-by time points

fsra(W) = E; {(s(t) — st At))z} . (16.23)

An explicit formalization of this principle was given by Mitison (1991) who sim-
ply described it as “removal of time variation” (see alsor{tdn, 1989; Foldiak,
1991; Stone, 1996)). The principle was also used in blind@geparation, in
which a number of sophisticated methods for its algorithimiplementation have
been developed (Tong et al, 1991; Belouchrani et al, 199vaHiyen et al, 2001b).
Recently the principle has been given the nastosv feature analysiéViskott and
Sejnowski, 2002), thus the subscript SFA in the definitiothefobjective function.

In order to relate the SFA objective function to the modelshage discussed
above, let us analyze it in more detail. Expanding the sqaadetaking the expec-
tations of the resulting terms we get
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fsra(w) = B¢ {$(t) — 2s(t)s(t — At) + St — At) }
=E {£(t) }—25 {s(t)s(t —At)} + E {(t —At)} (16.24)
=E{2()}

=2(E {S4(t)} —E {s(t)s(t — At)})

The objective function is non-negative, and a trivial wayniaimize it is to compute
a zero outpus(t) = 0 for all t. A standard way to avoid this anomaly is to constrain
the “energy” (second moment) of the output signal to uniigt is, define constraint

E {s(t)} =1, (16.25)
in which case the objective function become simpler:
fsra(W) = 2(1— B {s(t)s(t — At)}), (16.26)

which shows that under the unit energy constraint, SFA isvadgnt to maximiza-
tion of the linear temporal correlation in the output. Ttesn contrast to the model
in Section 16.5 (page 349), which was based on maximizatiaroolineartem-
poral correlation. Also note that if mean output is zerottisaif E;{s(t)} =0,
then the unit energy constraint is equivalent to the unitavare constraint, since

var(s(t)) = B {S2(t) } — (B {s(t)})*.
16.8.1.2 SFAin a linear neuron model
In Section 16.5 (page 349) we mentioned that in a linear meomadel, maximiza-

tion of linear temporal correlation results in receptivddgewhich resemble fre-
guency components and not simple-cell-like receptive $ieidGabor functions. In

Fig. 16.20: pposite pagglllustration of the generation of componersigt) in the bubble coding
model. For simplicity of illustration, we use a one-dimemsil topography instead of the more
conventional two-dimensional ona) The starting point is the set of sparse signglg). b) Each
sparse signali (t) is filtered with a temporal low-pass filten(t), yielding signalsp(t) = u,(t). In

this example, the filtep(t) simply spreads the impulses uniformly over an intereglln the next
step, a neighbourhood functitik, ¢) is applied to spread the bubbles spatially; this is like @iapa
low-pass filter. A static nonlinearity may also be applied at this point to rescale the magnitudes
of the variance bubbles. This yields variance bubble sigwdt) = f (3, h(k,¢) [@(t) * u,(t)]). In

this example, the neighbourhood functibns simply 1 close-by and 0 elsewhere, and the static
nonlinearity f is just the identity mappind(a) = a. d) Next, we generate gaussian temporally un-
correlated (white noise) signaig(t). e) Linear components (responses) are defined as products of
the gaussian white noise signals and the spatiotempogatad bubble signals; (t) = z (t)v,(t).
These are transformed linearly by the matixo give the observed image data (not shown). (Note
that in subfigures a)—c), white denotes value zero and bleoktés value 1, while in subfigures
d) and e), medium grey denotes zero, and black and white eleregiative and positive values,
respectively.)
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Fig. 16.21: A set of spatial features, estimated from naiorage using the bubble coding estima-
tion method, and laid out at spatial coordinates defined &ydpographic grid in the bubble coding
model. The topographic organization of the features exhitsidering with respect to orientation,
location, and spatial frequency of the vectors, being vanjlar to that obtained by topographic
ICA.

such a linear model, slow feature analysis can be analyz#uematically in detail.
Let s(t) denote the output of the unit at tinhe

s(t) =wTx(t). (16.27)

Assume that the input(t) has zero mean (Ex(t)} = 0), and that we impose the
unit variance constraint to avoid the trivial solutien= 0. Then the unit energy
constraint also holds, and instead of minimizing the SFAeotdje function (16.26)
we can just maximize linear temporal correlation

firc(w) = B {s(t)s(t — At)} = B {wTx(t)x(t — At)Tw}

=wTE {X(t)x(t—At)T}w (16.28)
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with the constraint
E{M)}=1ew E{xt)xt) w=1 (16.29)

A solution can be derived by adapting the mathematics of P€gciibed in Sec-
tion 5.8.1. The connection becomes clear if we first whitendhtax(t) (spatially,
i.e. in the same way as in Chapter 5, ignoring the temporatdégncies). For sim-
plicity, we denote the whitened data kit) in the following. For the whitened data,
the constraint of unit variance is equivalent to the comstithatw has unit norm,
because §x(t)x(t)"} is the identity matrix.

Thus, we have a maximization of a quadratic function undé@maorm constraint,
justas in PCA. There is a small difference, though: The m&i{ x (t)x(t — At)T}
defining the quadratic function is not necessarily symraefortunately, it is not
difficult to prove that actually, this maximization is eqaignt to maximization using
a symmetric version of the matrix:

fire(w) =w' %Et{x(t)x(t—At)T}+%Et{x(t—At)x(t)T} w  (16.30)

Thus, the same principle of computing the eigenvalue decsitipn applies here
(Tong et al, 1991). The optimal vectaris obtained as the one corresponding to the
largest eigenvalue of this matrix. If we want to extract aadfdRF’s, we can use the
following result: assuming that the output of the next sielddRF has to be uncor-
related with the outputs of the previously selected ones) the next maximum is
the eigenvector with the next largest eigenvalue.

Figure 16.22 shows the filters that result from such optitzein a linear neu-
ron model. The data set and preprocessing in this experimanidentical to the
one in Section 16.5. As can be seen, the resulting filtersespand to frequency
(Fourier) features, and not the localized RF’s in the eaidy&l system.

16.8.2 Quadratic slow feature analysis

As shown above, SFA in the case of a linear neuron model dagsraduce very
interesting results. In contrast, application of the piplein the nonlinear case has
proven more promising, although results for real naturalgen sequences have not
been reported.

A straightforward and computationally simple way to desigmlinear models
is the basis expansiompproach. As a simple example, assume that out original
input data is a single scalar This data can be expanded by computing the square
of the data poink?. We can then design a model that is linear in the parameters
a=(agay)’

y=ajx+ax’>=a' <;2) (16.31)
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Fig. 16.22: The set of filters which optimize the objectivadtion in slow feature analysis from
natural image data in the case of a linear neuron model. Abeaeen, the resulting filters do not
resemble localized receptive fields of either retina/LGN/&r

but obviously nonlinear in the data(here, it is quadratic). A very nice property
of this approach is that the analysis developed for the ticaae is immediately
applicable: all we need to do is to replace the original dath the expanded data.
In the SFA case, left(x(t)) = [f1(x(t)) fa(x(t)) --- fw(x(t))]" denote a nonlinear
expansion of the data. Then the output is

s(t) =w'f(x(t)), (16.32)

and all of the optimization results apply afte(t) is replaced witH (x(t)) .

The form of basis expansion we are particularly interestasl ihat of a quadratic
basis. Lek(t) = [x1(t) X2(t) --- x(t)]" denote our original data. Then a data vector
in our quadratic data sé{x(t)) includes, in addition to the original components
x1(t),%2(1),...,xk (t), the products of all pairs of componemgt)x,(t), k=1,...,K,
¢=1,...,K; note that this also includes the squax®),x3(t), ..., X2 (t).
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While the computation of the optimum in the case of basisaeded SFA is
straightforward, the interpretation of the results is mdifécult: unlike in the case
of linear data, the obtained parameters can not simply leegreted as a template
of weights at different positions in the image, because sofittee parameters corre-
spond to the quadratic termg(t)x,(t), k=1,...,K, £ =1,...,K. One way to analyze
the learned parameter vectaws, ...,wy is to compute the input images that elicit
maximal and minimal responses, while constraining the ngnergy) of the im-
ages to make the problem well-posed; that is, ¥ O is a constant

Xmax = argmady|—cw' f(x) (16.33)
Xmin = argmiq|X||=CWTf(x). (16.34)

A procedure for findingmax andxmin is described in (Berkes and Wiskott, 2007).
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Fig. 16.23: Quadratic SFA of image sequence dgaerated from static image data) Input
imagesxmax that correspond to maximum outpit) Input images<min that correspond to min-
imum output. The maximum and minimum input images are atesponding locations in the
lattices. Most of the optimal input images are oriented aaddpass, and also spatially localized
to some degree. The maximum and minimum input images of thie bhave interesting relation-
ships; for example, they may have different preferred dagons, different locations, or one can
be orientation-selective while the other is not.

Berkes and Wiskott (2005) applied quadratic SFAitmulatedimage sequence
data: the image sequencgs) were obtained from static natural images by selecting
an initial image location, obtaining ag0) from the location with random orienta-
tion and zoom factor, and then obtainixg), t > O, by applying all of the following
transformations at the location &ft — 1) : translation, rotation, and zooming. An
important property of the results obtained by Berkes and@itg2005) using SFA
with simulated image sequence data is the phase invaridribe guadratic units.
This has lead to an association between SFA and complex icelét, Berkes and
Wiskott (2005) report a number of observed properties indgatic SFA models
that match those of complex cells. See Figure 16.23 for ackmtion of those re-
sults. However, the results by Berkes and Wiskott were abthbysimulatedmage
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sequences, whose temporal correlations were basicalgrrdeted by the experi-
menters themselves. Thus, they do not really provide a Easisaking conclusions
about the connection between ecologically valid stimudl @isual processing.

Hashimoto (2003) applied quadratic SFAreal natural image sequences. She
found that the obtained features were only weakly relatedotmplex cells, and
proposed that better results could be found Bparsevariant of SFA. This will be
treated next.

16.8.3 Sparse slow feature analysis

In sparse SFA, the measure of change is changed to one thaiasings sparse-
ness. In the original objective in Equation (16.23), it is necessary to take the
squared error. The squared error is used here for algebndicamputational sim-
plicity only: it allows us to maximize the objective funatiausing the eigenvalue
decomposition. In general, we can consider objective fanaif the form

fsspa(W) = E {G (s(t) —s(t— At))} . (16.35)

whereG is some even-symmetric function. A statistically optimhbice of G is
presumably one that corresponds to a sparse pdf, becausgeshim images are
usually abrupt, as in edges. We call resulting model SpaF#e Fhe statistical
justification is based on modelling the data with an aut@sgjve model in which
the driving noise term (innovation process) is super-ganssr sparse (Hyvarinen,
2001b).

The same sparse model (usinGavhich is not the square function) can be used
in the context of quadratic SFA because quadratic SFA simgns defining the
input data in a new way. This leads to the concept of sparsdrgtia SFA. It is
important not to confuse the two ways in which an SFA modellwaiquadratic: It
can use squared error (i.e. taéu) = u?), or it can use a quadratic expansion of
the input data (using products of the original input varestds new input variables).

Using sparse quadratic SFA, Hashimoto (2003) obtainedygramtectors which
seem to be much closer to quadrature-phase filter pairs andlew cells than those
obtained by ordinary quadratic SFA. Those results wereiogthon real natural
image sequences, from which ordinary quadratic SFA doese®n to learn very
complex-cell like energy detectors.

Thus, we see how sparseness is ubiquitous in natural imatigtiss modelling,
and seems to be necessary even in the context of SFA.
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16.9 Conclusion

Different models of temporal coherence have been applisthalated and natural
visual data. The results that emerge from these models agtie@europhysiologi-
cal observations to varying degrees. Thus far the prindipemostly been applied
to model V1 cells — that is, simple and complex cells. In thiamer we focused
on models which have resulted in the emergencspatially localizedfilters with
multiple scales (responding to different frequenciesirfrmatural image sequence
data. That is, we required that the spatial localization iatsbeen forced in the
model, but emerges from learning, as happened in all thessparding and ICA-
related models treated in this book so far; this is in comtasome temporal coher-
ence models, in which spatial localizatioreisforcedby sampling with a gaussian
weighting window, so that the RF’s are then necessarilylined in the center of
the patch. Also, we required that the image sequences camedrvideo camera
or a similar device, which is in contrast to some work in whicte takes static im-
ages and then artificially creates sequence by samplingtiiem. Further work on
temporal coherence, in addition to the work already citeavabinclude (Kohonen,
1996; Kohonen et al, 1997; Bray and Martinez, 2003; Kaysat,e2003; Kording
et al, 2004; Wyss et al, 2006).

A more philosophical question concerns the priorities leswmodels of static
images and image sequences. We have seen models which @muaite similar
results in the two cases. For example, simple cell RF's cale&med by sparse
coding and ICA from static natural images, or, alternativaking temporal coher-
ence from natural image sequences. Which model is, therg fideresting”? This
is certainly a deep question which depends very much of th#figation of the
assumptions in the models. Yet, one argument can be put fdriwegeneral: We
should always prefer the simpler model, if both models haeesame explanatory
power. This is a general principle in modelling, called jpany, or Occam’s ra-
zor. In our case, it could be argued that since static imagesecessarily simpler
than image sequences, we should prefer models which use istages—at least
if the models have similar conceptual simplicity. Thus, coald argue that models
on image sequences are mainly interesting if they enabiritepof aspects which
cannot be learned with static images. This may not have ee=nase with many
models we considered in this chapter; however, the priasipitroduced may very
well to lead to discoveries of new properties which cannogasily, if at all, found
in static images.

An important related question concerns learning imagesfaamations (Memi-
sevic and Hinton, 2007). One can view image sequences froiewgpuint where
each image (frame) is a transformation of the preceding ®hes is, in a sense,
complementary to the viewpoint of temporal coherence, ifctvione tries to cap-
ture features which are not transformed. It also seems tddsely related to the
idea of predictive coding, see Section 14.3.
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Chapter 17
Conclusion and future prospects

In this chapter, we first provide a short overview of this bodken, we discuss
some open questions in the field, as well as alternative appes to natural image
statistics which we did not consider in detail in this boole ¥énclude with some
remarks on possible future developments.

17.1 Short overview

We started this book in Chapter 1 by motivating the researchatural image
statistics from an ecological-statistical viewpoint: TWisual system is assumed to
be adapted to the statistical structure of natural imagesatse it needs to use
Bayesian inference. Next, we prepared the reader by intiodwell-known math-
ematical tools which are needed in natural image statistimdels (Part |, i.e. Chap-
ters 2—4). The rest of the book, up to this chapter, was maisiyccession of differ-
ent statistical models for natural images.

Part 1l was dedicated to models using purely linear recepiieids. The first
model we considered was principal component analysis irp@hd. It is an im-
portant model for historical reasons, and also becauseitigies a preprocessing
method (dimension reduction accompanied by whitening)ctvtié used in most
subsequent models. However, it does not provide a propeehfimdreceptive fields
in the primary visual cortex (V1).

In Chapter 6, the failure of principal component analysis waplained as the
failure to consider the sparse, non-gaussian structurbeoflata. In fact, natural
images have a very sparse structure; the outputs of tygioadd filters all have
strongly positive kurtosis. Based on this property, we éved a method in which
we find the feature weights by maximizing the sparsenessebtiiput when the
input to the feature detectors is natural images. Thus, vieirmdd a fundamental
result: sparse coding finds receptive fields which are quitéla to those in V1
simple cells in the sense that they are spatially localipeénted, and band-pass
(localized in Fourier space).

379
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Chapter 7 further elaborated on the linear sparse codingetrantl brought it
firmly into the realm of generative probabilistic modelsalso brought the view-
point of independence: instead of maximizing the sparseoksingle features, we
can maximize their statistical independence. A most furetatal theoretical results
says that these two goals are equivalent for linear feattifesresulting model has
been named independent component analysis (ICA) in thalsmncessing litera-
ture. An information-theoretic interpretation of the mbaes considered Chapter 8,
as an alternative to the Bayesian one.

Part 1l took a clear step forward by introducing nonlineaature detectors. It
turns out that independent component analysis is not altarioel all the depen-
dencies between the components, despite the name of thedndthive measure
the dependencies of components given by ICA by computirigréifit kinds of cor-
relations, we see that the squares of the components terelswdngly correlated
(Chapter 9). Such squares are called “energies” for hisgbreasons. We can model
such dependencies by introducing a random variable whialrais the variances
of all the components at the same time. This enables the tieduaf the depen-
dencies based on processing which is quite similar to néwysiplogical models of
interactions between cells in V1, based on divisive nornadion.

In Chapter 10, we used the same kind of energy dependenaissdel strongly
nonlinear features. Here, the nonlinearities took the fofrmomputing the squares
of linear feature detectors and summing (“pooling”) suchasgs together. Just as
with linear features, we can maximize the sparseness of sanlinear features
when the input is natural images. The resulting featureguaite similar to complex
cells in V1. Again, we can build a probabilistic model, inéedent subspace anal-
ysis, based on this maximization of sparseness. Integdgtiime model can also be
considered a nonlinear version of independent componehysia.

The same idea of maximization of sparseness of energiesstersded to model
the spatial (“topographic”) arrangement of cells in thetewrin Chapter 11. This
model is really a simple modification of the complex cells mloof the preceding
chapter. We order the simple cells or linear feature detecn a regular grid, which
thus defines which cells are close to each other. Then, wemizthe sparsenesses
of energy detectors which pool the energies of close-by l&roplls; we take the
sum of such sparsenesses over all grid locations. This teadspatial arrangement
of linear features which is similar to the one in V1 in the s=tisat preferred ori-
entations and frequencies of the cells change smoothly weemove on the grid
(or cortex); the same applies to the locations of the cemtiréise features. Because
of the close connection to the complex cell model, the poelestgies of close-by
cells (i.e. sums of squares of feature detectors which asedb each other on the
grid) have the properties of complex cells just like in theqeding chapter.

In Chapter 12 even more complicated nonlinear features {garaed, although
we didn’t introduce any new probabilistic models. The trighs to fix the initial
feature extraction to computation of energies as in compédkxmodels. Then we
can just estimate a linear model, basic ICA, of the outputsioh nonlinear feature
detectors. Effectively, we are then estimating a hieraahhree-layer model. The
results show that there are strong dependencies betwepatsuwf complex cells
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which are collinear, even if they are in different frequebeands. Thus, the learned
features can be interpreted as short line segments whiclnacentrast to the fea-

tures computed by simple or complex cells, not restricteadsmgle frequency band
(and they are also more elongated).

Chapter 13 we went back to the basic linear models such asd@dintroduced
two important extensions. First, we considered the caseenthe number of com-
ponents is arbitrarily large, which results in what is cdlkn overcomplete basis.
Overcomplete bases seem to be important for building a goalolilistic model,
although the receptive fields learned are not unlike thosm&xl by basic ICA. A
related extension is Markov random fields which may alloveaston of the models
to whole images instead of image patches.

To conclude Part I, we showed how the concept of feedbackrges naturally
from Bayesian inference in models of natural image sta8stChapter 14). Feed-
back can be interpreted as a communication between diffégature sets to com-
pute the best estimates of the feature values. Computingatlnes of the features
was straightforward in models considered earlier, but iwsume that there is noise
in the system or we have an overcomplete basis, things ark mace complicated.
The features are interpreted latent (hidden) random vimsabnd computing the op-
timal Bayesian estimates of the features is a straightfahapplication of Bayesian
inference. However, computationally it can be quite coogikd, and requires up-
dating estimates of some features based on estimates o§plleeice the need for
feedback from one cortical area to another, or between grofigells inside the
same cortical area. This topic is not yet well developedhuolds great promise to
explain the complicated phenomena of cortical feedbackvhre wide-spread in
the brain.

Part IV considered images which are not simple static goajesimages. For
colour images and stereo images (mimicking the capturesafatiinformation by
the two eyes), ICA gives features which are similar to theesponding processing
in V1, as shown in Chapter 15. For motion (Chapter 16), theesiartrue, at least to
some extent; more interestingly, motion leads to a comiyietav kind of statistical
property, or learning principle. This is temporal coherem stability, which is
based on finding features which change slowly.

17.2 Open, or frequently asked, questions

Next, we consider some questions on the general framewatKiardamental as-
sumptions adopted in this book.
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17.2.1 What is the real learning principle in the brain?

There has been some debate on what is the actual learnirgpbeinvhich the vi-
sual cortex “follows”, or which it should follow. There areally two questions
here: What is the learning principle which the brahmouldfollow according to the
ecological-statistical approach, and what is the learmirigciple which best ex-
plains the functioning of the brain. Answering the latteegtion seems impossible
considering our modest knowledge of the workings of thealisortex, but the for-
mer question needs some comment because it may seem thiegetkisbry provides
several contradictory answers.

In fact, in this book, we saw a few different proposals for lgerning principle:
sparseness in Chapter 6, independence in Chapter 7, andr&nespherence in
Chapter 16. However, in our view, there is no need to arguehvbine of these is
the best since they are all subsumed under the greater plenaf describing the
statistical structure of natural images as well as possible

Having a good statistical model of the input is what the Visyatem needs in
order to perform Bayesian inference. Yet, it is true that &ign inference may
not be the only goal for which the system needs input stegistsparse coding,
as well as topography, may be useful for reducing metabobtsc(Section 6.5 and
Section 11.5). Information theoretic approaches (Ch&)jtassume that the ultimate
goal is to store and to transmit the data in noisy channelsnitdd capacity — the
limited capacity being presumably due to metabolic costs.

Our personal viewpoint is that the image analysis and pat&gognition are so
immensely difficult tasks that the visual system needs togienized to perform
them. Metabolic costs may not be such a major factor in thegdesf the brain.
However, we admit that this is, at best, an educated guedduaure research may
prove it to be wrong.

In principle, we can compare different models and learnimiggiples as the the-
ory of statistical estimation gives us clear guidelines ow o measure how well a
model describes a data set. There may not be a single angeayd®e one could use,
for example, either the likelihood or the score matchindatise. However, these
different measures of model fit are likely to give very simitmswers on which
models are good and which are not. In the future, such cdlonkmay shed some
light on the optimality of various learning principles.

17.2.2 Nature vs. nurture

One question which we have barely touched is whether thedtiom of receptive
fields is governed by genes or the input from the environnm@né answer to this
guestion is simply that we don’t care: the statistical medek modelling the final
result of genetic instructions and individual developmemid we don’t even try
to figure out which part has what kind of contribution. The sfin of nature vs.
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nurture seems to be highly complex in the case of the visisibay, and trying to
disentangle the two effects has not produced very condusisults.

What makes the situation even more complicated in visiogenesh is that there is
ample evidence thatre-natalexperience in the uterus has an important effect on the
receptive field properties, see (Wong, 1999) for a revieviatt, the retinal ganglion
cells exhibit spontaneous activity which is characteribgdsynchronised bursts,
and they generate waves of activity that periodically swapss the retina. If such
“travelling waves” are disrupted by experimental manipiolas, the development
of the visual cortex suffers considerably (Cang et al, 2005)

Spontaneous retinal waves may, in fact, be considered améipe form of vi-
sual stimuli from which the visual cortex might learn in rattsimilar ways as it
learns from natural images. Application of ICA on such tihmg waves can gen-
erate something similar to ICA of natural images. Thus,dlawy waves may be
a method of enabling the rudimentary learning of some basieptive field prop-
erties even before the eyes receive any input. One mighutgtedhat such waves
are a clever method, devised by evolution, of simulating es@fthe most funda-
mental statistical properties of natural images. Suchiegrwould bridge the gap
between nature and nurture, since itis both innate (preséith) and learned from
“stimuli” external to the visual cortex (Albert et al, 2008)

17.2.3 How to model whole images

Our approach was based on the idea of considering imagesd@mavectors. This
means, in particular, that we neglect their two-dimendiatraicture, and the fact
that different parts of the image tend to have rather sinstatistical regularities.
Our approach was motivated by the desire to be sure that thmepies we esti-
mate are really about the statistics of images and not duartassumptions. The
downside is that this is computationally a very demandingagch: the number of
parameters can be very large even for small image patchashwieans that we
need large amounts of data and the computational resoueegled can be near the
limit of what is available — at the time of this writing.

The situation can be greatly simplified if we assume that tgeddencies of
pixels are just the same regardless of whether the pixelsidered are in, say, the
upper-left corner of the image, or in the centre. We haveaalyeconsidered one
approach based on this idea, Markov random fields in Secoh 7, and wavelet
approaches to be considered below in Section 17.3.2 areemot

Wavelet theory has been successfully used in many pra&iwiheering tasks
to model whole images. A major problem is that it does notlyeaiswer the ques-
tion of what are the statistically optimal receptive fieltlse receptive fields are
determined largely by mathematical convenience, the elésimitate V1 receptive
fields, or, more recently, the desire to imitate ICA results.

On the other hand, the theory of Markov random fields offersoanising alter-
native in which we presumably can estimate receptive fietnta hatural images, as
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well as obtain a computationally feasible probability midde Bayesian inference.
However, at present, the theory is really not developed ghdo see whether that
promise will be fulfilled.

17.2.4 Are there clear-cut cell types?

There has been a lot of debate about the categorization oEN4.into simple and
complex cells. Some investigators argue that the cells aane meaningfully di-
vided into two classes. They argue that there is a continuurelbtypes, meaning
that there are many cells which are between the stereotygimple cells and com-
plex cells.

Consider some quantity (such as phase-variance) which eandasured from
cells in the primary visual cortex. The basic point in the atelis whether we can
find a quantity such that its distribution is bimodal. Thidlisstrated in Figure 17.1.
In some authors’ view, only such bimodality can justify clifisation to simple and
complex cells. Thus, there is not much debate on whetheg irersome cells which
fit the classical picture of simple cells, and others whichh& complex cell cate-
gory. The debate is mainly on whether there is a clear distinor division between
these two classes.

Number of cells

Value of quantity

Fig. 17.1: Hypothetical histogram of some quantity for e@fl the primary visual cortex. Some au-
thors argue that the histogram should be bimodal (solideuiv justify classification of cells into
simple and complex cells. On the other hand, even if theibigton is flat (dashed curve), charac-
terizing the cells at the two ends of the distribution may bergeresting approach, especially in
computational models which always require some level ofrabson.
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This debate is rather complicated because there are védeyatit dimensions in
which one could assume simple and complex cells to be fornctagses. One can
consider, for example, their response properties as meadsyrphase-invariance, or
some more basic physiological or anatomical quantitiebéncells. It has, in fact,
been argued that even marked differences in response fiegoeeed not imply any
fundamental physiological difference which would justifgnsidering two different
cell types (Mechler and Ringach, 2002).

A related debate is on the validity of the hierarchical modelvhich complex
cell responses are computed from simple cell responsessltbken argued that
complex cell responses might be due to lateral connectioassiystem with no hi-
erarchical distinction between simple and complex cellsai@e et al, 1999). This
dimension, hierarchy vs. lateral connections, might besimered another dimen-
sion along which the bimodality or flatness of the distribntcould be considered.

We would argue that this debate is not necessarily very aelor natural image
statistics. Even if the distribution of simple and compleX<is not bimodal with
respect to any interesting quantity, it still makes sensaddel the two ends of the
distribution. This is a useful abstraction even if it negéethe cells in the middle
of the distribution. Furthermore, if we have models of théscat the ends of the
“spectrum”, it may not be very difficult to combine them intoeto provide a more
complete model. In any case, mathematical and computatiwodelling always re-
quire some level of abstraction; this includes classifawatf objects into categories
which are not strictly separated in reality.

17.2.5 How far can we go?

So far, the research on natural image statistics has maéay modelling V1, using
the classic distinction of simple and complex cells. ChapBpresented an attempt
to go beyond these two processing layers. How far is it péssdogo with this
modelling approach?

A central assumption in natural image statistics researtat learning isinsu-
pervised In the terminology of machine learning, this means leagnimwhich we
do not know what is good and what is bad; nor do we know whatesitiht output
of the system in contrast to classic regression methodss,Tihthe system knows
that bananas are good (in the sense of increasing someiebjieiction), we are
in a domain which is perhaps outside of natural image sizis§o, the question
really is: How much of the visual system is involved in pragiag which applies
equally to all stimuli, and does not require knowledge of ttha organism needs?

Unsupervised learning may be enough for typical signatessing tasks such
as noise reduction and compression. Noise reduction shwoeilthken here in a

1 In fact, when we talk about response properties of a celtetigalways a certain amount of

abstraction involves since the response properties ch@ugpt) depending on various parame-
ters. For example, the contrast level may change the cleatsiin of a cell to simple or complex

(Crowder et al, 2007).
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very general sense, including operations such as contoupletion. More sophisti-
cated tasks which may be possible in an unsupervised sétthgle segmentation,
amodal completion (completion of occluded contours), aamibus kinds of filling-
in of image areas which are not seen due to anatomical réstrgcor pathologies.

Certainly, there need not be any clear-cut distinction leenwprocessing based
on unsupervised learning and the rest. For example, themystight be able to
perform a rudimentary segmentation based on generic kulgelef natural image
statistics; if that results in recognition of, say, a bandha prior knowledge about
the banana can be used to refine the segmentation. Thatvslddye of the general
shapes of objects can be complemented by knowledge abaifismbjects, the
latter being perhaps outside of the domain of natural im#afestcs.

The greatest obstacle in answering the question in thedfittbis section is our
lack of knowledge of the general functioning of the visuadteyn. We simply don't
know enough to make a reasonable estimate on which partd beuinodelled by
natural image statistics. So, it may be better to leave théstion entirely to future
research.

17.3 Other mathematical models of images

In this book, data-driven analysis was paramount: We todkrabhimages and an-
alyzed them with models which are as general as possible.ndplementary ap-
proach is to construct mathematical models of images basesbme theoretical
assumptions, and then find the best representation. Thewbeidvantage is that
the features can be found in a more elegant mathematical, fithough usually
not as a simple formula. The equally obvious disadvantatieisthe utility of such
a model crucially depends on how realistic the assumpticasfa ancestor of this
line of research is Fourier analysis, as well as the moreoetdb Gabor analysis,
which were discussed in Chapter 2.

In this section, we consider some of the most important nsodeveloped using
this approach.

17.3.1 Scaling laws

Most of the mathematical models in this section are reladestaling laws, which
are one of the oldest observations of the statistical siraaif natural images. Scal-
ing laws basically describe the approximatelf  behaviour of the power spectrum
which we discussed in Section 5.6.1. As reviewed in (Sraxaset al, 2003), they
were first found by television engineers in the 1950’s (Dgiriy 1956; Kretzmer,
1952).

The observed scaling is very closely related to scale-iamae. The idea is to
consider how natural image statistics change when you looétaral images at dif-
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ferent scales (resolutions). The basic observation, amagson, is that they don’t:
natural images look just the same if you zoom in or zoom outhSeale-invariance
is one of the basic motivations of a highly influential theofysignal and image
analysis: wavelet theory, which we consider next.

17.3.2 Wavelet theory

Beginning from the 1980’s the theory of wavelets became peoyninent in signal
and image processing. Wavelets provide a basis for onerdiimeal signals; the
basis is typically orthogonal. The key idea is that all thei®&ectors (or functions,
since the original formulation uses a continuous forma)iame based on aingle
prototype function called the mother wavelgfx). The functions in the wavelet
basis are obtained by translatiop&c+ 1) and “dilations” (rescalingsp(2—5x):

@1 (x) = 2752275 — 1) (17.1)

wheresandl| are integers that represent scale and translation, regglgcthe fun-
damental property of a wavelet basissalf-similarity, which means that the same
function is used in different scales without changing ithaThis is motivated
by the scale-invariance of natural images. Wavelet theary lwe applied on sig-
nals sampled with a finite resolution by considering diszeet versions of these
functions, just like in Fourier analysis we can move from atewous-time repre-
sentation to a discretized one.

Much of the excitement around wavelets is based on matheahatialysis which
shows that the representation is optimal for several $itzlsignal-processing tasks
such as denoising (Donoho et al, 1995). However, such ttiealeesults always as-
sume that the input data comes from a certain theoretictilaigon (in this case,
from certain function spaces defined using sophisticatedtfonal analysis theory).
Another great advantage is the existence of fast algorifiomsomputing the coef-
ficients in such a basis (Mallat, 1989).

This classic formulation of wavelets is for one-dimensiosignals, which is
a major disadvantage for image analysis. Although it isigitforward to apply a
one-dimensional analysis on images by first doing the aisdlyssay, the horizontal
direction, and then, the vertical direction, this is notysatisfactory because then
the analysis does not properly contain features of diffeoeientations. In practical
image processing, the fact that basic wavelets form an gahal basis may also
be problematic: It implies that the number of features egjtiz number of pixels,
whereas in engineering applications, an overcompletslimssually required. Var-
ious bases which are similar to wavelets, but better for imsabave therefore been
developed. In fact, the theory of multiresolution deconifpmss of images was one
of the original motivations for the general theory of wavsléBurt and Adelson,
1983).
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Wavelet-like bases specifically developed for images slpidnclude features
of different orientations, as well as some overcompletent&teerable pyramids”
are based on steerable filters, and therefore provide iitipladl possible orienta-
tions, see, e.g. (Freeman and Adelson, 1991; Simoncell, 4982). One of the
most recent systems is “curvelets”. Curvelets can be shoywnavide an optimally
sparse representation of edges (Candeés et al, 2005),rihvidipg a basis set which
is mathematically well-defined and statistically optintédwever, such strong theo-
retical optimality results only come at the cost of consitgedge representation in
an artificial setting, and their relevance to natural imagesains to be investigated.
In any case, such ready-made bases may be very useful ineenigig applications.

An interesting hybrid approach is to use a wavelet basis fwisipartly learned
(Olshausen et al, 2001; Sallee and Olshausen, 2003), tiuggriy the wavelet the-
ory and the theory in this book; see also (Turiel and PargaQp0

17.3.3 Physically inspired models

Another line of research models the process which generatdal images in the
first place. As with wavelet analysis, scale-invariance/plavery important role in
these models. In the review by (Srivastava et al, 2003) ethesdels were divided
into two classes, superposition models and occlusion nsodel

In the superposition models (Mumford and Gidas, 2001; Grdeaand Srivas-
tava, 2001), it is assumed that the images are a linear sunmany imdependent
“objects”. In spirit, the models are not very different fraire linear superposition
we have encountered ever since the ICA model in Chapter 7t Whéferent from
ICA is that first, the objects come from a predefined model Wismot learned, and
second, the predefined model is typically richer than theus®sl in ICA. In fact,
the objects can be from a space which defines different sihegpes and textures
(Grenander and Srivastava, 2001). One of the basic resultssi line of research is
to show that such superposition models can exhibit bottesoahriance and non-
gaussianity for well-chosen distributions of the sizeshaf bbjects (Mumford and
Gidas, 2001).

In occlusion models, the objects are not added linearlyy ttean occlude each
other if placed close to each other. An example is the “deadel®’ model, which
was originally proposed in mathematical morphology, se&/éStava et al, 2003).
It can be shown that scale-invariance can be explained highctass of models as
well (Ruderman, 1997; Lee et al, 2001).

17.4 Future work

Modern research in natural statistics essentially starteéde mid-1990’s with the
publication of the seminal sparse coding paper by Olshaaiséifrield (1996). It co-
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incided with a tremendous increase of interest in indepencdemponent analysis
(Comon, 1994; Bell and Sejnowski, 1995; Delfosse and Lauhat995; Cardoso
and Laheld, 1996; Amari et al, 1996; Hyvarinen and Oja, 329id the highly in-
fluential work by Donoho, Johnstone and others on applinaifavavelets to statis-
tical signal processing (Donoho et al, 1995; Donoho, 199&dnho and Johnstone,
1995). What we have tried to capture in this book is the dgwalkents of these ideas
in the last 10-15 years.

What might be the next wave in natural image statistics? ilykr models are
seen by many as the Holy Grail, especially if we were able tionase an arbitrary
number of layers, as in classical multilayer perceptronstkdv random fields may
open the way to new successful engineering applications #vheir impact of
neuroscientific modelling may be modest. Some would argaiiage sequences
are the key because their structure is much richer than thfostatic images.

People outside of the mainstream natural image statistggsarch might put for-
ward arguments in favour of embodiment, i.e., we cannobdisse information pro-
cessing from behaviour, and possibly not from metaboliasesther. This would
mean we need research on robots, or simulated robot-liketagehich interact
with their environment. On the other hand, science has @ftianced faster when
it hasdissociated one problem from the rest; it may be that usitgpt©makes
modelling technically too difficult.

Whatever future research may bring, natural image stesisttems to have con-
solidated its place as the dominant functional explanatfavhy V1 receptive fields
are as they are. Hopefully, it will lead to new insights on hbw rest of the visual
system works. Combined with more high-level theories otgratrecognition by
Bayesian inference, it has the potential of providing a fgranified theory” of
visual processing in the brain.
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Chapter 18
Optimization theory and algorithms

In this book, we have considered features which are definesobye optimality

properties, such as maximum sparseness. In this chaptdrriefy explain how

those optimal features can be numerically computed. Thetisok are based ei-
ther on general-purpose optimization methods, such asagramiethods, or specific
tailor-made methods such as fixed-point algorithms.

18.1 Levels of modelling

First, itis important to understand the different levelsadrich we can model vision.
A well-known classification is due to Marr (1982), who digfinshed between the
computational, algorithmic, and implementation levelsolrr context, we can actu-
ally distinguish even more levels. We can consider, at Jeéastfollowing different
levels:

1. Abstract principle The modelling begins by formulating an abstract optiryalit
principle for learning. For example, we assume that thealisystem should
have a good model of the statistical properties of the typrgaut, or that the
representation should be sparse to decrease metabolc cost

2. Probabilistic model Typically, the abstract principle leads to a number of con-
crete quantitative models. For example, independent coemtcanalysis is one
model which tries to give a good model of the statistics ofdgpinput.

3. Objective functionBased on the probabilistic model, or sometimes directly us
ing the abstract principle, we formulate an objective fimtivhich we want to
optimize. For example, we formulate the likelihood of a mbllistic model.

4. Optimization algorithmThis is the focus of this Chapter. The algorithm allows
us to find the maximum or minimum of the objective function.

5. Physical implementatiohis is the detailed physical implementation of the op-
timization algorithm. The same algorithm can be implemeimedifferent kinds
of hardware: a digital computer or a brain, for example. Aty this level is

393
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quite complex and could be further divided into a number wélg: the phys-
ical implementation can be described at the level of netwjosingle cells, or
molecules, whereas the detailed implementation of the nicai®perations (e.g.
matrix multiplication and nonlinear scalar functions) rsiateresting issue in it-
self. We will not go into details regarding this level.

Some of the levels may be missing in some cases. For examptbe ibasic
sparse coding approach in Chapter 6, we don’t have a prostabihodel: We go
directly from the level of principles to the level of objeaifunctions. However,
the central idea of this book is that vebouldinclude the probabilistic modelling
level—which was one motivation for going from sparse codm{CA.

An important choice made in this book is that the level of obiye function is
alwayspresent. All our learning was based on optimization of ofajedunctions—
which are almost always based on probabilistic modellinggiples. In some other
approaches, one may go directly from the representatioimaiple to an algorithm.
The danger with such an approach is that it may be difficultrideustand what
such algorithms actually do. Going systematically throtlghlevels of probabilis-
tic modelling, and objective function formulation, we gairdeeper understanding
of what the algorithm does based on the theory of statisfitso, this approach
constrains the modelling because we have to respect theatifgobabilistic mod-
elling, and avoids completely ad hoc methods.

Since we always have an objective function, we always needpéimization
algorithm. In preceding chapters, we omitted any discusgiohow such optimiza-
tion algorithms can be constructed. One reason for thisasiths possible to use
general-purpose optimization methods readily implenmenany scientific com-
puting environments. So, one could numerically optimize dbjective functions
without knowing anything, or at least not much, on the thesfrgptimization.

However, it is of course very useful to understand optini@atheory when do-
ing natural image statistics modelling for several reasons

e One can better choose a suitable optimization method, aeddime its parame-
ters.

e Some optimization methods have interesting neurophygicéd interpretations
(in particular, Hebbian learning in Section 18.4).

e Some methods have tailor-made optimization methods (EAstl Section 18.7).

That is why in this chapter, we review the optimization theoneeded for under-
standing how to optimize the objective functions obtainethis book.
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18.2 Gradient method

18.2.1 Definition and meaning of gradient

The gradient method is the most fundamental method for maiiga continuous-
valued, smooth function in a multidimensional space.

We consider the general problem of finding the maximum of afion that takes
real values in am-dimensional real space. Finding the minimum is just findhmey
maximum of the negative of the function, so the same theodyréstly applicable
to both cases. We consider here maximization because thdtaswe needed in
preceding chapters. Let us denote the function to be maguiw f (w) where
w = (Wy,...,Wn) IS just ann-dimensional vector. The function to be optimized is
usually called the objective function.

The gradient off, denoted by 1f is defined as the vector of the partial deriva-

tives:
af(w)
dWl
Ofw)=| (18.1)
af(w)
owWn
The meaning of the gradient is that it points in the directidmere the function
grows the fastest. More precisely, suppose we want to find#re which is such
that f (w+v) is as large as possible when we constrain the normtotbe fixed and
very small. Then the optimal is given by a suitably short vector in the direction
of the gradient vector. Likewise, the vector that reducesvildue off as much as
possible is given by-0Of (w), multiplied by a small constant. Thus, the gradient is
the direction of “steepest ascent”, andlf (w) is the direction of steepest descent.
Geometrically, the gradient is always orthogonal to thevesiin a contour plot
of the function (i.e. to the curves that show whéreas the same value), pointing in
the direction of growing .
For illustration, let us consider the following function:

f(w) = exp(—5(x—1)2—10(y — 1)?) (18.2)

which is, incidentally, like a gaussian pdf. The functiompistted in Figure 18.1 a).
Its maximum is at the point (1,1). The gradientis equal to

~10(x— 1) exp{—5(x — 1)~ 10(y - 1>2>> (18.3)

Httw) = <_zo<y— 1) exp(~5(x— 1)2— 10(y - 1)?)

Some contours where the function is constant are shown in18id. b). Also, the

gradient at one point is shown. We can see that taking a sieallis the direction

of the gradient, one gets closer to the maximizing point. E\ey, if one takes a big
enough step, one actually misses the maximizing point, sstép really has to be
small.
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Fig. 18.1: The geometrical meaning of the gradient. Comside function in Equation (18.3),
plotted ina). In b), the closed curves are the sets where the functibas a constant value. The
gradient at point (0.5,1.42) is shown and it is orthogonahtcurve.

18.2.2 Gradient and optimization

The gradient method for finding the maximum of a function éstssof repeatedly
taking small steps in the direction of the gradiénf,(w), recomputing the gradient
at the current point after each step. We have to take smals $gtecause we know
that this direction leads to an increase in the valud amly locally — actually,
we can be sure of this only when the steps are infinitely sriai. direction of the
gradient is, of course, different at each point and needs twmputed again in the
new point. The method can then be expressed as

W —w+ pOf(w) (18.4)

where the parametau is a small step size, typically much smaller than 1. The
iteration in (18.4) is repeated over and over again untilalygrithm converges to

a point. This can be tested by looking at the change imetween two subsequent
iterations: if it is small enough, we assume the algorithm ¢@nverged.

When does such an algorithm converge? Obviously, if it esiat a point where
the gradient it zero, it will not move away from it. This is nairprising because
the basic principles of optimization theory tell that at theximizing points, the
gradient is zero; this is a generalization of the elementalyulus result which says
that in one dimension, the minima or maxima of a function dtaimed at those
points where the derivative is zero.

If the gradient method is used faminimizationof the function, as is more con-
ventional in the literature, the sign of the increment in.&)&s negative, i.e.

w—w— udf(w) (18.5)

Choosing a good step size parametes crucial. If it is too large, the algorithm
will not work at all; if it is too small, the algorithm will bedo slow. One method,
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which we used in the ISA and topographic ICA experimentsis blook, is to adapt
the step size during the iterations. At each step, we confliéestep size used in
the previous iteration (sayp), and a larger one (sayg) and a smaller ong.p/2).
Then, we compute the value of the objective function thatiltegrom using any
of these three step sizes in the current step, and chooséeihsize which gives
the largest value for the objective function, and use it agthin the next iteration.
Such adaptation makes each step a bit slower, but it makedisatrthe step sizes
are reasonable.

18.2.3 Optimization of function of matrix

Many functions we want to maximize are actually functionaahatrix. However,
in this context, such matrices are treated just like vectbngt is, an x n matrix is
treated as an ordinary-dimensional vector. Just like we vectorize image patches
and consider them as very long vectors, we consider the gaesmmatrices as if
they had been vectorized. In practice, we don’t need to &ialyr vectorize the
parameter matrices we optimize, but that is the underlydieg.i

For example, the gradient of the likelihood of the ICA modeEquation (7.15)
is given by (see (Hyvarinen et al, 2001b) for derivation):

.
Zlg(Vzt)th +(v T (18.6)
t=

where the latter term is the gradient of |atgtV|. Here,g is a function of the pdf
of the independent components= p;/p; wherep; is the pdf of an independent
component. Thus, a gradient method for maximizing theilield of ICA is given
by:

.
VeV u[Zg(Vzt)ZtT +(vhHT (18.7)
t=

wherep is the learning rate, not necessarily constant in time. Albtuin this case
it is possible to use a very simple trick to speed up computaif the gradient is
multiplied by VTV from the right, we obtain a simpler version

;
Ve—V+pu Zl[l +9(y)y{ V. (18.8)
t=

wherey; = Vz;. This turns out to be a valid method for maximizing likelittbo
Simply, the algorithm can be assumed to converge to the samésps the one in
Equation (18.7) becauséV is invertible, and thus the points where the change
in V is zero are the same. A more rigorous justification of thisurator relative
gradient method is given in (Cardoso and Laheld, 1996; Am&98).
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18.2.4 Constrained optimization

It is often necessary to maximize a function under some caings. That is, the
vectorw is not allowed to take any value in timedimensional real space. The most
common constraint that we will encounter is that the nornwa$ fixed to be con-
stant, typically equal to onélw|| = 1. The set of allowed values is called the con-
straint set. Some changes are needed in the gradient mettadatsuch constraints
into account, but in the cases that we are interested inhieges are actually quite
simple.

18.2.4.1 Projecting back to constraint set

The basic idea of the gradient method can be used in the edmestrcase as well.
Only a simple modification is needed: after each iteratio(il8f4), we projectthe
vectorw onto the constraint set. Projecting means going to the pothe constraint
set which is closest. Projection to the constraint setusifated in Figure 18.2 a).

a) 15 b) 15
1
1
05
05
0
45 0 05 1 05

Fig. 18.2: Projection onto the constraint set (a), and pt@e of the gradient (b). A function (not
shown explicitly) is to be minimized on the unit spheag Starting at the point marked with “0”, a
small gradient step is taken, as shown by the arrow. Themdim is projected to the closest point
on the unit sphere, which is marked by “x”. This is one iteyatdf the methodb) The gradient
(dashed arrow) points in a direction in which is it dangertugake a big step. The projected
gradient (solid arrow) points in a better direction, whisltiangential” to the constraint set. Then,
a small step in this projected direction is taken (the steptsshown here).

In general, computing the projection can be very difficultf n some special
cases, it is a simple operation. For example, if the constsat consists of vectors
with norm equal to one, the projection is performed simplythy division:

W= w/[|wl] (18.9)
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Another common constraint is orthogonality of a matrix.thiatcase, the projec-
tion onto the constraint set is given by

W — (WwT)~ 12w (18.10)

Here, we see a rather involved operation: the inverse ofghare root of the matrix.

We shall not go into details on how it can be computed; suffittesay that most nu-

merical software can compute it quite efficienti§his operation often called sym-
metric orthogonalization, and it is the way that symmetecalrelation in sparse
coding and other algorithms is usually implemented.

18.2.4.2 Projection of the gradient

Actually, an even better method is obtained if we first projae gradient onto the
“tangent space” of the constraint set, and then take a stdmirdirection instead
of the ordinary gradient direction. What this means is thato@mpute a direction
thatis “inside” the constraint set in the sense that infipisenall changes along that
direction do not get us out of the constraint set, yet the mmar in that direction
maximally increases the value of the objective functionsTimproves the method
because then we can usually take larger step sizes and tdtgenincreases in the
objective function without going in a completely wrong ditien as is always the
danger when taking large steps. The projection onto thet@nsset has to done
even in this case. Projection of the gradient is illustrateligure 18.2 b).

This is quite useful in the case where we are maximizing wégpect to a pa-
rameter matrix that is constrained to be orthogonal. Th¢eptimn can be shown to
equal (Edelman et al, 1998):

Of (W) = Of (W) —WTOf (w)wT (18.11)

wheredf (W) is the ordinary gradient of the functidn
In Section 18.5 below we will see an example of how these idéasnstrained
optimization are used in practice.

18.3 Global and local maxima

An important distinction is between global and local maxir@ansider the one-
dimensional function in Figure 18.3. The global maximumtaf function is at the
point x = 6; this is the “real” maximum point where the function attits very
largest value. However, there are also two local maxima-aR andx = 9. A local

L if you really want to know: the inverse square rg@¢wW T )~/2 of the symmetric matrisyVw ’
is obtained from the eigenvalue decompositioMé/ T = Ediag(A1,...,An)ET as(WWT)-1/2 =

the inverse of the original matrix. See also Section 5.9.2
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maximum is a point in which the function obtains a value whigfreater than the
values in all neighbouring points close-by.

An important point to understand is that the result of a ggatialgorithm de-
pends on thenitial point, that is, the point where the algorithm starts in the first
iteration. The algorithm only sees the local behaviour effimction, so it will find
the closest local maximum. Thus, if in Figure 18.3, the atpan is started in the
point marked by circles, it will find the global maximum. Inrteast, if it is started
in one of the points marked by crosses, it will converge to afit@e local maxima.

In many cases, we are only interested in the global maximumenTthe be-
haviour of the gradient method can be rather unsatisfachmyause it only finds
a local optimum. This is, actually, the case with most optation algorithms. So,
when running optimization algorithms, we have to alwayspkeemind that that
algorithm only gives a local optimum, not the global one.

16
15¢
14
13r
12r

11

% 2 4 6 8 10

Fig. 18.3: Local vs. global maxima. The function has a glabakimum atx = 6 and two local
maxima atx = 2 andx = 9. If a gradient algorithm starts near one of the local max{emg. at the
points marked by crosses), it will get stuck at one of thellotaxima and it will not find the global
maximum. Only if the algorithm starts sufficiently close betglobal maximum (e.g. at the points
marked by circles), it will find the global maximum.

18.4 Hebb’s rule and gradient methods

18.4.1 Hebb’s rule

Hebb’s rule, or Hebbian learning, is a principle which isttahin modern research
on learning and memory. It attempts to explain why certairagyic connections get
strengthened as a result of experience, and others doististicalledplasticity in
neuroscience, anéarningis a more cognitive context. Donald Hebb proposed in
1949 that



18.4 Hebb’s rule and gradient methods 401

When an axon of cell A (...) excites cell B and repeatedly osigéently takes part in firing
it, some growth process of metabolic change takes place énoorboth cells so that A's
efficiency as one of the cells firing B is increased. (Quote@iandel et al, 2000))

This proposal can be readily considered in probabilistimge A statistical analysis
is about things which happen “repeatedly or persistently”.

A basic interpretation of Hebb’s rule is in terms of tbevarianceof the firing
rates of cells A and B: the change in the synaptic connectionlsl be proportional
to that covariance. This is because if the firing rates of A Brare both high at
the same time, their covariance is typically large. The davee interpretation is
actually stronger because it would also imply that if botlscare silent (firing rate
below average) at the same time, the synaptic connectitreisgghened. Even more
than that: if one of the cells is typically silent when theatbne fires strongly, this
has a negative contribution to the covariance, and the signagnnection should be
decreased. Such an extension of Hebb'’s rule seems to beimliite with Hebb’s
original idea (Dayan and Abbott, 2001).

Note a difference between this covariance interpretatiomhich only the cor-
relation of the firing rates matters, and the original foratign, in which cell A is
assumed to “take part in firing [cell B]", i.e. to havecausalinfluence on cell B's
firing. This difference may be partly resolved by recent sk which shows that
the exact timing of the action potentials in cell A and cell8Bimportant, a phe-
nomenon calledpike-timing dependent plasticifipan and Poo, 2004), but we will
not consider this difference here.

18.4.2 Hebb’s rule and optimization

Hebb’s rule can be readily interpreted as an optimizatimtess, closely related
to gradient methods. Consider an objective function of trenfwhich we have
extensively used in this book:

J(w) = ZG('—ilWiXi (1) (18.12)

To compute the gradient, we use two elementary rules. Eistjerivative of a sum

is the sum of the derivatives, so we just need to take theat@ré/ofG(S [ ; wixi(t))

and take its sum over. Second, we use the chain rule which gives the deriva-
tive of a compound functioriiy (f2(w)) as f5(w) f; (f2(w)). Now, the derivative of
ST wixi(t) with respect ton; is simply x;(t), and we denote bg = G’ the deriva-
tive of G. Thus, the partial derivatives are obtained as

;—VJW = Zm(t)g(‘iwm(t)) (18.13)

So, a gradient method to maximize this function would be efftirm
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n
Wi <—Wi+uin(t)g(leixi(t)), for all i. (18.14)
i=

Now, let us interpret the terms in Equation (18.14). Assula t

thex;(t) are the inputs to theth dendrite of a neuron at time point

thew; are the strengths of the synapses at those dendrites, and

the firing rate of the neuron at time potris equal toy [ ; wix(t)

the inputs have zero mean, i.e. they describe changes around the miegn fir
rate.

PwbdpE

Further, let us assume that the functipis increasing.

Then, the gradientmethod in Equation (18.14) is quite sintd a Hebbian learn-
ing process. Consider the connection strength of one ofythepses. Then, the
connectionw; is increased ik (t) is repeatedly high at the same time as the firing
rate of the neuron in question. In fact, the term multipligdie learning rateu is
nothing else that the covariance between the input totheendrite and an increas-
ing function of the firing rate of the neuron, as in the covacierbased extension of
Hebb's rule.

Such a “learning rule” would be incomplete, however. Thesogris that we
have to constrainv somehow, otherwise it might simply go to zero or infinity. In
preceding chapters, we usually constrained the norm tf be equal to unity. This
is quite a valid constraint here as well. So, we assume thatldition to Hebb'’s
rule, some kind of normalization process is operating ihBel

18.4.3 Stochastic gradient methods

The form of Hebb’s rule in Equation (18.14) uses the stasstf the data in the
sense that it computes the correlation over many obsenstitx. This is not very
realistic in terms of neurobiological modelling. A simplelstion for this problem
is offered by the theory of stochastic gradient methods ikes and Clark, 1978).
The idea in a stochastic gradient is simple and very gengsalime we want to
maximize some expectation, s&yg(w,x)} wherex is a random vector, anda is a
parameter vector. The gradient method for maximizing thitk wespect tav gives

W —w -+ HE{Owg(w,Xx)} (18.15)

where the gradient is computed with respeatt@s emphasized by the subscript in
the operator. Note that we have taken the gradient inside theaapon operator,
which is valid because expectation is basically a sum, aadéhnivative of a sum is
the sum of the derivatives as noted above.

The stochastic gradient method now proposes that we doed ttecompute the
expectation before taking the gradient step. &ach observatior, we can use the
gradient iteration given that single observation:
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W — w+ uOwg(w,X) (18.16)

So, when given a sample of observationsxpfve compute the update in Equa-
tion (18.16) for each observation separately. This is neable because the update
in the gradient will bepn the averageequal to the update in the original gradient
with the expectation given in Equation (18.15). The step Bis to be much smaller,
though, because of the large random fluctuations in thig&mtaneous” gradient.
So, we can consider Hebbian learning in Equation (18.14habthe sum over
t is omitted, and each incoming observation, i.e. stimulsismmediately used in
learning:

Wi — Wi + uxi(t)g(iwixi (t)) (18.17)

Such a learning method still performs maximization of th@geotive function, but
is more realistic in terms of neurophysiological modelliag each time point, the
input and output of the neuron make a small change in the signapights.

18.4.4 Role of the Hebbian nonlinearity

By changing the nonlinearity in the learning rule, and thus tli&in the objective
function, we see that Hebb’s rule is quite flexible and alldifferent kinds of learn-
ing to take place. If we assume ttis linear the original functionG is quadratic.
Then, Hebb's rule is actually doing PCA (Oja, 1982), sinds #imply maximizing
the variance ofv' x under the constraint that has unit norm.

On the other hand, i is nonlinearG is non-quadratic. Then, we can go back to
the framework of basic sparse coding in Chapter 6. There,sge the expression
h(s?) instead ofG(s) in order to investigate the convexity bf So, if G is such that
it corresponds to a convéx Hebb's rule can be interpreted as doing sparse coding!
The is no contradiction in that almost same rule is able toatb PCA and sparse
coding, because in Chapter 6 we also assumed that the daté#ésad. So, we see
that the operation of Hebb's rule depends very much on thprpeessing of the
data.

What kind of nonlinearities does sparse coding require?sicien the widely-
used choic&; (s) = —logcosts. This would give

g1(s) = —tanhs (18.18)

This function (plotted in Fig. 18.4) would be rather odd t@@s such in Hebb’s
rule, because it is decreasing, and the whole idea of Heblkeswould be inverted.
(Actually, such “anti-Hebbian” learning has been observesome contexts (Bell
et al, 1993), and is considered important in some computatimodels (Foldiak,
1990)).

However, because the data is whitened, we can find a way apieting this
maximization as Hebbian learning. The point is that for whéd data, we can add
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a quadratic term t&, and consider
1
Ga(s) = 532 —logcosts (18.19)
Since the data is whitened amdis constrained to unit norm, the expectation of
s = (w'x)? is constant, and thus the maximization®jf produces just the same
result as maximization dB;. Now, the derivative 0, is
02(s) = s—tanhs (18.20)

which is an increasing function, see Fig. 18.4.

Fig. 18.4: Two nonlinearitieg; in Equation (18.18), dash-dotted line, agdin Equation (18.20),
solid line. For comparison, the line=y is given as dotted line.

So, using a nonlinearity such gs, sparse coding does have a meaningful inter-
pretation as a special case of Hebb’s rule. The nonlineggigven makes intuitive
sense: it is a kind of a thresholding function (actually, ardtage function, see
Section 14.1.2.2), which ignores activations which arelsma

18.4.5 Receptive fields vs. synaptic strengths

In the Hebbian learning context, the feature weighfsare related to synaptic
strengths in the visual cells. However, the visual inputhes the cortex only after
passing through several neurons in the retina and the thislanhus, th&\f actually
model the compound effect of transformations in all thoscpssing stages. How
can we then interpret optimization of a function suchGi§, ,W(x,y)I(x,y)) in
terms of Hebb’s rule?

In Section 5.9 we discussed the idea that the retina and LGforpe some-
thing similar to a whitening of the data. Thus, as a rough aypipration, we could
consider thecanonically preprocessedata as the input to the visual cortex. Then
maximization of a function such @(v'z), wherez is the preprocessed data, is in
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fact modelling the plasticity of synapses of the cells thenpry visual cortex. So,
Hebbian learning in that stage can be modelled just as weldidea

18.4.6 The problem of feedback

In the Hebbian implementation of ICA and related learninigsuthere is one more
problem which needs to be solved. This is the implementaifadhe constraint of

orthogonality. The constraint is necessary to prevent theans from all learning

the same feature. A simple approach would be to consider ihievzation of some

measure of the covariance of the outputs (assuming the slathitened as a pre-
processing stage):

Q(va,...,Vn) = =M ;[E{Ssj}}z =-M i;[E{(ViTZ)(V,TZ)}}Z (18.21)

whereM is a large constant (say] = 100). We can add this function as a so-called
penaltyto the measures of sparseness. If we then consider the gradik respect
to vj, this leads to the addition of a term of the form

0y, Q= —2M ;E{zsj}E{ssj} (18.22)
IEAl

to the learning rule fow;. BecauseéM is large, after maximization the sum of the
[E{ss;j}]? will be very close to zero—corresponding to the case whegs tare all
uncorrelated. Thus, this penalty approximately reinferitee constraint of uncorre-
latedness.

The addition ofQ to the sparseness measure thus results in the addition of a
feedbackerm of the form in Equation (18.22).

18.5 Optimization in topographic ICA *

As an illustration of the gradient method and constrainetinupation, we con-
sider in this section maximization of likelihood of the tapaphic ICA in Equa-
tion (11.5). This section can be skipped by readers notésted in mathematical
details.

Because independent subspace analysis is formally a spas@of topographic
ICA, obtained by a special definition of the neighbourhoaakction, the obtained
learning rule is also the gradient method for independenggace analysis.

First note that we constrawi to be orthogonal, so dgtis constant (equal to one),
and can be ignored in this optimization. Another simpledta@simplify the problem
is to note is that we can ignore the sum ovand just compute the “instantaneous
gradient as in stochastic gradient methods. We can alwaypagoto the sum over
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t by just summing the gradient overbecause the gradient of a sum is the sum of
the gradients. In fact, we can simplify the problem evenherrtoy computing the
gradient of the likelihood for each term of in the sum oven the likelihood in
Equation (11.5), and taking the sum afterwards.

So, the computation of the gradient is essentially reduseinputing the gra-
dient of

=}

Li(va,...,vn) =h( S (i, j)(v] z)?) (18.23)
=1

Denote bva thel-th component of,. By the chain rule, applied twice, we obtain

]

oL

T =2z 71(i, k) (Vi)W (Y (i, ) (v] z)?) (18.24)

=1

This can be written in vector form by simply collecting thegwetial derivatives for
alll in a single vector:

n

Oy, Li = 2z (i, k) ( )(viz)h'( Z v z)? (18.25)

(This is not really the whole gradient because it is just thdial derivatives with
respect to some of the entries\h) but the notation usingl is still often used.)
Since the log-likelihood is simply the sum of thgs we obtain

T n T n n
kalogL:t;i;DVkLi :2t;zt(v1zt)i;n Z )(v]z)%) (18.26)

We can omit the constant 2 which does not change the direcfithre gradient.
So, the algorithm for maximizing the likelihood in topoghapICA is finally as
follows:

1. Compute the gradients in Equation (18.26) forlalCollect them in a matrix
Oy logL which has thélvylogL as its rows.

2. Compute the projection of this matrix on the tangent spafcthe constraint
space, using the formula in Equation (18.11). Denote thgepted matrix as
G. (This projection step is optional, but usually it speedshepalgorithm.)

3. Do a gradient step as

V —V+uG (18.27)

4. Orthogonalize the matri¥. For example, this can be done by the formula in
Equation (18.10).

To see a connection of such an algorithm with Hebbian legtriansider a gra-
dient update for eacly separately. We obtain the gradient learning rule

.
Vi — Vi + U Zzt(vlzt)r{‘ (18.28)
=
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where N \
k
ré= err v z)?). (18.29)
2,y

Equally well, we could use a stochastic gradient methodyrigiy the sum ovet.

In a neural interpretation, the Hebbian learning rule in.288 can be considered a
“modulated” Hebbian learning, since the ordinary Hebbizarhing terme; (v z)

is modulated by the termf. This term could be considered as top-down feedback,
since it is a function of the local energies which could bedh#uts of higher-order
neurons (complex cells).

18.6 Beyond basic gradient methods *

This section can be skipped by readers not interested inemstical theory. Here,
we briefly describe two further well-known classes of op#ation methods. Actu-
ally, in our context, these are not very often better thanbthsic gradient method,
S0 our description is very brief.

18.6.1 Newton’s method

As discussed above, the optima of an objective function@uad in points where
the gradient is zero. So, optimization can be approachéedeagroblem of solving
a system of equations given by

of

(W) =0 (18.30)
(18.31)

of

(W) =0 (18.32)

A classic method for solving such a system of equations isthiew method. It
can be used to solve any system of equations, but we consdetire case of the
gradient only.

Basically, the idea is to approximate the function lineaidyng its derivatives. In
one dimension, the idea is simply to approximate the graphefunction using its
tangent, whose slope is given by the derivative. That isafgeneral functio:

9(w) ~ g(Wo) +g'(Wo) (W — o) (18.33)

This very general idea of finding the point where the functttains the value zero
is illustrated in Figure 18.5.
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Fig. 18.5: lllustration of Newton’s method for solving anuadjon (which we use in optimization

to solve the equation which says that the gradient is zet®) fiinction is linearly approximated by

its tangent. The point where the tangent intersects witlx-#nds is taken as the next approximation
of the point where the function is zero.

In our caseg corresponds to the gradient, so we use the derivatives @jfrtis-
ents, which are second partial derivatives of the originakttionf. Also, we need
to use a multidimensional version of this approximationisTdives

Of (w) = Of (wp) + H(wo) (W — wp) (18.34)

where the functiorH, called the Hessian matrix, is the matrix of second partial
derivatives:
02 f

Now, we can at every step of the method, find the new point asrteéor which

this linear approximation is zero. Thus, we solve
Of (wp) +H(wg)(w—wp) =0 (18.36)

which gives
w = wo— H (W) X(DOf (wp)) (18.37)

This is the idea in the Newton iteration. Starting from a ramdooint, we iteratively
updatew according to Equation (18.37), i.e. compute the right-hsidé for the
current value ofv, and take that as the new valuevafUsing the same notation as
with the gradient methods, we have the iteration

W —w—H(w) " }(Of(w)) (18.38)

Note that this iteration is related to the gradient methbthé matrixH (wg)~*
in Equation (18.37) is replaced by a scalar step sizeve actually get the gradient
method. So, the difference between the methods is threefold

1. In Newton’s method the direction wheare“moves” is not given by the gradient
directly, but the gradient multiplied by the inverse of theddian.
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2. This “step size” is not always very small: It is directlywgn by the inverse of the
Hessian matrix, and can be quite large.

3. In the gradient method, one can choose between minimizatid maximiza-
tion of the objective function, by choosing the sign in thgaaithm (cf. Equa-
tions (18.4) and (18.5)). In the Newton method, no such ehwigossible. The
algorithm just tries to find a local extremum in which the dead is zero, and
this can be either a minimum or a maximum.

The Newton iteration has some advantages and disadvarteggmred to the
basic gradient method. It usually requires a smaller nunolbesteps to converge.
However, the computations needed at each step are much emoending, because
one has to first compute the Hessian matrix, and then contp(ug —1(0f (w))
(which is best obtained by solving the linear systditw)v = Of (w)).

In practice, however, the main problem with the Newton mdttsothat its be-
haviour can be quite erratic. There is no guarantee any eraiibn gives a which
increasesf (w). In fact, a typical empirical observation is that for somedtions
this does not happen, and the algorithm may completely giyere. go to arbitrary
values ofw, eventually reaching infinity. This is because the step s@ebe arbi-
trarily large, unlike in the gradient methods. This lackabustness is why Newton’s
method is not often used in practice.

As an example of this phenomenon, consider the function

f(w) = exp(—:—szz) (18.39)
which has a single maximum as = 0. The first and second derivatives, which

are the one-dimensional equivalents of the gradient anéi#dssian, can be easily
calculated as

/(w) = —Wexp(—%wz) (18.40)
(W) = (W2 — 1) exp(— %wz) (18.41)

which gives the Newton iteration as
W (18.42)

Now, assume that we start the iteration at any point wherel. Then, the change
% is positive, which means that is increased and it moves further and further
away from zero! In this case, the method fails completely angoes to infinity
without finding the maximum at zero. (In contrast, a gradimethod, with a rea-
sonably small step size, would find the maximum.)

However, different variants of the Newton method have pnowseful. For ex-
ample, methods which do something between the gradientadethd Newton’s
method (e.g. the Levenberg-Marquardt algorithm) have @mavseful in some ap-
plications. In ICA, the FastICA algorithm (see below) uses basic iteration of
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Newton’s method but with a modification which takes the splestructure of the
objective function into account.

18.6.2 Conjugate gradient methods

Conjugate gradient methods are often considered as the effasent general-
purpose optimization methods. The theory is rather coraf@id and non-intuitive,
so we do not try to explain it in detail.

Conjugate gradient methods try to find a direction which igdsehan the gra-
dient direction. The idea is illustrated in Figure. 18.6.Wihe gradient direction
is good for a very small step size (actually, it is still thesbfor an infinitely small
step size), it is not very good for a moderately large step.sihe conjugate gra-
dient method tries to find a better direction based on infdionaon the gradient
directions in previous iterations. In this respect, thehodtis similar to Newton’s
method, which also modifies the gradient direction.

Fig. 18.6: A problem with the gradient method. The gradiergation may be very bad for anything

but the very smallest step sizes. Here, the gradient goesrrabmpletely in the wrong direction

due to the strongly non-circular (non-symmetric) struetaf the objective function. The conjugate
gradient method tries to find a better direction.

In fact, conjugate gradient methods do not just take a stegdigéd size in the di-
rection they have found. An essential ingredient, whictcisially necessary for the
method to work, is a one-dimensifne search This means that once the direction,
sayd, in whichw should move has been chosen (using the complicated theory of
conjugate gradient methods), many different step sizase tried out, and the best
one is chosen. In other words, a one-dimensional optinuzasi performed on the
functionh(u) = f(w+ ud), andu maximizing this function is chosen. (Such line
search could also be used in the basic gradient method. Howewthe conjugate
gradient method it is completely necessary.)

Conjugate gradient methods are thus much more complicateddrdinary gra-
dient methods. This is not a major problem if one uses a sfienbmputing en-
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vironment in which the method is already programmed. Samej the method is
much more efficient than the ordinary gradient methods, lnigtis not always the
case.

18.7 FastICA, a fixed-point algorithm for ICA

Development of tailor-made algorithms for solving the apfiation problems in
ICA is a subject of an extensive literature. Here we explaiefly one popular
algorithm for performing the maximization, more inforn@ti and details can be
found in the ICA book (Hyvarinen et al, 2001b).

18.7.1 The FastICA algorithm

Assume that the datat =1,...,T, is whitened and has zero mean. The basic form
of the FastICA algorithm is as follows:

1. Choose an initial (e.g. random) weight veator
2. Letw « S zgW'z) —wy, g (W'z)

3. Letw — w/||w||

4. If not converged, go back to 2.

Note that the sign afv may change from one iteration to the next; this is in line
with the fact that the signs of the components in ICA are ndt-de&fined. Thus,
the convergence of the algorithm must use a criterion whsdmimune to this. For
example, one might stop the iteratiorf" woq| is sufficiently close to one, where
Woiq is the value ofv at the previous iteration.

To use FastICA foiseveralfeatures, the iteration step 2 is applied separately
for the weight vector of each unit. After updating all the gl&i vectors, they are or-
thogonalized (assuming whitened data). This means piogeitte matriXW, which
contains the vectors; as its rows, on the space of orthogonal matrices, which can be
accomplished, for example, by the classical method innglvhatrix square roots,
givenin Eq. (18.10). See Chapter 6 of (Hyvarinen et al, 2)@dr more information
on orthogonalization.

18.7.2 Choice of the FastICA nonlinearity

The FastICA algorithm uses a nonlinearity, usually denbtged. This comes from
a measure of non-gaussianity. Non-gaussianity is measisE4G(s)} for some
non-quadraticfunction. The functiory is then the derivative o&.
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Note that in Chapter 6 we measured non-gaussianity (orepess) a& {h(s?)}.
Then, we haves(s) = h(s?) which impliesg(s) = 2i/(s?)s. So, we must make a
clear distinction between the nonlinearitteand the function& andg; they are all
different functions but they can be derived from one another

The choice of the measure of non-gaussianity, or the naaiitye is actually
quite free in FastICA. We are not restricted to functionghstiat maximization of
G corresponds to maximization of sparseness, or suct@leatresponds to the log-
pdf of the components. We can use, for example, measureswhsss, i.e. the lack
of symmetry of the pdf.

In practice, it has been found th@ts) = log costs works quite well in a variety
of domains; it corresponds to the tanh nonlinearityga@in FastICA, it makes no
difference if we take tanh or tanh, the algorithm is immune to the change of sign.)

18.7.3 Mathematics of FastICA *

Here, we present the derivation of the FastICA algorithnal simow its connection
to gradient methods. This can be skipped by readers noested in mathematical
details.

18.7.3.1 Derivation of the fixed-point iteration

To begin with, we shall derive the fixed-point algorithm éorefeature, using an ob-
jective function motivated by projection pursuit, see (Hymnen, 1999a) for details.
Denote the weight vector corresponding to one feature tltbgw, and the canon-
ically preprocessed input ks The goal is to find the extrema &{G(w'z)} for
a given non-quadratic functio®, under the constrair{(w'z)?} = 1. According
to the Lagrange conditions (Luenberger, 1969), the extraraabtained at points
where

E{zgw'z)} —BCw=0 (18.43)

whereC = E{zz"}, and 3 is a constant that can be easily evaluated to ive
E{w}zg(w}2)}, wherewy is the value ofwv at the optimum. Let us try to solve this
equation by the classical Newton’s method, see Section1l8kive. Denoting the
function on the left-hand side of (18.43) By we obtain its Jacobian matrix, i.e. the
matrix of partial derivatives]F(w) as

JF(w) =E{zz"g'(w"2)} — BC (18.44)

To simplify the inversion of this matrix, we decide to appiroate the first term in
(18.44). A reasonable approximation in this context seeneE {zz'g'(W'z)} ~
E{zz"}E{d(W'2)} = E{¢/(Ww"2)}C. The obtained approximation of the Jacobian
matrix can be inverted easily:
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JFw) t=C 1/ (E{dW'2)} - B). (18.45)

We also approximatg using the current value af instead ofwg. Thus we obtain
the following approximative Newton iteration:

wew— [CE{zgw'2)} - pwl/[E{g(W D)}~ ] (18.46)

wherew" denotes the new value of, andf = E{w"zg(w"z)}. After every step,
wT is normalized by dividing it byy/(wt)TCw to improve stability. This algo-
rithm can be further algebraically simplified (see (Hywém, 1999a)) to obtain the
original form the fixed-point algorithm:

w— ClE{zgw'2)} —E{dg(W'2)}w. (18.47)

These two forms are equivalent. Note that for whitened d2ita,disappears, giving
an extremely simple form of the Newton iteration. In (Hywé&n and Oja, 1997),
this learning rule was derived as a fixed-point iteration gfradient method max-
imizing kurtosis, hence the name of the algorithm. Howeweage analysis must
use the more general form in (Hyvarinen, 1999a) becaudeeofivn-robustness of
kurtosis.

18.7.3.2 Connection to gradient methods

There is a simple an interesting connection between thd Gasilgorithm and
gradient algorithms for ICA.

Let us assume that the number of independent componentetibgted equals
the number of observed variables, ire= m and A is square. Denote bW the
estimate of the inverse @.

Now, consider the preliminary form of the algorithm in (18)4To avoid the
inversion of the covariance matrix, we can approximate i€a$ ~ WTW, since
C =AAT. Thus, collecting the updates for all the rows/gfinto a single equation,
we obtain the following form of the fixed-point algorithm:

W — W + D[diag—f3) + E{g(y)y}}W (18.48)

wherey = Wz, B = E{yig(yi)}, andD = diag(1/(B — E{d'(vi)})). This can be
compared to the natural gradient algorithm for maximizatid the likelihood in
Eqg. (18.8). We can see that the algorithms are very closéyee First, the expec-
tation in (18.48) is in practice computed as a sample avesage (18.8). So, the
main difference is that in the natural gradient algorithhg  are all set to one,
andD is replaced by identity times the step sjzeSo,D is actually like a step size,
although in the form of a matrix here, but it does not affectite point where the
algorithm converges (i.e. the update is zero). So, the ady difference is thes;.
Now, it can be proven that if thgreally is the derivative of the log-likelihood, then
the B are also (for infinite sample) equal to one (Hyvarinen e2@01b). In theory,
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then, even this difference vanishes and the algorithmé$yreahverge to the same
points.

It must be noted that the FastICA algorithm does not maximparseness but
non-gaussianity. Thus, in the case of sub-gaussian feqitireay actually be min-
imizing sparseness, see Section 7.9.3.



Chapter 19
Crash course on linear algebra

This chapter explains basic linear algebra on a very eleangigvel. This is mainly
meant as a reminder: The readers hopefully already knowthisrial.

19.1 Vectors

A vector in ann-dimensional real space is an ordered collection acfal numbers.
In this book, a vector is typically either the grey-scaleuwes of pixels in an image
patch, or the weights in a linear filter or feature detectdre umber of pixels is
n in the former case, and the number of weights ig the latter case. We denote
images byl (x,y) and the weights of a feature detector typically\byx,y). It is
assumed that the indentakes values from 1 to, and the indey takes values from
1 to ny, where the dimensions fulfiti = ny x ny. In all the sums that follow, this is
implicitly assumed and not explicitly written to simplifyotation.

One of the main points in linear algebra is to provide a notain which many
operations take a simple form. In linear algebra, the vecsuch ad (x,y) and
W(x,y) are expressed as one-dimensional columns or rows of numbleus, we
need to index all the pixels by a single indekat goes from 1 to. This is obviously
possible by scanning the image row by row, or column by col{see Section 4.1
for details on such vectorization). It does not make anyed#iice which method is
used. A vector is usually expressed in column form as

V1
V2
v=| . (19.1)
Vin
In this book, the vector containing image data (typicallieaome preprocessing
steps) will be usually denoted lzyand the vector giving the weights of a feature de-

415
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tector byv. In the following, we will use both the vector- and image-ddaotations
side-by-side.
The (Euclideanhormof a vector is defined as

W(x,y)| = W(x,y)2, or ||v|] = v2 (19.2)
Wyl Xzy (x,y)?, or [v]| 1/2

The norm gives the length (or “size”) of a vector. There amoabther ways of
defining the norm, but the Euclidean one is the most common.
Thedot-product(or inner productbetween two vectors is defined as

(W.1) =5 W(xy)l(xy) (19.3)
Xy

If W is a feature detector, this could express the value of thefeavhen the input
image isl. It basically computes matchbetween andW. In vector notation, we
use the transpose operator, giverMdy to express the same operation:

n
viz= Zlvia (19.4)
i=

If the dot-product is zero, the vectovg and| are calledorthogonal The dot-
product of a vector with itself equals the square of its norm.

19.2 Linear transformations

A linear transformation is the simplest kind of transforioatin ann-dimensional
vector space. A vectdris transformed to a vectdrby taking weighted sums:

Ixy) =Y mxy.X,Y)I(X,y), forallx,y (19.5)
Xy

The weights in the sum are different for every pdinty). The indices< andy’ take
all the same values &sandy. Typical linear transformations include smoothing and
edge detection.

We can compound linear transformations by taking a linearsformation ofl
using weights denoted byx,y,X',y). This gives the new vector as
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K(xy) = Z n(x,y,x",y")I(x".y")
Xy’
=5 nxyxLy') Y mx’y' X Y)HKLY)
2 2
=; (Z n(x,y,%’,x/’)m(%’,x/’,%,x/)> 1(X.y) (19.6)
y Xy’
Defining

p(X?y7X/7y) - Z n(X7y7X”7y/)m(X//7y/?X/7y) (197)
X !

we see that the compounded transformation is a linear wamstion with the

weights given byp.

19.3 Matrices

In matrix algebra, linear transformations and linear systef equations (see below)
can be succinctly expressed by products (multiplications}this book we avoid
using too much linear algebra to keep things as simple asipessiowever, it
is necessary to understand how matrices are used to expreastransformation,
because in some cases, the notation becomes just too catepliand also because
most numerical software takes matrices as input.

A matrix M of sizen; x ny is a collection of real numbers arranged imgorows
andn; columns. The single entries are denotedrpywherei is the row and is the
column. We can convert the weightgx,y,x',y') expressing a linear transformation
by the same scanning process as was done with vectors. Thus,

M1 M2 ... Mim
M= : : (19.8)
Mh1 Mh2 ... Mhm
The linear transformation of a vectmis then denoted by

y =Mz (19.9)

which is basically a short-cut notation for

n

yi = Z m;zj, foralli (19.10)
=1

This operation is also the definition of the product of a nxadnd a vector.
If we concatenate two linear transformations, defining
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s=Ny (19.11)

we get another linear transformation. The ma®ithat expresses this linear trans-

formation is obtained by
ny

Pij = > Nk (19.12)

K=1
This is the definition of the product of two matrices: the newtrix P is denoted by
P=MN (19.13)

This is the matrix version of Equation (19.7). The definitisiguite useful, because
it means we can multiply matrices and vectors in any ordemahe computes. In
fact, we have

s=Ny=N(Mz) = (NM)z (19.14)

Another important operation with matrices is the transpd$e transpos T
of a matrixM is the matrix where the indices are exchangedi ti¢h entry ofMT
is mji. A matrix M is called symmetric ifry; = mj;, i.e., if M equals its transpose.

19.4 Determinant

The determinant answers the question: how are volumes eldawpen the data
space is transformed by the linear transformatithThat is, ifl takes values in a
cube whose edges are all of length one, what is the volumesfahof the value$
in Equation (19.5)?. The answer is given by the absoluteevafuiihe determinant,
denoted by detM)| whereM is the matrix form ofm.

Two basic properties of the determinant are very useful.

1. The determinant of a product is the product of the deteamtsr defMN) =
detM)det(N). If you think that the first transformation changes the voéuly
a factor or 2 and the second by a factor of 3, it is obvious tHemyou do both
transformation, the change in volume is by a factor ef 2= 6.

2. The determinant of a diagonal matrix equals the produttefliagonal elements.
If you think is two dimensions, a diagonal matrix simply stiees one coordinate
by a factor of, say 2, and the other coordinate by a factorayf3s so the volume
of a square of area equal to 1 then becomgs32- 6.

(In Section 19.7 we will see a further important result on tleterminant of an
orthogonal matrix).



19.6 Basis representations 419

19.5 Inverse

If a linear transformation in Equation (19.5) does not chatite dimension of the
data, i.e. the number of pixels, the transformation can liysba inverted. That is,
Equation (19.5) can usually be solved foiif we know J andm, we can compute
what was the origindl. This is the case if the linear transformation is invertibiea
technical condition that is almost always true. In this boe& will always assume
that a linear transformation is invertible if not otherwisentioned.

In fact, we can then find a matrix of coefficiemts y), so that

(X,y) = Zn(x,y,x’,)/)J(x’,)/), for all x,y. (19.15)
Xy

This is the inverse transformation of. In matrix algebra, the coefficient are ob-
tained by computing the inverse of the matkix denoted byM —1. So, solving for
y in (19.9) we have

y=M"1z (19.16)

A multitude of numerical methods for computing the invergéhe matrix exist.

Note that the determinant of the inverse matrix is simplyitiverse of the deter-
minant: detM —1) = 1/ detM). Logically, if the transformation changes the volume
by a factor of 5 (say), then the inverse must change the volyeefactor of 1/5.

The product of a matrix with its inverse equals tdentity matrixI :

MM t=M"IM =1 (19.17)

The identity matrix is a matrix whose diagonal elements drerses and the off-
diagonal elements are all zero. It corresponds to the iger@nhsformation, i.e., a
transformation which does not change the vector. This mearsave

lz=1z2 (19.18)

for anyz.

19.6 Basis representations

An important interpretation of the mathematics in the pdacg sections is the rep-
resentation of an image in a basis. Assume we have a numbeatfrésA;(x,y)
wherei goes from 1 tan. Given an imagé(x,y), we want to represent it as a linear
sum of these feature vectors:

L(x,y) = -ZAE(X’ y)s (19.19)
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The s are thecoefficientof the feature vectors;. They can be considered as the
values of the features in the imagesince they tell “to what extent” the features are
in the image. If, for exampleg, = 0, that means that the featukg is not presentin
the image.

Using vector notation, the basis representation can begise

- Zas (19.20)

Interestingly, this equation can be further simplified bytimg all thes into a single
vectors, and forming a matriA so that the columns of that matrix are the vectors
a;, that is:

ain a2 ain
A=l[ay,ap,....an = : N O (19.21)
an1 an2 an3
Then we have equivalently
z=As (19.22)

From this equation, we see how we can apply all the linearbadgmachinery to
answer the following questions:

e How do we compute the coefficiend® This is done by computing the inverse
matrix of A (hoping that one exists), and then multiplyiagvith the inverse,
sinces=A"1z.

e When is it possible to represent amyusing the giverg;? This question was
already posed in the preceding section. The answer is: ifittreber of basis
vectors equals the dimension nfthe matrixA is invertible practically always.
In such a case, we say that thgor theA;) form a basis.

A further important question is: What happens then if the hanof vectors; is
smallerthan the dimension of the vects? Then, we cannot represent all the possi-
ble z's using those features. However, we can find the best pesafigroximation
for anyz based on those features, which is treated in Section 19.8.

The opposite case is when we hawerevectorsg; than the dimension of the
data. Then, we can represent any veaarsing those features; in fact, there are
usually many ways of representing amyand the coefficients are not uniquely
defined. This case is callewercomplete basiasnd treated in Section 13.1.

19.7 Orthogonality

A linear transformation is calledrthogonalif it does not change the norm of the
vector. Likewise, a matriRA is called orthogonal if the corresponding transformation
is orthogonal. An equivalent condition for orthogonaliy i
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ATA =1 (19.23)

If you think about the meaning of this equation in detail, yalirealize that it says
two things: the column vectors of the matAxare orthogonal, and all normalized to
unit norm. This is because the entries in the mat&bA are the dot-producta a;
between the column vectors of the mathix

An orthogonal basis is nothing else than a basis in which #séshbvectors are
orthogonal and have unit norm; in other words, if we colléet basis vectors into a
matrix as in Equation (19.21), that matrix is orthogonal.

Equation (19.23) shows that the inverse of an orthogonaix{at an orthogonal
transformation) is trivial to compute: we just need to raage the entries by taking
the transpose. This means tlsat a1-Tz, or

Xy

So, in an orthogonal basis we obtain the coefficients as sinht-products with the
basis vectors. Note that thisni®t true unless the basis is orthogonal.

The compound transformation of two orthogonal transforamats orthogonal.
This is natural since if neither of the transformations adesthe norm of the image,
then doing one transformation after the other does not ah#trgynorm either.

The determinant of an orthogonal matrix is equal to plus onusione. This
is because because an orthogonal transformation does angelvolumes, so the
absolute value has to be one. The change in sign is relatediéations. Think of
multiplying one-dimenasional data byl: This does not change the “volumes”, but
“reflects” the data with respect to 0, and corresponds to eroéhant of—1.

19.8 Pseudo-inverse *

Sometimes transformations change the dimension, and ¥eesion is more com-
plicated. If there are more variables ynthan inz in Equation (19.9), there are
basically more equations than free variables, so there sohdion in general. That
is, we cannot find a matrif so that for any givery, z= My is a solution for
Equation (19.9). However, in many cases it is useful to aersan approximative
solution: Find a matrixM* so that forz= M*y, the error|ly — Mz|| is as small
as possible. In this case, the optimal “approximative isg&matrix can be easily
computed as:

M+ =(MTM)"IMT (19.25)

On the other hand, if the matrM has fewer rows than columns (fewer variables
in y than inz), there are more free variables than there are constragtuogtions.
Thus, there are many solution$or (19.9) for a givery, and we have to choose one
of them. One option is to choose the solution that has thelsst&uclidean norm.
The matrix that gives this solution &y is given by
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ME=MT(MMT)~1 (19.26)

The matrixM ™ in both of these cases is called the (Moore-Penrose) psiendose
of M. (A more sophisticated solution for the latter case, uspayrseness, is consid-
ered in Section 13.1.3.)



Chapter 20
The discrete Fourier transform

This chapter is a mathematically sophisticated treatméttetheory of Fourier
analysis. It concentrates on the discrete Fourier transfenich is the variant used
in image analysis practice.

It is not necessary to know this material to understand tiveldpments in this
book; this is meant as supplementary material.

20.1 Linear shift-invariant systems

Let us consider a systemt’ operating on one-dimensional input signkls). The
system idinear if for inputs11(x) andl(x), and scalao

A1)+ 12} = A2 {11(X) } + 72 {12(X) } (20.1)
A{ali(X)} = a2 {11(X)}; (20.2)

similar definitions apply in the two-dimensional case. Ateys is shift-invariant
if a shift in the input results in a shift of the same size in théput; that is, if
2 {1(x)} = O(x), then for any integem

{1 (x+m)} = O(x+m); (20.3)
or, in the two-dimensional case, for any integerandn,
{1 (x+myy+n)} = O(X+m,y+n). (20.4)

A linear shift-invariant systen¥”” operating on signals (or, in the two-dimensional
case, onimages) can be implemented by either linear figgevith a filter, or another
operation, theonvolutionof the input and thémpulse responsef the system. The
impulse responsk (x) is the response of the system to an impulse
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1, ifx=0
80 = {0, otherwise, (20.5)
that is
H(x) = 2 {3(x)}. (20.6)

By noting thatl(x) = S 1(k)0(x— k), and by applying linearity and shift-
invariance properties (Equations (20.1)—(20.3)) it isygasshow that

O(x) = #{1(x)} = §|wma_m:um*mm, (20.7)

k=—o0

where the last equality sign defines convolutiomMote that convolution is a sym-
metric operator since by making the change in summatiorxifidex — k (implying
k=x-10)

1(X) % H(x) = ﬁ 1(K)H (x — k) = i HOIx—0) =H(X) *1(x).  (20.8)

k=—00 (=—c0

20.2 One-dimensional discrete Fourier transform

20.2.1 Euler’s formula

For purposes of mathematical convenience, in Fourier arsathe frequency rep-
resentation is complex-valued: both the basis images amdvéights consist of
complex numbers; this is called the representation of agé@matheFourier space
The fundamental reason for this is Euler’s formula, whicttes that

e® = cosa+isina (20.9)

wherei is the imaginary unit. Thus, a complex exponential contaoth the sin and
cos function in a way that turns out to be algebraically vaagvenient. One of the
basic reasons for this is that the absolute value of a conmlexber contains the

sum-of-squares operation:
|a+ bi| = /a2 +b? (20.10)

which is related to the formula in Equation (2.16) on page #ictvgives the power
of a sinusoidal component. We will see below that we can iddsmmpute the
Fourier power as the absolute value (modulus) of some coamimbers.

In fact, we will see that the argument of a complex number ercttimplex plane
is related to the phase in signal processing. The argumentomplex numbet is
a real numbep € (-, 11 such that

c=|cle? (20.11)
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We will use here the signal-processing notatitmfor the argument.

We will also use the complex conjugate of a complex nunser+ bi, denoted
by ¢, which can be obtained either as- bi or, equivalently, ascle #'. Thus, the
complex conjugate has the same absolute value, but oppogiteent (“phase”).

20.2.2 Representation in complex exponentials

In signal processing theory, sinusoidals are usually eried in the form of the
following complex exponential signal

€ = coqwx) +isin(wx), x=1,..,M, (20.12)

A fundamental mathematical reason for this is that theseasigareeigensignals
of linear shift-invariant systems. An eigensignal is a gaheation of the concept
of an eigenvector in linear algebra (see Section 5.8.1)oBebyH (X) the impulse
response of a linear shift-invariant systeii. Then

AT} =HN e = § H(QeWC = § H(ke
k=—oo k=—co

— —  (20.13)
=Fi(w)

= H(w)e™,

where we have assumed that the sgff . H(k)e '“k converges, and have de-
noted this complex number b’}(w). Equation (20.13) shows that when a complex
exponential is input into a linear shift-invariant systehe output is the same com-
plex exponential multiplied by (w); the complex exponential is therefore called
an eigensignal of the system.

To illustrate the usefulness of the representation in cempkponentials in an-
alytic calculations, let us derive the response of a lingét-gvariant system to a
sinusoidal. This derivation uses the identity

cog @) = % (€9+e9), (20.14)

which can be verified by applying Equation (20.12). L#t be a linear shift-
invariant system, andcog wx—+ ) be an input signal; then

S {AcoJwx+ )} = g% {ei(wx+w) +e—i(wx+w)}
= % (e“"jf{ei‘*’x} _|-e—i¢'jf{e—iw><}) (20.15)

— g (€Y ()™ + e VH(—w)e '),
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By the definition ofi (w) (see Equation 20.13}(—w) = H(w) = |H (w)| e 17H(®).
Thus

A {Acogwx+ )} = |H(w ]A ( g (O Y+2A(w) 4 grilwxty+ZA(w >>)
:| (w)| Acog wx+ Y+ ZH(w)). (20.16)
N———

amphtude phase

Equation (20.16) is a one-dimensional formal version oftthe statements made
in Section 2.2.3 (page 33):

e When a sinusoidal is input into a linear shift-invariantteys, the output is a
sinusoidal with the same frequency.
e The change in amplitude and phase depend only on the freguenc

Furthermore, the equation contains another importanttrasamely that both the
amplitude and the phase response can be read outl%(m) : the amplitude re-
sponse igH (w)|, and the phase responséi(w). This also explains the notation
introduced for amplitude and phase responses on page 33.

In order to examine further the use of complex exponend4l§ let us derive
the representation of a real-valued signal in terms of tiseseplex-valued signals.
Thus, the imaginary parts have to somehow disappear in thieépresentation. De-
riving such a representation from the representation insiidals (Equation (2.6),
page 30) can be done by introducinggative frequencie® < 0, and using Equa-
tion (20.14). Let us denote the coefficient of the comple>xomemtiale “* by I, (w).
The representation can be calculated as follows:

= af Ay CO WX+ Yy) = af Aw (ei(wx+lllw)+e—i(wx+wm)>
w=0 w=0 2
= azm Aw (eilllweiwx+ei(—ww)ei(—w)x>
o 2 (20.17)
Y Ag i SO W)W ) i 0X ™o L wx
= Ao + 72 — € ol @OX — _Z I\ ()e@x.
o es ——— W=—wm
=1.(0) w#0 (o)
whenw # 0

Note the following properties of the coefficierigw) :

e In general, the coefficienis(w) are complex-valued, except fox(0) which is
always real.

e Forw >0, a coefficient’, (w) contains the information about both the amplitude
and the phase of the sinusoidal representation — amplinfdemation is given
by the magnitudél, (w)| and phase information by the anglé. () :
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[0, ifw=0
Aw_{2|'~*(w)!, otherwise (20.18)

B {undeﬂned if =0 (20.19)

“ 7\ Zi.(w),  otherwise.

e Acloserlook at the derivation (20.17) shows that the magtdtand the angle of
the positive and negative frequencies are related to edeh at follows:

[ (~w)| = [l (w)] (20.20)
L (~w) = — 20 (w) (20.21)

Thus i, (w) andi.(—w) form a complex-conjugate pair. This also means that
knowing only the coefficients of the positive frequenciesr-only the coeffi-
cients of the negative frequencies — is sufficient to recdaosthe whole rep-
resentation. (This is true only for real-valued signalsyrie wants to represent
complex-valued signals, the whole set of coefficients isiedeHowever, such
representations are not needed in this book.)

Above it was assumed that a frequency-based representditzosignall (x) ex-
ists:

wum
1(X) = 5 Awcogwx+ o). (20.22)
w=0
From that we derived a representation in complex exponlentia
v )
I(x) = Z I () (20.23)
W=t
~ Ao whenw =20
e {ATweng'(ww“’ otherwise (20.24)

This derivation can be reversed: assuming that a repragmmia complex expo-
nentials exists — so that the coefficients of the negativepasitive frequencies are
complex-conjugate pairs — a frequency-based representaiso exists:

i (w) ’ ei(wx+4l~*(w))

o , Wy
=3 L(we*=§

W=—0m W=—tm

(20.25)

=700+ af 2|1 (w)| cos(wx+ 21 (w)).
WSty
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20.2.3 The discrete Fourier transform and its inverse

Next, we introduce the discrete Fourier transform (DFT) #sdnverse, which are
the tools that are used in practice to convert signals to tepresentation in com-
plex exponentials and back. We will first give a definition bé ttransforms, and
then relate the properties of these transforms to the dismusve had above.

The word “discrete” refers here to the fact that the signairfaage) is sampled
at a discrete set of points, i.e. the indeis not continuous. This is in contrast to
the general mathematical definition of the Fourier transfavhich is defined for
functions which take values in a real-valued space. Angtloart is that the DFT
is in a sense closer to what is called the Fourier series imemaatics because the
set of frequencies used is discrete as well. Thus, the th&ddd¥ T has a number of
differences to the general mathematical definitions uselifierential calculus.

The discrete Fourier transformation is used to compute tedfficients of the
signal’s representation in complex exponentials: thiogebefficients is called the
discrete Fourier transform. The inverse discrete Fouremdformation (IDFT) is
used to compute the signal from its representation in comeigonentials. Let
I (x) be a signal of lengtN. The discrete Fourier transform pair is defined by

P
|

1

DFT: F(u):Z)|(x)e—‘zw’““,u:o,...,N—1. (20.26)
X—
1 — X

IDFT: 1(x) NZ ueF X x=0,.,.N—1, (20.27)

Notice that the frequencies utilized in the representadtimomplex exponentials of

the IDFT (20.27) are

2
%:W"”, u=0,.. N—1 (20.28)

The fact that Equations (20.27) and (20.26) form a validgfarm pair — that
is, that the IDFT off (k) is I (x) — can be shown as follows. Létu) be defined as
in Equation (20.26). Then — redefining the sum in EquationZ@pto be ovek,
instead ofx to avoid using the same index twice — the IDFT gives

1 N-1 o 1 N—-1 /N-1 P o
=Y fueTr== ( I(x,)e N “> dTx
N UZO N UZO x*z=0
1 N-1 N-1 2mu(X—Xx )
E— [ (X, d—n—
N XZO () (u= > (20.29)
1 N-1 N-1 2rx-xe) \ U
==Y I(x T~ ) |.
N x*z=0 ( ) [u;( ) ]
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If x, =X, then term A in Equation (20.29) equals whenx. # X, the value of this
geometric sum is

N
- 21(X—Xx)
N1, orer)y U (e' N ) -1
= -~ -1
Therefore, the IDFT gives
1 N-1
N Z) I(x)N =1(x). (20.31)

We now discuss several of the properties of the discretei&owansform pair.

Negative frequencies and periodicity in the DFT The representationin complex
exponentials in the DFT employs the following frequencies:

w=—,u=0,..,N—-1 (20.32)
In the previous section we discussed the use of negativadragies in represen-
tations based on complex exponentials. At first sight it blike no negative fre-
qguencies are utilized in the DFT. However, the represeiaised by the DFT
(Equation 20.27) igperiodic as a function of the frequency index both the
complex exponentials and their coefficients have a peridd.dfhat is, for any
integer/, for the complex exponentials we have

g TN — g R g2mix _ g (20.33)
~——
=1
and for the coefficients
. N-1 -
[ (u+£N) _ % | (X) £ (u+(N) % —|—N—u —i2mul
;zl _ (20.34)

= Zjl(x)e*izwm“: (u).

X=

Therefore, for example, the coefficiehtN — 1) corresponding to frequency
w is the same as the coefficient—1) corresponding to frequency,\zl—"
would be. In general, the latter half of the DFT can be corrsidéo correspond
to the negative frequencies. To be more precise, for a r&lakedl (x), the DFT
equivalent of the complex-conjugate relationships (2pa2f@l (20.21) is
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N—1

| 'Tr (N—u) |(x)e*i2"XeigN@U
ZJ A = (20.35)
Z)I ye 1 &Y = T{u).

This relation also explains why the DFT seems to have “tooynmambers” for
real-valued signals. It consists bf complex-valued numbers, which seems to
contain twice the amount of information as the original sigmwhich has\ real-
valued numbers. The reason is that half the information it BFedundant, due
to the relation in Equation (20.35). For example, if you knalwthe values of
I (u) for ufrom 0 to (N — 1) /2 (assumingN is odd), you can compute all the rest
by just taking complex conjugates.

Periodicity of the IDFT and the convolution theorem The Fourier-transform
pair implicitly assumes that the sigridk) is periodic: applying a derivation sim-
ilar to (20.34) to the IDFT (20.27) gives

| (X+ ON) = 1(x). (20.36)

This assumption of periodicity is also important for perbidpe most important
mathematical statement about the discrete Fourier tramsfeamelythe convo-
lution theoremLoosely speaking, the convolution theorem states thefdlueier
transform of the convolution of two signals is the productrad discrete Fourier
transforms of the signals. To be more precise, we have tottafder effects into
account, i.e. what happens near the beginning and the engnaiis, and this is
where the periodicity comes into play.

Now we shall derive the convolution theorem. LLet) andH (x) be two signals of
the same lengtN (if they initially have different lengths, one of them caways
be extended by “padding” zeros, i.e. adding a zero signagia. Denote by(u)
andH (u) the Fourier transforms of the signals. Then the product efRiburier

( z' I I — ZII/LI/N Z 27TkU/N

N—1N-1
_ Z H (£)| (k)e—i2ﬂ(€+k)u/N.
/=0 k=0

(20.37)

Making a change of index= ¢ + k yields
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N—1/+N-1

H(u)l(u) = /ZO Z( H(0)l (x— ¢)g 2PN
- /Z [x 7 (= e = (20.38)
(+N-1

+ Zw H ()l (x— 0)e 2N |

sum A

If we assume thadt(x) is periodic with a period oN, then what has been denoted
by sum A in equation (20.38) can be made simpler: since inghatH (¢) is
constant ané "2™Y/N is periodic with a period oN, the lower and upper limits
in the sum can simply be changed to 0 d@nrd1, respectively, yielding

. Nl[Nl

A (u)i(u)= ;) S H(O)1 (x— ) 2N

x=/

(-1
+ ;H(m (x—e)e—izﬂxu/N]

N—-1N-1

= H(0)l (x— £)e2™u/N (20.39)
=0 x=
N—1N-1 2maN _ 2N
%%H X g —i27Xu Z)O —i27Xu
<x>
= O(u),

whereQ(u) is the discrete Fourier transform ©fx). Notice thatO(x) is obtained
as a convolution o (x) andl (x) under the assumption of periodicity. That is,
we define the values of the signal outside of its actual raggesbuming that it is
periodic. (If we want to use the basic definition of convaatiwe actually have
to define the values of the signal up to infinite values of tlicies, because the
definition assumes that the signals have infinite length.g&llessuch an operation
cyclic convolution.

Equation (20.39) proves the cyclic version of the convelutheoremthe DFT

of the cyclic convolution of two signals is the product of EH€T s of the signals.
Note that the assumption of cyclicity is not needed in theegaincontinuous-
space version of the convolution theorem; it is a specigberty of the discrete
transform.

In practice, when computing the convolution of two finitexdgh signals, the
definition of cyclic convolution is often not what one warkiecause it means that
values of the signals near= 0 can have an effect on the values of the convolution
nearx = N — 1. In most cases, one would like to define the convolution ab th
the effect of finite length is more limited. Usually, this isrte by modifying the
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signals so that the difference between cyclic convolutiod ather finite-length
versions disappear. For example, this can lead to addiragiffing”) zeros at the
edges. Such zero-padding makes it simple to compute caimadusing DFT’s,
which is usually much faster than using the definitfon.

Real- and complex-valued DFT coefficients In general, the coefficieni$u) are
complex-valued, except fdi(0) which is always real-valued. However, if the
signal has an even length so tt%é\ts an integer, then

where in the last step we have applied Equation (20.35).efbey, whenN is
even, (%) is also real-valued.

The sinusoidal representation from the DFT If N is odd, then starting from
Equation (20.27), a derivation similar to (20.25) gives

~ N-1 -
1(0) Z 2|l(u 2 y

|(x):%+ ||\(1 ) Cos( ~ ZI(u) > (20.41)
—~— Ul - \:Lﬂu’
o wh;wﬁu;é 0 whe_n(tjh;e o Whenuz#0

\N,-/ u=1 \ N N ~
o Wh;\Auu;é 0 Whe:nu £0 V;’:gﬂ‘;f 0
e : (20.42)
I3
—=—CO0
TN g 1 X)
v :wN
=AnN 2
2

Comparing Equation (20.41) to Equation (20.25), we can kaethe magni-
tudes of the DFT coefficients are divided biyto get the amplitudes of the si-
nusoidals. This corresponds to tl,é\f]ecoefficient in front of the IDFT (20.27),
which is needed so that the DFT and the IDFT form a valid tramsfpair. How-
ever, the placement of this coefficient is ultimately a gioesbf convention: the
derivation in Equations (20.29)—(20.31) is still valid fifet coefficient% would
be moved in front of the DFT in Equation (20.26), or even iftbtite IDFT and
DFT equations would have a coeﬁicient% in front. The convention adopted
here in the DFT-IDFT equation pair (equations (20.27) arftda®)) is the same
asin MATLAB.

1 See, for example, the MrLAB reference manual entry for the functiconv for details.
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The basis is orthogonal, perhaps up to scaling In terms of a basis representa-
tion, the calculations in Equation (20.29) show that the plex basis vectors
used in DFT are orthogonal to each other. In fact, the dothpcoof two basis
vectors with frequenciesandu, is

N-1 N-1

_j2mX i 2IX . s 2m L X
XZOe g Fu ;(éw(“ U>) (20.43)

X=

where we have taken the conjugate of the latter term bechasethow the dot-
product of complex-valued vectors is defined. Now, this isat like the “term
A’ in Equation (20.29) with the roles af andx exchanged (as well as the signs
of uandu, flipped and the scaling afchanged). So, the calculations given there
can be simply adapted to show that fo# u., this dot-productis zero. However,
the norms of these basis vectors are not equal to one in thstdm. This does
not change much because it simply means that the inversddramrescales the
coefficients accordingly. The coefficients in the basis giteabtained by just
taking dot-products with the basis vectors (and some regr#l needed). As
pointed out above, different definitions of DFT exist, andsagme of them, the
basis vectors are normalized to unit norm, so the basis istigxarthogonal. (In
such a definition, it is the convolution theorem which neesisaing coefficient.)

DFT can be computed by the Fast Fourier Transformation A basic way of
computing the DFT would be to use the definition in Equatiod.Z8). That
would mean that we have to do something IiKé operations, because com-
puting each coefficient needs a sum wititerms, and there afd coefficients.
A most important algorithm in signal processing is the Fasirfer Transform
(FFT), which computes the DFT using operations which arbefirdemNIlogN,
based on a recursive formula. This is much faster tdabecause the logarithm
grows very slowly as a function dfl. Using FFT, one can compute the DFT
for very long signals. Practically all numerical softwaneglementing DFT use
some variant of FFT, and usually the function is cafiéd .

20.3 Two- and three-dimensional discrete Fourier transfoms

The two- and three-dimensional discrete Fourier transgoarne conceptually similar
to the one-dimensional transform. The inverse transform loa thought of as a
representation of the image in complex exponentials

1(x,y) = = MZ:NZj [(u,v) g2 1),
MN U=0 v=
Xx=0,.M—1y=0_..N—1 (20.44)
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and the coefficient$(u,v) in this representation are determined by the (forward)
transform

M—-1N-1

uv=3 5 (xy)e 2R,
x=0 y=
u=0,.,M—1,v=0,...N—1 (20.45)

The horizontal and vertical frequencies (see Section 22.gage 30) in the repre-
sentation in complex exponentials (Equation (20.44)) are

(L)x_’u:v, UZO,...,M—l (2046)
(L&v: 2%\/, V= 0,...,N—l, (2047)

and the amplitudé,, v and phasel, v of the corresponding frequency components
AU,VCOS(CQ(,UX—F O'E/Vy—’_ LpU,V)v u= 0, ceey M - 1, V= 0, vy N - :I.7 (2048)

can be “read out” from the magnitude and angle of the compédued coefficient
I(u,v). Ina basis interpretation, the DFT thus uses a basis withmifft frequencies,
phasesand orientations.

Computationally, the two-dimensional DFT can be obtainedadlows. First,
compute a one-dimensional DFT along for each row, i.e. feradhe-dimensional
slice given by fixingy. For each row, replace the original valugs,y) by the DFT
coefficients. Denote these bfu,y). Then, just compute a one-dimensional DFT for
each column, i.e. for each fixed This gives the final two-dimensional DRTu, V).
Thus, the two-dimensional DFT is obtained by applying the-dimensional DFT
twice; typically, an FFT algorithm is used. The reason why ik possible is the
following relation, which can be obtained by simple reagament of the terms in
the definition in Equation (20.45):

f(u,v) S [N_lu Jei2 ] iz (20.49)
u,v) = X,y)e "IN | g '™ )
22

in which the term in brackets is just the one-dimensional BéiTa fixedy.
The three-dimensional discrete Fourier transform paieined similarly:

L(x,y,t) = L M_lN_lTilr(u v,w)e2(i R+
h MNT u; v;)W:O o ’
x=0,..M—1,y=0,..N=—1t=0,..T—1 (20.50)
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M—IN-1T-1

(U, v, w) ZO % Z) X,Y,Y) —i2n( M+N+N)7

u=0,...,M—1,v=0,...,N—1, w=0,..,T—1, (20.51)

The two- and three-dimensional discrete Fourier transfoemoy a number of
similar properties as the one-dimensional transform. Kkan®le, the properties of
two-dimensional transform pair include:

Complex-conjugate symmetry i (—u, —v) = I (u, V)

Convolution theorem holds when the convolution is definethasyclic variant
Periodicity of the transform 1(u,v) = [(u+M,v) = T(u,v+N) = [(u+N,v+M)
Periodicity of the inverse 1(x,y) =1(x+M,y) =1(X,y+N) =1(x+N,y+M)






Chapter 21
Estimation of non-normalized statistical models

Statistical models are often based on non-normalized pitityadensities. That
is, the model contains an unknown normalization constarisetcomputation is
too difficult for practical purposes. Such models were em¢ered, for example, in
Sections 13.1.5 and 13.1.7. Maximum likelihood estimat®not possible with-
out computation of the normalization constant. In this ¢eapve show how such
models can be estimated using a different estimation method

It is not necessary to know this material to understand thveldpments in this
book; this is meant as supplementary material.

21.1 Non-normalized statistical models

To fix the notation, assume we observe a random vectdR" which has a probabil-
ity density function (pdf) denoted bgy(.). We have a parametrized density model
p(.; 8), whereb is anm-dimensional vector of parameters. We want to estimate the
paramete® from observations of, i.e. we want to approximat(.) by p(.; é) for
the estimated parameter val@e(To avoid confusion between the random variable
and an integrating variable, we uéas the integrating variable insteadoih what
follows.)

The problem we consider here is that we only are able to coatpet pdf given
by the model up to a multiplicative constantz(6):

1
z(6)

That is, we do know the functional form @fas an analytical expression (or any
form that can be easily computed), but we it know how to easily comput&
which is given by an integral that is often analytically axtable:

p(&;0) = q(é;6)

1 This chapter is based on (Hyvarinen, 2005), first publistiedournal of Machine Learning
Research. Copyright retained by the author.

437
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2(0)= | a(&:0)ds
EeRN

In higher dimensions (in fact, for almost any> 2), the numerical computation of
this integral is practically impossible as well.

Thus, maximum likelihood estimation cannot be easily penfed. One solution
is to approximate the normalization constanising Monte Carlo methods, see e.g.
(Mackay, 2003). In this chapter, we discuss a simpler metlatidd score matching.

21.2 Estimation by score matching

In the following, we use extensively the gradient of the tepsity with respect to
the data vector. For simplicity, we call this the score fimttalthough according
the conventional definition, it is actually the score fuantivith respect to a hypo-
thetical location parameter (Schervish, 1995). For theehddnsity, we denote the
score function byp(&; 0):

dlogp(¢;6)
S U (&;0)

(E:) = : _ : = Uglogp(§;6)
%@ Yn(&;0)

The point in using the score function is that it does not dedgenZ(6). In fact we
obviously have

W(&;0) =Ugloga(é; 0) (21.1)

Likewise, we denote by, (.) = O¢ logpx(.) the score function of the distribution
of observed data. This could in principle be estimated by computing the geadli
of the logarithm of a non-parametric estimate of the pdf—hevill see below that
no such computation is necessary. Note that score funci@sappings fronk"
toR".

We now propose that the model is estimated by minimizing ¥peeted squared
distance between the model score functjdir 8) and the data score functign(.).
We define this squared distance as

30) =3 [, P& 0) ~ (&) P (212

Thus, ourscore matchin@stimator off is given by

6 =arg rr;inJ(G)

The motivation for this estimator is that the score functbam be directly com-
puted fromq as in Equation (21.1), and we do not need to comgutelowever,
this may still seem to be a very difficult way of estimatiégsince we might have to
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compute an estimator of the data score functigrirom the observed sample, which
is basically a non-parametric estimation problem. Howavesuch non-parametric
estimation is needed. This is because we can use a simpetpartial integration
to compute the objective function very easily, as shown leyfttlowing theorem:

Theorem 1. Assume that the model score functip(€; ) is differentiable, as well
as some weak regularity conditioRs.
Then, the objective function J in Equation (21.2) can beesged as

J(6) = (€) ZI {9illli(5;9)+%dh(f;9)2 d& + const. (21.3)
§eRN =
where the constant does not dependon
ol ;0
w(ese) - 20050

is the i-th element of the model score function, and

Oyi(&;6)  9%logq(é; )

0IWI(616) = afl - 0Ei2

is the partial derivative of the i-th element of the modelredanction with respect
to the i-th variable.

The proof, given in (Hyvarinen, 2005), is based on a simid& bf partial integra-
tion.

The theorem shows the remarkable fact that the squarechdéstaf the model
score function from the data score function can be computeti imple expecta-
tion of certain functions of the non-normalized model pfifvé have an analytical
expression for the non-normalized density functiprthese functions are readily
obtained by derivation using Equation (21.1) and takinghferr derivatives.

In practice, we haveTl observations of the random vectar denoted by
X(1),...,x(T). The sample version dfis obviously obtained from Equation (21.3)
as

Je) = % ii {a. Pi(x(t); 0) + %wi (x(t); 8)?| + const. (21.4)
t=1i=

which is asymptotically equivalent tbdue to the law of large numbers. We propose
to estimate the model by minimization &fn the case of a real, finite sample.

One may wonder whether it is enough to minimizé estimate the model, or
whether the distance of the score functions can be zero fierelint parameter val-
ues. Obviously, if the model is degenerate in the sensewladifferent values of
give the same pdf, we cannot estimétdf we assume that the model is not degen-

2 Namely: the data pdfpc(&) is differentiable, the expectation&,{||y(x;0)|?} and
Ex{||Wy(x)]|2} are finite for anyd, andpx (&) W(&; 0) goes to zero for ang when||& || — oo.
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erate, and thag > 0 always, we have local consistency as shown by the following
theorem and the corollary:

Theorem 2. Assume the pdf of follows the model: g(.) = p(.; 8*) for some6*.
Assume further that no other parameter value gives a pdfithequaf to p(.; 6*),
and thatdé;0) > Oforall £,8. Then

JB)=0<0=06"
For a proof, see (Hyvarinen, 2005).

Corollary 1. Under the assumptions of the preceding Theorems, the s@ichimg
estimator obtained by minimization ®is consistent, i.e. it converges in probability
towards the true value @ when sample size approaches infinity, assuming that the
optimization algorithm is able to find the global minimum.

The corollary is proven by applying the law of large numbers.

This result of consistency assumes that the global minimiudisfound by the
optimization algorithm used in the estimation. In practités may not be true, in
particular because there may be several local minima. Tihengonsistency is of
local nature, i.e., the estimator is consistent if the ofation iteration is started
sufficiently close to the true value.

21.3 Example 1: Multivariate gaussian density

As a very simple illustrative example, consider estimatibthe parameters of the
multivariate gaussian density:

POGM 1) = expl—5(x— 1) M (x— )

Z(M, )
whereM is a symmetric positive-definite matrix (the inverse of tlogariance ma-
trix). Of course, the expression f@ris well-known in this case, but this serves as
an illustration of the method. As long as there is no chanamaofusion, we use&
here as the generaidimensional vector. Thus, here we have

() = expl— 5 (x— ) M (x — ) (215)

and we obtain
POGM, ) = —=M(x— )

3 In this theorem, equalities of pdf’s are to be taken in thessesf equal almost everywhere with
respect to the Lebesgue measure.

4 As sample size approaches infinifiyconverges td (in probability). Thus, the estimator con-
verges to a point whergis globally minimized. By Theorem 2, the global minimum idgue and
found at the true parameter value (obviouslgannot be negative).
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and
Y (XGM, () = —my;
Thus, we obtain

JM,p) = %é{;—mi FSOO - WTMM ()~ )] (216)
To minimize this with respect tg, it is enough to compute the gradient
- 17
Oud=MM g —MM ?t;x(t)

which is obviously zero if and only ift is the sample averag%ztllx(t). This is
truly a minimum because the matfi4M that defines the quadratic form is positive-
definite.

Next, we compute the gradient with respecMowhich gives

T T
Omd=—1+M %t: (X)) =) (xt) — )" + % [t;(X(t) —)(X(t) — )M

which is zero if and only ifM is the inverse of the sample covariance matrix
L5 (x(t) — u)(x(t) — u)T, which thus gives the score matching estimate.

Interestingly, we see that score matching gives exactlysdrae estimator as
maximum likelihood estimation. In fact, the estimatorsidentical for any sample
(and not just asymptotically). The maximum likelihood esitor is known to be
consistent, so the score matching estimator is consisteneh.

This example also gives some intuitive insight into the gipfe of score match-
ing. Let us consider what happened if we just maximized themarmalized log-
likelihood, i.e., log ofg in Equation (21.5). It is maximized when the scale param-
eters inM are zero, i.e., the model variances are infinite and the pcibiispletely
flat. This is because then the model assigns the same pritpp&ball possible val-
ues ofx(t), which is equal to 1. In fact, the same applies to the secomd ie
Equation (21.6), which thus seems to be closely connectethtomization of the
non-normalized log-likelihood.

Therefore, the first term in Equation (21.3) and Equationg®Involving second
derivatives of the logarithm ofl, seems to act as a kind of a normalization term.
Here it is equal to- 3 m;. To minimize this, them; should be made as large (and
positive) as possible. Thus, this term has the oppositeteftethe second term.
Since the first term is linear and the second term polynomil j the minimum of
the sum is different from zero.

A similar interpretation applies to the general non-gaaussiase. The second
term in Equation (21.3), expectation of the norm of scorecfiom, is closely re-
lated to maximization of non-normalized likelihood: if therm of this gradient is
zero, then in fact the data point is in a local extremum of the-normalized log-
likelihood. The first term then measures what kind of an ewtrm this is. If it is
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a minimum, the first term is positive and the valueJdt increased. To minimize

J, the first term should be negative, in which case the extrensuanmaximum.

In fact, the extremum should be as steep a maximum (as opposeélat maxi-
mum) as possible to minimizk This counteracts, again, the tendency to assign the
same probability to all data points that is often inhererthi maximization of the
non-normalized likelihood.

21.4 Example 2: Estimation of basic ICA model

Next, we show how score matching can be used in the estimetithe basic ICA
model, defined as

]

logp(x) = S G(WEX) +Z(W1, ..., W) (21.7)
k=1

Again, the normalization constant is well-known and eqadby|detwW| where the
matrix W has the vectors; as rows, but this serves as an illustration of our method.
Here, we choose the distribution of the component® be so-called logistic

with /3
s 4v/3
G(s) = —2logcostf——=s) — —
(5 = ~2logeosit =9~ =
This distribution is normalized to unit variance as typiicaethe theory of ICA. The
score function of the model in (21.7) is given by

P W) = iwkg(WIX) (21.8)
k=1

where the scalar nonlinear functigns given by

s s
9(s) = — 7 tank( 2—\/§5)

The relevant derivatives of the score function are given by:

=}

A = 3 wig (wWex)

k=1

and the sample version of the objective functidis given by
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21.5 Example 3: Estimation of an overcomplete ICA model

Finally, we how score matching can be applied in the casesobercomplete basis
model in Section 13.1.5. The likelihood is defined almosnasquation (21.7), but
the number of components is larger than the dimension of the dataand we
introduce some extra parameters. The likelihood is given by

log p(x) Z A G(WEX) 4+ Z(Wy,...,Wn, a1, ..., 0n) (21.10)

where the vectorsy, = (W1, ..., W) are constrained to unit norm (unlike in the
preceding example), and tlog are further parameters. We introduce here the extra
parametersy to account for different distributions for different preojgons. Con-
strainingax = 1 andm = n and allowing thewy to have any norm, this becomes the
basic ICA model.

We have the score function

m

YOGW, a,..,om) = 5 awieg(WiX)
=1

whereg is the first derivative ofc. Going through similar developments as in the
case of the basic ICA model, the sample version of the obgftinctiond can be
shown to equal

m
~ 17T wix
= =Y dw Z aj akw we=Y g(w, X(t))
2,57 & 2, XLED
(21.11)
Minimization of this function thus enables estimation of thvercomplete ICA

model using the energy-based formulation. This is how weaiakt the results in
Figure 13.1 on page 298.

21.6 Conclusion

Score matching is a simple method to estimate statisticaletsdn the case where
the normalization constant is unknown. Although the edfiomeof the score func-
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tion is computationally difficult, we showed that the distarof data and model
score functions is very easy to compute. The main assungiiothe method are:
1) all the variables are continuous-valued and defined BYeR) the model pdf is
smooth enough.

We have seen how the method gives an objective function wimiisienization
enables estimation of the model. The objective functioryscally given as an
analytical formula, so any classic optimization methodhsas gradient methods,
can be used to minimize it.

Two related methods are contrastive divergence (Hintoi®22@nd pseudo-
likelihood (Besag, 1975). The relationships between timestihods are considered
in (Hyvarinen, 2007).
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action potential, 51
aliasing, 355
and rectangular sampling grid, 111
of phases of highest frequencies, 112
reducing it by dimension reduction, 113
amodal completion, 386
amplitude, 29
amplitude response, 33, 426
analysis by synthesis, 8
anisotropy, 121, 152, 240, 258, 344
argument (of Fourier coefficient), 424
aspect ratio, 58, 275
attention, 318
audition, 336
autocorrelation function, 119
axon, 51

basis
definition, 419
illustration, 39
orthogonal, 40
overcompleteseeovercomplete basis
undercomplete, 40

basis vector, 290

Bayes' rule, 85

Bayesian inference, 10
and cortical feedback, 307
as higher-order learning principle, 382
definition, 83
in overcomplete basis, 292

blue sky effect, 216

bottom-up, 307, 308

bubble coding, 366

canonical preprocessingeepreprocessing,
canonical
category, 314

causal influence, 401
central limit theorem, 178, 231
channel
colour (chromatic), 322
frequencyseefrequency channels
information, 192
limited capacity, 193, 203
ON and OFF, 301
chromatic aberration, 323
coding, 13, 185
bubble, 366
predictive, 316
sparseseesparse coding
collator units, 284
collector units, 284
colour, 321
colour hexagon, 323
competitive interactions, 315
complex cells, 62, 223, 226, 228
energy modelseeenergy model
hierarchical model critisized, 385
in ISA, 238
in topographic ICA, 254, 259
interactions between, 63
complex exponentials, 425
compression, 13, 185
cones, 322
contours, 284, 308
contrast, 56
contrast gain control, 64, 236
and normalization of variance, 214
relationship to ISA, 234
contrastive divergence, 296
convexity, 172, 173, 227, 245
definition, 141
convolution, 28, 423
correlation
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and Hebb's rule, 401

between pixels, 99

of squares (energiesjeeenergy correlations
correlation coefficient, 80
cortex, 54

extrastriate, 273

striate,seeV1
covariance

and Hebb's rule, 401

definition, 80
covariance matrix, 80

and PCA, 104

connection to power spectrum, 119
curvelets, 388
cytochrome oxidase blobs, 250, 327

DC component, 97
is not always sparse, 176, 180
removal, 65, 97, 214
as part of canonical preprocessing, 113
dead leaves model, 388
decorrelation
deflationary, 146
symmetric, 147
dendrite, 53
derivatives, 395, 408
determinant
considered constant in likelihoods, 171
definition, 418
in density of linear transform, 167
dimension reduction
as part of canonical preprocessing, 114
by PCA, 108
Dirac filter, 19
discrete cosine transform, 194
disparity, 328
divisive normalization, 65, 215, 236
dot-product, 416
double opponent, 326

ecological adaptation, 6
eigensignal, 425
eigenvalue decomposition
and Fourier analysis, 125
and PCA, 106, 123
and translation-invariant data, 125
definition, 123
finds maximum of quadratic form, 124
of covariance matrix, 123
eigenvectors / eigenvaluesgeeigenvalue
decomposition
embodiment, 389
end-stopping, 315
energy correlations, 211, 230, 245, 355

Index

spatiotemporal, 359, 365
temporal, 350
energy model, 62, 253, 274
as subspace feature in ISA, 225
learning by sparseness, 227
entropy
and coding length, 189
definition, 188
differential, 191
as measure of non-gaussianity, 192
maximum, 192
minimum, 194
of neuron outputs, 197
estimation, 89
maximum a posteriori (MAP), 90
maximum likelihood,seelikelihood,
maximum
Euler's formula, 424
excitation, 54
expectation
definition, 79
linearity, 80
exponential distribution, 176
extrastriate cortex, 66, 307, 385

FastICA, 150, 347
definition, 411
feature, 18
output statistics, 19
feedback, 307, 405
FFT, 433
filling-in, 386
filter
linear, 25
spatiotemporal, 337
temporally decorrelating, 345
firing rate, 53
modelled as a function of stimulus, 55
spontaneous, 53
Fourier amplitudegeepower spectrum)
1/f behaviour, 116, 386
Fourier analysisseeFourier transform
Fourier energy, 33, 63
Fourier power spectrunseepower spectrum
Fourier space, 424
Fourier transform, 29, 38, 423
connection to PCA, 107
definition, 423
discrete, 38, 428
fast, 433
spatiotemporal, 338
two-dimensional, 433
frame (in image sequences), 337
frequency
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negative, 426 independence
frequency channels, 59, 279, 285 as nonlinear uncorrelatedness, 160
produced by ICA, 182 definition, 77
frequency-based representation, 29, 338 implies uncorrelatedness, 81
as a basis, 40 increased by divisive normalization, 218
function of components, 161
log cosh, 143, 150, 172, 198, 276, 297, 299,independent component analysis, 159
347, 350, 403, 412 after variance normalization, 217
neighbourhood, 250 and Hebb's rule, 402
nonlinear,seenonlinearity and mutual information, 195
tanh,seenonlinearity, tanh and non-gaussianity, 161
and optimal sparseness measures, 172
Gabor filter, 44, 274 connection to sparse coding, 170
Gabor function, 44, 58, 285, 324, 355 definition, 161
in complex cell model, 63 for preprocessed data, 162
gain control, contraseecontrast gain control image synthesis, 169
gain control, luminance, 65 impossibility for gaussian data, 164
ganglion cells, 54, 65, 127 indeterminacies, 161
learning receptive fields, 130 likelihood, seelikelihood, of ICA
number compared to V1, 290 maximum likelihood, 167
receptive fields, 56 need not give independent components, 209
gaussian distribution nonlinear, 234
and PCA, 115 of complex cell outputs, 276
and score matching estimation, 440 of colour images, 323, 330
generalized, 173 of image sequences, 347
multidimensional, 115 of natural images, 168
one-dimensional, 72 optimization in, 405
spherical symmetry when whitened, 164 pdf defined by, 166
standardized, 72, 81 score matching estimation, 442
uncorrelatedness implies independence, 165 topographic, 252
gaze direction, 318 vs. whitening, 163
gradient, 395 independent subspace analysis, 223
gradient method, 396 as nonlinear ICA, 234
conjugate, 410 generative model definition, 229
stochastic, 402 image synthesis, 241
with constraints, 398 of natural images, 235
Gram-Schmidt orthogonalization, 156 special case of topographic ICA, 254
grandmother cell, 54 special case of two-layer model, 266
superiority over ICA, 243
Hebb's rule, 400 infomax, 196
and correlation, 401 basic, 197
and orthogonality, 405 nonlinear neurons, 198
Hessian, 408 with non-constant noise variance, 199
horizontal interactions information flow
seelateral interactions 307 maximization seeinfomax
information theory, 13, 185
ice cube model, 249 critique of application, 202
image, 3 inhibition, 54
image space, 11 integrating out, 266
image synthesis invariance
by ICA, 169 modelling by subspace features, 224
by ISA, 241 not possible with linear features, 223
by PCA, 116 of features, importance, 242

impulse response, 28, 423 of ISA features, 238
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rotational (of image)seeanisotropy
shift (of a system), 423
to orientation, 229, 247
to phase, of a feature
and sampling grid, 113
in complex cells, 63
in ISA, 228, 235
to position, 224, 242
to scale, 386, 388
and Y/ f2 power spectrum, 118
to translation, of an image, 125
and relation to PCA, 106
inverse of matrix, 419

kurtosis, 173, 174, 350
and classification of distributions, 175
and estimation of ICA, 180
definition, 140

Laplacian distribution, 172, 312
generalized, 173
two-dimensional generalization, 230
lateral geniculate nucleuseelL GN
lateral interactions, 307, 315, 318, 364, 385
LGN, 54, 203
learning receptive fields, 130, 345
receptive fields characterized, 56
likelihood, 89, 91, 167
and divisive normalization, 215
maximum, 90, 382, 438
obtained by integrating out, 267
of ICA, 168, 183
and infomax, 198
and differential entropy, 195
and optimal sparseness measures, 172
as a sparseness measure, 170
optimization, 397
of ISA, 229
of topographic ICA, 253, 256
of two-layer model, 267
used for deciding between models, 244
linear features
cannot be invariant, 223
linear-nonlinear model, 61
local maximum, 399
local minimum, 399
localization
simultaneous, 47
log cosh,seefunction, log cosh

Markov random field, 297, 384, 389
matrix

definition, 417

identity, 419

Index

inverse, 419
of orthogonal matrix, 421
optimization of a function of, 397
orthogonal, 111
matrix square root, 129
and orthogonalization, 399
and whitening, 130
maximum entropy, 192
maximum likelihood seelikelihood, maximum
metabolic economy, 155, 382
minimum entropy, 194
coding in cortex, 196
model
descriptive, 16
different levels, 393
energy,seeenergy model
energy-based, 264, 294
generative, 8, 264
normative, 16, 309, 382
physically inspired, 388
predictive, 273, 285
statistical, 88, 393
two-layer, 264
multilayer models, 389
multimodal integration, 336
music, 336
mutual information, 192, 195, 197

natural images
as random vectors, 69
definition, 12
sequences of, 337
transforming to a vector, 69
nature vs. nurture, 382
neighbourhood function, 250
neuron, 51
Newton’s method, 407
noise
added to pixels, 291
reduction and feedback, 308
reduction by thresholding, 311
white, seewhite noise
non-gaussianity
and independence, 178
different forms, 175
maximization and ICA, 177
non-negative matrix factorization, 300
with sparseness constraints, 302
nonlinearity, 139
convex, 141, 172, 173, 227, 232
gamma, 322
Hebbian, 403
in FastICA, 276, 411
in overcomplete basis, 293
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in three-layer model, 309

square root, 142, 172, 236

tanh, 276, 347, 403, 412
norm, 416
normal distributionseegaussian distribution
normalization constant, 270, 295, 438

objective function, 394
ocular dominance, 330
optimization, 393
constrained, 398
under orthogonality constraint, 398
orientation columns, 250
orthogonality
and Hebb's rule, 405
equivalent to uncorrelatedness, 111
of matrix or transformation, 420
of vectors, 416
of vectors vs. of matrix, 111
prevents overcompleteness, 289
orthogonalization
as decorrelation, 146
Gram-Schmidt, 156
symmetric, 399
orthonormality, 111
overcomplete basis
and end-stopping, 315
and PCA, 291
definition, 291
energy-based model, 294
score matching estimation, 443
generative model, 290

partition function,seenormalization constant
PCA, seeprincipal component analysis
pdf, 71

non-normalized, 437
phase, 29, 424

its importance in natural images, 120
phase response, 33, 426
photoreceptors, 54

and colour, 322
pinwheels, 258, 271
place cells, 336
plasticity, 400

spike-time dependent, 401
pooling, 226, 254

frequency, 277
positive matrix factorization, 300
posterior distribution, 84, 85, 308
power spectrum, 33

1/£2 behaviour, 116, 386

and covariances, 119

and gaussian model, 120
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and PCA, 120
its importance in natural images, 120
of natural images, 116
spatiotemporal, 341
Wiener-Khinchin theorem, 119
preprocessing
by DC removal seeDC component, removal
canonical, 113, 146, 150, 181, 227, 236, 253
how it changes the models, 162
in sparse coding, 144
input to visual cortex, 404
inversion of, 181
primary visual cortexseeV1
principal component analysis
and Hebb’s rule, 403
and whitening, 109
as anti-aliasing, 111, 113
as dimension reduction, 108
as generative model, 115
as part of canonical preprocessing, 113
as preprocessing, 107
components are uncorrelated, 124
computation of, 104, 122
connection to Fourier analysis, 107
definition, 100
definition is unsatisfactory, 103
lack of uniqueness, 103, 125
mathematics of, 122
of colour images, 323
of natural images, 102, 104
of stereo images, 329
principal subspace, 108
prior distribution, 6, 10, 85, 86, 166, 292
non-informative, 86
prior information,seeprior distribution
probabilistic modelseemodel, statistical
probability
conditional, 75
joint, 73
marginal, 73
probability density (function)seepdf
products of experts, 296
pseudoinverse, 421
pyramids, 387

quadrature phase, 44, 150, 274
in complex cell model, 63

random vector, 70

receptive field, 55, 57
center-surround, 56, 127, 326, 345
classical and non-classical, 316
definition is problematic, 294, 315
Gabor model, 58
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linear model, 56
space-time inseparable, 340
space-time separable, 339
spatiotemporal, 338
temporal, 338
vs. feature (basis) vector, 180
vs. synaptic strength, 404
rectification, 65, 347, 355
half-wave, 61
redundancy, 13, 190
as predictability, 14
problems with, 190
reduction, 15
representation, 18
frequency-basedseefrequency-based
representation
linear, 18, 38
retina, 54
learning receptive fields, 130
receptive fields characterized, 56
retinotopy, 65, 250
reverse correlation, 57
RGB data, 322

sample, 88
two different meanings, 88
sampling, 3, 111, 328, 347
saturation, 61, 217
scale mixture, 177, 266
scaling laws, 386
score matching, 296, 382, 438
segmentation, 386
selectivities
of ISA features, 238
of simple cells, 58
of sparse coding features, 152
sequences
of natural images, 337
shrinkage, 312, 404
simple cells, 56, 254
distinct from complex cells?, 384
Gabor models, 58
interactions between, 63
linear models, 56
nonlinear responses, 59
selectivities, 58
sinusoidal, 425
skewness, 175, 176
in natural images, 176
slow feature analysis, 367
linear, 369
quadratic, 371
sparse, 374
space-frequency analysis, 41

Index

sparse coding, 137
and compression, 194
and Hebb’s rule, 402, 403
connection to ICA, 170
metabolic economy, 155, 382
optimization in, 405
results with natural images, 145, 150
special case of ICA, 179
utility, 155
sparseness
as non-gaussianity, 175
definition, 137
lifetime vs. population, 148
measure, 139
absolute value, 143
by convex function of square, 141
kurtosis, 140
log cosh, 143
optimal, 159, 172
relation to tanh function, 403
minimization of, 180
of feature vs. of representation, 148
why present in images, 175
spherical symmetry, 231
spike, 51
square root
of a matrix,seematrix square root
statistical-ecological approach, 21
steerable filters, 229, 247, 388
step size, 396, 408
stereo vision, 328
stereopsis, 328
striate cortexseeV1
sub-gaussianity, 175
subgaussianity
in natural images, 176
subspace features, 224, 225
super-gaussianity, 175

temporal coherence, 349
and spatial energy correlations, 359, 365
temporal response strength correlatisae
temporal coherence
thalamus, 54
theorem
central limit, 178, 231
of density of linear transform, 167
Wiener-Khinchin, 119
three-layer model, 276, 308
thresholding
and feedback, 312, 314
in simple cell response, 61
top-down, 307, 308
topographic grid, 250
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topographic ICA, 252
connection to ISA, 254
optimization in, 405

topographic lattice, 250

topographic organization, 65, 249
utility, 254

transmission
of data, 187

transpose, 418

tuning curve, 59
disparity, 333
of ISA features, 236
of sparse coding features, 152

two-layer model
energy-based, 270
fixed, 274
generative, 264

uncertainty principle, 47
uncorrelatedness
definition, 80
equivalent to orthogonality, 111
implied by independence, 81
nonlinear, 160
uniform distribution, 78
is sub-gaussian, 176
maximum entropy, 192
unsupervised learning, 385

V1, see alssimple cellsand complex cells, 55
V2, 203, 286, 307
V4, 66
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V5, 66
variance
as basis for PCA, 100
changing (non-constant), 177, 199, 213,
231, 265, 351
definition, 80
variance variable, 177, 213, 231, 265
vector, 415
vectorization, 70
vision, 3
visual space, 336

wavelets, 221, 387
learning them partly, 388

waves
retinal travelling, 383

white noise, 57, 197, 198, 281, 366
definition, 82

whitening, 109
and center-surround receptive fields, 126
and LGN, 126, 130
and retina, 126, 130
as part of canonical preprocessing, 114
by matrix square root, 130
by PCA, 109
center-surround receptive fields, 130
filter, 130
patch-based and filter-based, 127
symmetric, 130

Wiener-Khinchin theorem, 119

wiring length minimization, 135, 254
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