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Preface

The global purpose of IWANN conferences has been to provide a broad and in-
terdisciplinary forum for the interplay between neuroscience and computation.
Our dream has been, and still is: (1) find ways to understand the physiolog-
ical, symbolic and cognitive nature of the nervous system (NS) with the help
of computational and engineering tools; and (2) find rich and insightful sources
of inspiration in biology, to develop new materials, mechanisms and problem-
solving methods (PSM) of value in engineering and computation. As all of us
know well, this dream started with the Ancient Greeks, reappeared in the foun-
dational stage of neurocybernetics and bionics, and is now broadly accepted in
the scientific community under different labels such as computational neuro-
science (CN) and artificial neural nets (ANN), or genetic algorithms and hybrid
neuro-fuzzy systems.

We have also to recognize that there is a considerable lack of credibility
associated with CN and ANN among some researchers, both from biology and
from the engineering and computation area. Potential causes of this scepticism
could be the lack of methodology, formal tools, and real-world applications, in
the engineering area, and the lack also of formal tools for cognitive process
modeling. There is also the possibility of the computational paradigm being
inappropriate to explain cognition, because of the “representational” character
of any computational model. Some “more situated” approaches are looking back
to the “neurophysiological epistemology” of the 1960’s (mind in a body) to
search directly for the mechanisms that could embody the cognitive process, and
this means some fresh air for our old dream of connectionism. The tremendous
difficulties of these fields (CN and ANN) and of the questions addressed (How
does the NS work, and how can we mimic this work in a non-trivial manner?)
justify the delay in getting proper answers.

We hope that the papers in these two volumes and the discussions during
this seventh working conference will help us to create some new critique and a
constructive atmosphere. The neural modeling community and all the people en-
gaged in the connectionist perspective of knowledge engineering would certainly
benefit from this new atmosphere.

IWANN 2003, the 7th International Work-Conference in Artificial and Natu-
ral Neural Networks took place in Maé, Menorca, Spain, during June 3-6, 2003,
addressing the following topics:

Mathematical and computational methods in neural modeling. Lev-
els of analysis. Brain theory. Neural coding. Mathematical biophysics. Popula-
tion dynamics and statistical modeling. Diffusion processes. Dynamical binding.
Synchronization. Resonance. Regulatory mechanisms. Cellular automata.

Neurophysiological data analysis and modeling. Ionic channels.
Synapses. Neurons. Circuits. Biophysical simulations.
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Structural and functional models of neurons. Analogue, nonlinear,
recurrent, RBF, PCA, digital, probabilistic, Bayesian, fuzzy and object-oriented
formulations.

Learning and other plasticity phenomena. Supervised, non-supervised,
reinforcement and statistical algorithms. Hybrid formulations. Incremental and
decremental architectures. Biological mechanisms of adaptation and plasticity.
Development and maturing.

Complex systems dynamics. Statistical mechanics. Attractors. Optimiza-
tion, self-organization and cooperative-competitive networks. Evolutionary and
genetic algorithms.

Cognitive Processes and Artificial Intelligence. Perception (visual,
auditive, tactile, proprioceptive). Multi-sensory integration. Natural language.
Memory. Decision making. Planning. Motor control. Neuroethology. Knowledge
modeling. Multi-agent systems. Distributed Al. Social systems.

Methodology for nets design, simulation and implementation. Data
analysis, task identification and recursive design. Development environments and
editing tools. Implementation. Evolving hardware.

Bio-inspired systems and engineering. Bio-cybernetics and bionics. Sig-
nal processing, neural prostheses, retinomorphic systems, and other neural adap-
tive prosthetic devices. Molecular computing.

Applications. Artificial vision, speech recognition, spatio-temporal plan-
ning and scheduling. Data mining. Sources separation. Applications of ANNs in
robotics, astrophysics, economics, the Internet, medicine, education and indus-
try.

IWANN 2003 was organized by the Universidad Nacional de Educacion a
Distancia, UNED, Madrid, in cooperation with IFIP (Working Group in Neu-
ral Computer Systems, WG10.6) and the Spanish RIG IEEE Neural Networks
Council.

Sponsorship was obtained from the Spanish Ministerio de Ciencia y Tec-
nologia under project TIC2002-10752-E and the organizing university (UNED).

The papers presented here correspond to talks delivered at the conference.
After the evaluation process, 197 papers were accepted for oral or poster pre-
sentation, according to the recommendations of referees and the author’s pref-
erences. We have organized these papers into two volumes arranged basically
following the topics list included in the call for papers. The first volume, entitled
“Computational Methods in Neural Modeling,” is divided into six main parts
and includes the contributions on: biological models, functional models, learn-
ing, self-organizing systems, artificial intelligence and congnition, and bioinspired
developments.

In the second volume, “Artificial Neural Nets Problem-Solving Methods,”
we have included the contributions dealing with nets design, simulations, imple-
mentations, and application developments.

We would like to express our sincere gratitude to the members of the orga-
nizing and program committees, in particular to Félix de la Paz Loépez, to the
referees, and to the organizers of pre-organized sessions for their invaluable effort
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in helping with the preparation of this conference. Thanks also to the invited
speakers for their effort in preparing the plenary lectures.

Last, but not least, the editors would like to thank Springer-Verlag, in partic-
ular Alfred Hofmann, for the continuous and excellent cooperative collaboration,
from the first IWANN in Granada (1991, LNCS 540), to the successive meetings
in Sitges (1993, LNCS 686), Torremolinos (1995, LNCS 930), Lanzarote (1997,
LNCS 1240), Alicante (1999, LNCS 1606 and 1607), again in Granada (2001,
LNCS 2084 and 2085), and now in Mag.

June 2003 Jos,é Mira
José R. Alvarez
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Abstract. In this work we present several hardware implementations of
a standard multi-layer perceptron and a modified version called extended
multilayer perceptron. The implementations have been developed and
tested onto a FPGA prototyping board. The designs have been defined
using a high level hardware description language, which enables the study
of different implementation versions with diverse parallelism levels. The
test bed application addressed is speech recognition. The contribution
presented in this paper can be seen as a low cost portable system, which
can be easily modified. We include a short study of the implementation
costs (silicon area}, speed and required computational resources.

1 Introduction

The work presented in this paper addresses the study of the implementation viability
and efficiency of Artificial Neural Networks (ANNs) onto reconfigurable hardware
(FPGA) for embedded systems, such as portable real-time speech recognition sys-
tems.

ANNs are widely used for diverse applications, such as classification problems,
because of their capability of learning from the input patierns, in order to use the
acquired knowledge for new input patterns. There are different, well known ANN
models, which exhibit similar performance levels in classification problems {1]. We
have focused on the Multi-Layer Perceptron (MLP) [2], and we propose the imple-
mentation of a modified version called eXtended Multi-Layer Perceptron (XMLP)
motivated, on one hand, by its hardware implementability (silicon area and process-
ing speed), and on the other hand, by speech recognition characteristics that usually
make use of two dimensional processing schemes [3].

An interesting feature of the ANN models is their intrinsic parallel processing
strategies, although in most of the cases, the final implementation of the ANN is
done through sequential algorithms (that run on single processor architecture) and
do not take advantage of this intrinsic parallelism. In this paper we introduce two
implementation versions, a parallel and a sequential design of a standard MLP and
XMLP. This illustrates how easy is to tackle the silicon area vs. speed trade-off,
when the design is defined with a high level Hardware Description Language
(HDL).

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 1-8, 2003.
© Springer-Verlag Berlin Heidelberg 2003
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Learning is carried out off-line, but using a software version of the ANN that take
into account the bit-depth of the different variables and the computation precision of
the different stages. Therefore, the final classification results are exactly the same as
the ones obtained from the hardware version.

2 Perceptron-like Neural Network

2.1 Multi-Layer Perceptron (MLP)

The MLP is an ANN with processing elements or neurons organized in a structure
with several layers (Fig. 1): an input layer that is simply composed by the input
vector, some hidden layers and an output layer (in which only one winning node is
active for each input patiern for classiﬁca&on problems).

gils

0123456789

£

iy
Input; 10 vectors of 22 compaonants

Fig. 1. Example of the MLP for isolated word recognition

Each layer is completely connected with its adjacent; there are no connections
between non-adjacent layers and no recurrent connections. Each of these connec-
tions is defined by an associated weight. Each neuron computes the weighted sum of
its inputs and applies an activation function (f(x) in Fig. 2) that forces the neuron
output to be high or low. In this way, the MLP obtains an output vector from an
input pattern, propagating forward the output of each layer. The synaptic weights
are adjusted through a supervised training algorithm called backpropagation [2].

In the literature can be found different activation functions used in the MLP to
transform the activity level (weighted sum of its inputs) to an output signal. The
most frequently used is the sigmoid, although there are other choices such as a ramp
function, a hyperbolic tangent, etc. All of them are continuous functions with a
smooth S wave form that transform an arbitrary large real value (positive or nega-
tive) to another value in a much shorter range.

We have used the sigmoid activation function. The generic expression depends
on three parameters g, fnax ¥ fmin: o is the slope of the function in x = 0, fj, is the
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maximum value and f{;, is the minimum. We have chosen the standard configura-
tion (£ = 1/4, fmax = 1 and £y, = 0). Fig. 2 represents the sigmoid function and the
=-0.5.

Fig. 2. Examples of activation functions: sigmoid and ramp functions

2.2 Extended Multi-Layer Perceptron (XMLP)

The XMLP is a feed-forward ANN with an input layer, up to two hidden layers and
an output layer. The difference with respect to the MLP is that each layer can be
configured as a two dimensional one and we can define the connectivity patterns of
the neurons to restricted neighborhoods. This characteristic is very interesting for
the speech recognition applications because in most cases we need to take into ac-
count a temporal environment of input vectors (for instance in phoneme recognition)
or even it may be necessary to process the vectors corresponding to the whole pro-
nunciation (complete word recognition). In these cases, the x axis can be used to
control time, while the y axis takes into account all the features extracted from a
single sample.

The size of each layer and its partial connectivity are defined by six parameters in
the following form:

X8z 5% ¥(gy,8y). @

x e y indicate the sizes of the axes, g and s define a group of nodes and a jump (step)
between two consecutive groups in the X axis (g;, s,) and in the Y axis (g,, s,). To a
node with index i in the X axis of layer k, only are connected neurons of layer k-1 of
the i group of X axis, except if g,= x in layer k, in which case all the neurons of
layer k are connected to all the neurons of X axis in layer &-1. The same is used to
define the connectivity pattern in the Y axis. In this way, we use weights in rectan-
gular neighborhoods that can overlap between themselves. Besides, it must be taken
into account that the jump (s) in a layer cannot be larger than the group size (g).
That means simply that all the neurons should have any connections. This structure
is shown in Fig. 3.

With this architecture it is possible to implement networks of the kind Scaly
Multi-Layer Perceptron (SMLP) used in isolated word recognition [4], and even of
the type Time Delay Neural Network (TDNN), used in phoneme recognition [5].

Therefore, the MLP can be considered a particular case of XMLP when g, = x, s,
=0, g, = y and 5, = 0, in all the layers.
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Fig. 3. Structure of a XMLP layer and its connections to the next layer. In this example, the
lower layer, with 15 neurons, is defined by the parameters 5(3,2) x 3(2,1), i.e. 5 neurons in
the X axis grouped in clusters of 3 with a jump of two neurons between groups, and 3 neu-
rons in the Y axis grouped in clusters of 2 elements, with a jump of one neuron between
groups. Because there are two groups in the X axis, in the following layer there must be 2
neurons in this axis, the same is valid for the Y axis

3 Hardware Implementation

To illustrate the hardware implementation of the MLP/XMLP system we have cho-
sen a specific application related with speech recognition. Let us focus on a voice
controlled phone dial system (this can be of interest for drivers that should keep
their attention in driving). This particularizes the perceptron parameters to be im-
plemented and the word set of interest (numbers from O to 9). Nevertheless, there
are many other applications that require embedded systems in portable devices (low
cost, low power and reduced physical size) such as voice controlled tools or robots,
vehicles equipments (GPS navigator interface), toys, handicap people aids, etc.

For our test bed application we need a MLP/XMLP with 220 data in the input
layer (10 vectors of 22 parameters) and 10 output nodes in the output layer (corre-
sponding to the 10 recognizable words). And after testing different architectures [6]
the best results (96.83% of correct classification rate) have been obtained with 24
nodes in the hidden layer and the connectivity of the XMLP defined by: 10(4,2)x22
in the input layer and 4x6 in the hidden layer.

For the MLP/XMLP implementation we have chosen a two’s complement repre-
sentation and different bit depths for the stored data (inputs, weights, activation
function, outputs, etc). In the next section we introduce the discretization details.

3.1 Discretization

We have to limit the ranges of different variables:
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— Inputs to the MLP/XMLP and the output of the activation function. Both must
have the same range to easily manage multiple layers processing. (We have cho-
sen 8 bits).

— Weights (8 bits).

Input to the activation function. The activation function is defined by a Look-Up-
Table (LUT), but we have to specify how to store the useful values. In order to
choose the bit precision of these values we have to take into account the maximum
value reachable with the weighted sum of a neuron inputs. As the maximum number
of entries to a neuron is 220, the maximum absolute value reachable with the
weighted sum of a neuron inputs will be 3548380 (result of 127(max. input) X
127(max. weight) x 220(entries)). Therefore we need 23 bits for the input of the acti-
vation function in order to represent all the values between -3548380 and 3548380.
But really, we do not need to store 2* values. We could sub-sample it, but even
with 14 bits we would need to store 2'* values. Nevertheless, if we take into account
the sigmoid waveform we can store the significant values of the function with a
much smaller LUT. In the sigmoid function (Fig. 2), most of the values are repeated,
only the transition zone needs to be stored. Concretely, with 8 bits depth only 165
values of the LUT have values different of 0 or 127. Therefore, we could only store
these 165 values with a small LUT addressable with just 8 bits. This can be done by
implementing a specific address decoder.

After taking all these discretization simplifications the model achieves similar
classification results. For instance, in phoneme recognition application with the
MLP we obtained 69.33% of correct classification with the continuous model and
69.00% when using the discretized model.

3.2 Field Programmable Gate Arrays (FPGAs)

FPGA devices are composed by large arrays of programmable logic gates, and other
embedded specific purpose blocks, such as memory blocks, multipliers, etc.

The internal structure of a typical FPGA consists of a regular matrix of configur-
able logic blocks (CLBs), surrounded by programmable input/outputs blocks (I0Bs).
The CLBs are interconnected by intermediate routing switches. Embedded configur-
able on-chip RAM memory blocks are also available on modern FPGAs, which can
be used to store LUTs (as the activation function of the MLP/XMLP nodes or the
synaptic weights).

FPGA can be configured as custom co-processors for a particular task. In this
way we can design specific hardware for any application enabling the exploitation
of the inherent parallelism of the implemented algorithms.

The hardware versions of MLP and XMLP have been implemented and tested on
a Celoxica [7] RC1000-PP PCI prototyping board containing a single Xilinx [8]
Virtex 2000E FPGA, and 4 RAM memory banks. The memory is accessible by the
FPGA and by the PCI bus. It can be used to exchange data between the computer
and the co-processor. In this FPGA a CLB element consists on 4 similar slices, with
fast local feedback within the CLB.

Two versions of the MLP/XMLP have been described using Handel-C [7]: a high
level hardware description language, which is a synthesis language based on the
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ISO/ANSI-C. The development tool DK1 enables the easy description of algo-
rithmic based systems, that are more difficult to address with other HDLs, such as
VHDL or Verilog.

3.3 Implementation Characteristics

In this section we present the implementation characteristics of sequential and paral-
lel versions of the MLP and the XMLP networks. Simplified block diagrams of the
two versions, illustrating the basic differences between the sequential and the paral-
lel versions, are shown in Figs. 4.a and 4.b. The parallel version computes the 24
hidden nodes in parallel, dedicating specific circuitry to each of them. Only the
activation function is consulted sequentially in a single LUT.

220 24
inputs \\ hidden
re— ] \ .)_ outputs
= Functional
L unit Activation
STl function
- )
,
20 ” 'f LUT
’ )
’
20 ’
220x24 K
weights '

220
inputs
Functional

\ it1 AT
- h uni S B
200 Activation b
function A
HE : LSS
unctional iz

20 || unit 2 LuT
7 i
o
i
220 e
220x24 ]
p 4 TSI
weights “ew SIS,
IS,
ST,
SIS,
]
s
% 1 )

Functional
220 unit 24
1 (b)
“

Fig. 4. Block diagrams of the sequential version (a) and the parallel version (b) of the MLP.
Computations of the hidden layer (24 neurons) require 220x220x24 multiplications to be
done sequentially with a single functional unit (a). Computations of the hidden layer are
done in parallel with 24 functional units (b)
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The systems have been designed using Handel-C with the development environ-
ment DK1.1 to extract an EDIF file. This has been finally compiled using the syn-
thesis tool Xilinx Foundation 3.5i [8].

In Table 1 we present the implementation characteristics obtained after synthesiz-
ing the sequential and parallel versions of the MLP. We indicate the following pa-
rameters: number of gates, number of slices (Xilinx devices), the occupation per-
centage of a Virtex-E 2000 FPGA (that we have used to test the final implementa-
tions), the RAM size in bits, the maximum clock period, the number of clock cycles
required for each input vector (220 input components) evaluation, an the total time
consumed for each input vector evaluation.

Table 1. Implementation characteristics of the sequential and parallel designs of the MLP

Design # # % RAM  Clock # T. comp.
MLP gates  slices occup. (bits) (ns)  cycles (us)

Sequential 136731 2756 14 49648 63.615 5634 358.406
Parallel 208824 6343 33 48160 60.734 294 17.856

It can be seen that the sequential version requires less occupation than the parallel
one in which specific circuits have been implemented for each hidden node. In the
sequential version all the computations are carried out by the same functional unit.
In contrast, the parallel version requires the synthesis of 24 functional units to com-
pute the hidden layer in parallel.

The computing time for each input vector is much shorter (20 times) in the paral-
lel version mostly due to the reduced number of clock cycles needed for an input
vector evaluation. In this way we are taking advantage of the inherent parallelism of
the ANN computation scheme.

Table 2 presents the implementation characteristics of the sequential and parallel
versions of the XMLP.

Table 2. Implementation characteristics of the sequential and parallel designs of the XMLP

Design # # % RAM  Clock # T. comp.
XMLP gates  slices occup. (bits) (ns) cycles {us)

Sequential 102182 2164 11 33440 66.125 2511 166.040
Parallel 183953 6169 32 33440 76.656 164 12.571

In this case, we observe that also the occupation rate of the parallel version in-
creases dramatically (from 11% in the sequential design to 32% in the parallel de-
sign). And again the computing time of the parallel version is much shorter (13
times).

Finally, comparing Tables 1 and 2 we see how XMLP requires less resources than
the MLP and achieves a faster computation (it reduces the computing time in 5
microseconds for the parallel version). The advantages exhibited by the XMLP are
due to the partial connectivity patterns, which reduce the number of multiplications
from 5380 in the case of fully connected configuration (MLP) to 2112 in the case of
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XMLP with the configuration explained in Section 3. It is also observed the XMLP
reduces the storage RAM requirements, again because it requires less connection
weights to be stored.

4 Conclusions

We have presented the complete implementation of a perceptron-like neural net-
work. We have compared the implementation of two ANN models, a standard MLP
and a modified version of it with restricted connectivity patterns. We have designed
the two models using a high level Hardware Description Language (Handel-C) in
order to easily compare sequential and parallel designs of the two network models.

In order to optimize the implementation we have studied how to reduce the stor-
age requirements for the activation function. The different designs characteristics
show that is relatively simple to parallelize ANN, and reduces the computational
time for each input vector dramatically.

The parallel designs have been defined through the Handel-C “par” directive that
forces the implementation of dedicated circuits for a certain part of an algorithm to
be computed in parallel. But it must be noted that since the designs have been de-
fined using a high level Hardware Description Language the automatic synthesis
pathway is long and optimizations in the DK1 compiler or the Xilinx synthesis tool
may affect the design characterizations shown in Tables 1 and 2.

For the speech recognition application we obtain a correct classification rate of
96.83% with a computation time around 12.5 microseconds per sample, which ful-
fills by far the time restrictions imposed by the application. Finally, taking into
account the size of the designs, all of them would fit into a low cost FPGA (less than
5 $). Therefore, the presented implementation can be seen as a low-cost design to be
embedded in a portable speech processing platform (for voice controlled systems).
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Abstract. This paper presents an implementation methodology of weighted
ANNs whose weights have already been computed. The validation of this
technique is made through the synthesis of circuits implementing the be-
haviour of specialised ANNs compiled from sets of logical clauses describ-
ing different logical problems. A Neuro—Symbolic Language (NSL) and
its compiler® have been designed and implemented in order to translate
the neural representation of a given logical problem into the correspond-
ing VHDL code, which in turn can set devices such as FPGA (Field
Programmable Gate Array). The result of this operation leads to an
electronic circuit called NSP (Neuro-Symbolic Processor) that effectively
implements a massively paralle]l interpreter of logic programs.

1 Introduction

One of the main obstacles on implementing weighted binary ANNs in hardware
is its impact in both silicon area (A) and time of propagation (T) — the AT?
parameter. Nevertheless, weightless ANNs, or Boolean neural networks, can be
naturally accommodated by existing digital systems, i.e., implementations in
conventional hardware or software.

Digital implementations of weighted ANNs by use of the multiplication—
summation—thresholding’s scheme are very expensive in terms of silicon area and
propagation time. Some previous works have focused on optimising parts of this
computation, like the comparison mechanism [1], varying the depth (maximum
number of layers from one input to one output) and size (number of neurons of
the ANN) of the comparison neuron net, all seeking to minimise ATZ.

® Copyright n. 001109/D801353 - 23/12/98.

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 9-16, 2003.
© Springer-Verlag Berlin Heidelberg 2003
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This work focuses on reducing, as much as possible, the size of neurons (in
terms of silicon area), what may also lead to delay reductions, by use of a simple
methodology for binary digital implementations of ANNs. The method consists
of substituting the traditional scheme of summation-evaluation of the thresh-
old by a digital circuit mimicing the functionality of the whole neuron. The
proposed synthesis mechanism can be naturally integrated into automatic or
semi—automatic CAE tools and will be shown how this strategy may lead to
great area and delay reductions [2].

In the following sections, we introduce both the neuron and the neural net-
work models, then we show how monotonic and non-monotonic logical inferences
can be implemented by means of ANNs and, finally, we describe the compiler
that translates the whole network into the respective VHDL code.

2 The ANN model

The neuron model adopted here is the Weighted—Sum non—Linear Thresholded
Element of McCulloch and Pitts [3]. Its state transition function is defined as
follows:

k .
PG+ =1|Y @ym@-s)|il={g 220 O
i=1

where p;(t) represents the state (1 or 0) of neuron p; at time ¢, a;,; the coupling
coefficient or weight between neurons p; and p;, whose values may be positive
(excitation) or negative (inhibition), s; the threshold of neuron p;.

One may look for logical operations that may be performed by means of
elements defined as in (1), where each element of this kind provides a localist
neural representation of a propositional literal from some set P = {p1,...,pn}-
As stated in Aiello et al. [4], the two possible truth—values of a literal p are repre-
sented by means of two distinguished neurons p and —p: the first is activated if
and only if the corresponding literal is supposed to be true, the second if and only
if it is supposed to be false. In the latter case of course we are entering the field
of non—monotonic logic. The presence of both p and —p allows us also to check
if an explicit contradiction arises on the basis of previous inferences. Inactivity
of these neurons means that we do not have information about the truth-value
of the corresponding literal. A similar approach has been proposed in the past
by von Neumann [5] (Double Line Trick) to take into account non-monotonic
behaviour [6].

The kind of production rule we shall consider here is a conditional expression
of the form

PIA...ADPE—¢C 2)

and can be represented as a net having k£ neurons pj, ..., px connected to a
neuron c (see Fig. 1) with the following settings: a; . = 1 where 1 <4 < k and
the threshold of ¢ s, = k — ¢ where 0 < e < 1.
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Fig. 1. Neural rule model

Using this representation of rules as basic building block, one can design a
neural production system, organised into five different layers of neurons, capable
of carrying out search on a knowledge base of facts and production rules. A
specific example of such system, for a set of three rules, is represented in Fig. 2.
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Fig. 2. NFC - Neural Forward Chaining

The neural network model reported in Fig. 2, is the one called NFC (Neural
Forward Chaining) introduced in Aiello et al. [4] and it is based on a unified
LCA (Localist Connectionist Architecture) approach [7] of rule-based systems
proposed by Burattini et al. [8] in 1992.
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The NFC model performs parallel forward inference processes for proposi-
tional rule-based systems. Moreover, for each set of logical clauses there exists
the corresponding NFC neural network, which is generated by a compiler pro-
gram based on the Neuro—Symbolic approach introduced by Aiello et al. [9].
The NFC computation captures the symbolic meaning of the corresponding set
of logical clauses.

The non-monotonic NFC model (grounded on the same principles of mono-
tonic one), is based on an appropriate use of inhibitions, to implement a parallel
non—monotonic reasoning (in this case, inhibitions play a key role in asserting
and retracting facts [10]).

The NSL (Neuro-Symbolic Language), partially introduced in [10] and re-
ported in [11], allows us to express non-monotonic rules, such us “p. is true if
P, is true, unless Qy is true” (where P, is the conjunction p; A... Ap, of n
literals and @y the disjunction ¢; V ...V g, of m literals). This non—monotonic
rule is denoted by the non-monotonic operator® UNLESS(Pn, Qv, pc) whose
neural representation is reported in Fig. 3.

:

n Oxh -n
2, ©
®--.

2
n P,

! 4
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/
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/
»
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)

+1

v

Fig. 3. UNLESS(Px, Qv, pc) neural representation

3 A hardware implementation of a neural rule

The rules presented in the previous section, feed a compiler which, by its turn,
builds a customised ANN architecture (neural rule) by defining the input weights
of all interconnections and thresholds of each neuron defined in the process. From
each set of input weights and threshold function of each neuron, an equivalent
logic circuit is synthesised (see Fig. 4), based on each neuron’s reactions to all
possible inputs to it, up to the point in which the whole target ANN is converted
into a set of interconnected digital circuit blocks (each block corresponding to
one neuron) [2].

We used flip—flops because each neuron has to store its previous output, but
the functionality of the neuron is enclosed in the Combinational Logic block.

8 The set of NSL non—monotonic operators is reported in [11].
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— 1/0

Flip-Flop

Combinational
logic

Fig. 4. The method proposes the substitution of the multipliers—adders-comparator’s
scheme by a combinational logic that implements a truth table

Differently from pRAM (probabilistic RAM) and DPLM (Dynamically Pro-
grammable Logic Module) models and implementations [12] [13], the neuron
mapped in hardware may have no learning capabilities. It is assumed that the
interconnection structure, all weights and neuron’s thresholds are pre—defined
and well determined by the compiler.

The resulting network is a digital circuit and its outputs are global composite
Boolean functions of ANN’s inputs. This combinational processing is fully par-
allel and potentially asynchronous, which may allow extremely fast execution.

Furthermore, the area used to synthesise the whole ANN is greatly reduced
by a factor of 5.0 compared with actual implementations in hardware of the
summators, multipliers and comparators (using a standard cell library).

4 From NFC to FPGA

Let be

b—od
eNd—a
dAec—a
dAha—b

a set of rules expressing a logical problem. The rules can be written in terms of
IMPLY's operators of the NSL in the following way: IMPLY (b, d), IMPLY (eAd,
a), IMPLY (-~d A ¢, a), IMPLY (d A o, b).

The compiler, that has been designed and implemented by the authors of this
paper, accepts a set of NSL operators. Each of them, is translated into an ANN
that captures the symbolic meaning of the corresponding NSL. operator. From the
set of neurons forming the ANNs, the compiler produces the respective VHDL
code. The correspondence between one neuron and the respective VHDL code
does not depend on the particular neuron. The ANN is formed by homogeneous
neurons whose architectures do not depend on the particular layer they belong
to. For instance, the following code is produced for the neuron egp of the layer
KB.
library IEEE;

use IEEE.std_logic_1164.al1]1;
entity neuron_ekb is
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port{ clk, reset, edb : in std_logic; ekb : inout std_logic);
end
neuron_ekb; architecture SYN_USE_DEFA_ARCH_NAME of neuron_ekb is

end SYN_USE_DEFA_ARCH_NAME;

Once all the operators have been translated into the corresponding ANNs, the
compiler generates (see below) the whole VHDL project of the NFC associated
to the starting set of rules.”
library IEEE;
use IEEE.std_logic_1164.all;

ENTITY abt IS

PORT( clk, reset, ain, bin, cin, din, ein, not_din : IN STD_LOGIC;

aout, bout, dout , ctrl, S_end : OUT STD_LOGIC);
END abt;
ARCHITECTURE structural OF abt IS
component neuron_adb

port( clk, reset, ain : in std_logic; adb : inout std_logic);
end component;

SIGNAL adb, bdb, c¢db, ddb, edb, not_ddb : STD_LOGIC;
SIGNAL ckb, ekb, not_dkb, dkb, bkb, akb2, akbl, akbstar : STD_LOGIC;

BEGIN
Ui: neuron_adb PORT MAP( clk, reset, ain, adb);
U2: neuron_bdb PORT MAP( clk, reset, bin, bdb);

END structural;

The derived NFC network can be both simulated or implemented on an
FPGA device.

5 An example: a traffic light control problem

A prototype NSP was designed to solve a traffic light control problem [14]: on
the basis of information provided by traffic sensors, concerning the number of
cars approaching a junction from its branches, one has to decide which branches
are to be assigned the green light and for how long.

The knowledge base, extracted from traffic control experts, was represented
in terms of first-order production rules. Thus, the design of the NSP requires
first transforming this set of rules into an equivalent set of propositional rules.
It turns out that this can be done without having to introduce too many rules
— where the criterion to judge whether the newly introduced propositional rules
are “too many” is provided by the current possibilities of FPGA technology.

The NFC representation makes a significant difference from a computational
point of view: in general, computation time is drastically reduced, since many
rules are simultaneously evaluated, and only few computation steps are required.

The performances of the NFC for the traffic light control has been compared
to the performance of the actual control system (based on the selection of pre-
fixed plans) of a traffic junction of the city of Naples. OQur system worked on

7 For copyright reasons part of the code is missing.
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the traffic flow data of an entire day. The following results were obtained: from
the computational point of view, on the average, in order to evaluate ali 220
rules (i.e., in order to obtain a new traffic light state on the basis of information
collected by traffic sensors), 10 to 15 steps of computation are needed; from the
traffic light control point of view, the average waiting time due to NFC control
is reduced by a factor of 0.53 compared to the fixed time control (see Fig. 5).
Furthermore, an FPGA hardware structure capable of supporting the NFC for
controlling the junction is very inexpensive.

35
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Fig. 5. Average waiting time — NFC control vs Fixed time control

6 Concluding remarks

The idea of designing computers using threshold elements or neurons is as old as
the McCulloch and Pitts seminal paper [3]. Minsky in 1956 [15] and later in 1967
[6] reported on the possibility of implementing most operations performed by a
von Neumann machine using McCulloch and Pitts neurons. Minsky [6] claimed
that:

As the control over fabrication methods improves, we can expect the
more delicate “threshold—logic” kind of circuit to play a large role.

Minsky’s expectations about technological improvements are partially met by
the technology now available on the devices market: the FPGA. These processors
enable one to implement logical structures like those reported in the present

paper.
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In conclusion, we may claim that NSP is a massively parallel interpreter of

logic programs.
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Abstract. In this paper, we propose reconfigurable, low-cost and readily
available hardware architecture for an artificial neuron. This is used to build a
feed-forward artificial neural network. For this purpose, we use field-
programmable gate arrays i.e. FPGAs. However, as the state-of-the-art FPGAs
still lack the gate density necessary to the implementation of large neural
networks of thousands of neurons, we use a stochastic process to implement the
computation performed by a neuron. The multiplication an addition of
stochastic values is simply implemented by an ensemble of XNOR and AND
gates respectively.

1 Introduction

Artificial neural networks i.e., ANNs, are now well known [7]. They consists of a
pool of relatively simple processing units, usually called artificial neurons, which
communicates with one another through a large set of weighted connections. There
are two main neiwork topologies, which are feed-forward topology [7], [8], where the
data flows from input to output units is strictly forward and recurrent topology [7],
[8], where feedback connections are allowed. Artificial neural networks offer an
attractive model that allows one to solve hard problems from examples. However, the
computational process behind this model is complex. It consists of massively parallel
non-linear calculations. Software implementations of artificial neural networks are
useful but hardware implementations takes advantage of the inherent parallelism of
ANNs and so should answer faster.

Reconfigurable FPGAs provide a re-programmable hardware that allows one to
implement ANNs very rapidly and at very low-cost. However, FPGAs lack the
necessary circuit density as each artificial neuron of the network needs to perform a
large number of multiplications and additions, which consume a lot of hardware area
if implemented using standard digital techniques.

Stochastic computing principles are well detailed in [6]. The motivation behind
the use of stochastic arithmetic is its simplicity. Designers are faced with hardware
implementations that are very large due to large digital multipliers, adders, etc..
Stochastic arithmetic provides a way of performing complex computations with very
simple hardware. Stochastic arithmetic provides a number of benefits over other
computing techniques such as very low computation hardware area and fault
tolerance.

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 17-24, 2003.
(© Springer-Verlag Berlin Heidelberg 2003
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Stochastic computing presents some disadvantages, such as the variance inherent
in estimating the value of a stochastic signal and the increased number of clock cycles
required to accomplish a given computation. The potential of massive parallelism
driven by the small circuit areas involved may alleviate some of these disadvantages.
Of particular importance is that, unlike binary radix arithmetic, the signal format in
stochastic arithmetic is robust in the presence of noise/single bit faults and the
hardware complexity of the computational elements is generally low [2], [3], [6].

Previous work on hardware implementation of stochastic artificial neural
networks can be found in [1], [4]. In [1], the activation function is implemented using
a lookup table. For small number of inputs, this can be done using a single lookup
table. However, for more than 5 inputs, this implementation is impractical. So, for
large number of inputs, the activation function must be partitioned in several 5-input
functions. In contrast with this, our implementation implements the neuron activation
function very efficiently and very accurately using a state machine, which size does
not depend on the number of net input signals. In [4], the neuron architecture is
sequential. That is the inpurxweight computation is one at a time. Unlike this, our
neuron is fully parallel: all the products are computed at once in a single clock cycle.

This paper is organized as follows: in Section 2, we introduce stochastic
computing principles and arithmetic; then in Section 3, we show how to generate an
accurate bit-stream for digital inputs and vice-versa; subsequently in Section 4, we
describe the proposed hardware architecture for a neuron; in Section 5, we present the
overall architecture of the neural net as well as the outcome of such hardware. Finally,
in Section 6, we discuss some time and area requirements of our implementation.

2 Stochastic signals and arithmetic

In a stochastic model, a number is represented by a long probabilistic bit-stream
whose density of bits set to 1 is proportional to its numeric value. Stochastic
computing uses simple functions to perform complex functions such as multiplication,
addition, subtraction, thresholding and activation. (For more details about stochastic
computing systems see [6].) There are mainly two stochastic representations: (i)
unipolar wherein a number Ac[0, 1] is mapped to a random binary variable with
generating probability of A. So, number 0 is converted to bit-stream 00...0 and
number 1 to bit-stream 11...1. (ii) bipolar wherein a number Ac [-1, 1] is mapped to
a random binary variable with generating probability of A/2+%2. So, number -1 is
converted to bit-stream 00...0 and number 1 to bit-stream 11...1. The two stochastic
representations have quite different features and can be more suitable to one or
another of the neural network topologies {7]. In the unipolar format, the information
carried in a stochastic bit-stream B corresponds to P(B = 1) = Py whereas, in the
bipolar format, B is represented by 2P(B = 1) — 1 = 2Pz — 1. In the rest of this section,
we deal with basic signal processing components required in artificial neural network
hardware: stochastic multiplier, stochastic adder and stochastic subtracter. The
architecture of the basic components for stochastic arithmetic is given in Figure 1.

Stochastic multiplier. Among the arithmetic operation, multiplication of two bit-
streams is the simplest. It is performed by a AND gate and a XNOR gate in the case
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of unipolar and bipolar representation respectively. In the unipolar case, this obvious
as Pc = P,Pgand so C = AB. For bipolar signals, using a XNOR gate it can be shown:

Pe=1-(Py(1- Pg)+ P3(1- P,))

_1-(1_AB)_1,4B
2 2 2 2

and as C=2Pc— 1, then we have C = AB.

Stochastic adder. The sum S of two or more bit-streams representing values in [0, 1]
or [-1, 1] does not necessarily belong to [0, 1] or [-1, 1] for unipolar or bipolar
signals respectively. So, it is not possible to perform addition of bit-streams exactly,
independent of a scaling operation. A simple scaled addition consists of using a
multiplexer, which randomly selects a given input I; with some probability Sel; such
that X; Sel; = 1 will generate an output with a probability, which is a scaled sum of the
input probabilities. Using a n:1 multiplexer, we have:

Rg = Sellljll + Selzplz +...+ Seln})ln

As for unipolar signals Py = I, we then have S=Sel,I, +Sel,I, +...+Sel, I, which

is a scaled sum of the inputs. For bipolar signals, we have:

I +1
2

S=2PS—1=2(Sell 2

+Se, 2t ysel, 1"2“)-1

= Seli [y + SelyIy +...+ Sel, 1, + Sely + Sely +...+ Sel,, —1

= SelI, + Selydy +...+ Sel, I,
A stochastic subtracter is simply a stochastic adder with the subtracted inputs negated
as shown in Figure 1(c), wherein D=L+ L+ ... + |- I, — ... - I,

& @

Fig. 1. Basic components for bipolar stochastic computing: {(a) stochastic multiplier;
(b) stochastic adder; (c) stochastic subtracter
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3 Generating stochastic bit-streams from digital inputs

The purpose in this section is to introduce a digital-to-stochastic converter. It was
first introduced in [5]. Other possible implementation can be found in [3], [4]. The
converter generates a bit stream that represents a provided input value. To do so, the
generator needs a statistically independent bit stream as input. Generally, this is
yielded by a pseudo-random bit sequence generators, which we will describe later in
this section. Now we concentrate on the architecture of the digital-to-stochastic
converter.

The converter consists of sequence of pipelined D-flip-flops, each of which is
preceded by a logic that computes either bit-wise AND or a bit-wise OR of the bit
from the input value and the pseudorandom bit depending on whether the input bit is
1 or O respectively. The pipeline is supposed to yield a bit-stream in which the
probability of a bit being set is equal to the input value. It has been showed [5], [1]
that one can eliminate any inaccuracies due to random variance errors and so achieve
a maximum accuracy with a digital-to-stochastic converter of length 2%72 where P
represents the number of bits in the binary input value.

The architecture of the converter is shown in Figure 2. In this figure, the multi-
taps linear feedback shift register implements the pseudorandom sequence generator,
which is explained next.

] " dighal input regisler

e B o e

[
|

mlitaps Linadr Joadback SR Tegistor

Fig. 2. Stochastic bit-stream generator and corresponding symbol

A fundamental element of a digital stochastic processing system is a source of
pseudorandom noise. A source of pseudorandom digital noise consists of a linear
feedback shift register or LFSR, described by first in [1] and by many others [2],
LFSRs are very practical as they can easily be constructed using standard digital
components.

Linear feedback shift registers can be implemented in two ways. The Fibonacci
implementation consists of a simple shift register in which a binary-weighted modulo-
2 sum of the taps is fed back to the input. Recall that modulo-2 sum of two one-bit
binary numbers yields 0 if the two numbers are identical and 1 if not. The Galois
implementation consists of a shift register, the content of which are modified at every
step by a binary-weighted value of the output stage.
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Fig. 3. Pscudorandom bit sequence generators ~ fibonacci vs. galois implementation

Left feedback shift register such as those of Figure 3 can be used to generate
multiple pseudorandom bit sequences. However, the taps from which these sequences
are yield as well as the length of the LFSR must be carefully chosen. (See [2], [6] for
possible length/tap position choices).

A given bit-stream cannot directly be converted to a binary digital number, but
one can generate an estimate for the probability. This is can be performed by counting
the bits set in the stochastic stream. As probabilities can be negative, we use a
up/down counter shown in Figure 4, wherein N, abs(X) and sgn(X) are the number of
bits in bit-stream X, X<N-2:0> and the most significant bit of X.

a??si{jﬁ{l} 5

gl l A

Fig. 4. Stochastic-to-probability estimator and its corresponding symbol

ppmown | MFx
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4 Neuron architecture

The computational process performed by a neuron is now agreed upon. A processing
elements accepts N inputs i.e. inputs;, ..., inputy and yields a unique output,
computed as follows:

N
output = Zweight,- Xinput; |,
i=1
wherein 4 is an activation function that maps the weighted sum of the inputs to a
neuronal output. In this paper, we use a continuous sigmoid-like activation function
that is computed as follows, where K is a given threshold value:
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1 if §>K

ﬂ(s,K)={

0 otherwise

The proposed architecture for the basic processing elements is shown in Figure 5.
The inputs as well as the weights are converted to stochastic bit-streams. The
generation of the weight and threshold bit-streams is performed inside the neuron,
which allows one to have different weights and threshold values in distinct neurons.
However, the bit-streams corresponding to the inputs are generated once for all, i.e.
outside the processing elements.

The weightxinput product is performed in serial manner using a single XNOR
gate. The sum of the weighted sums is also obtained in a serial manner and
implemented by a N:1 multiplexer. The random selection bits of the multiplexer is
generated using a counter with a modulus equal to the number of inputs, driven to
either increment or maintain its state each cycle based on a single random bit. The
activation component is implemented using the state machine engineered by Bradley
et Card [1]. Inputs and outputs of the component are stochastic bit-streams. The
accuracy of the stochastic output depends on the total number of states.

Fig. 5. State machine that implements sigmdid~1ike activation function and the used symbol

So a given neuron is constituted by N stochastic bit-stream generators, N XNOR
gates, a stochastic N:1 multiplexer together with the corresponding selection logic,
which a counter, an activation component and finally all the necessary routing to
connect these components. The hardware architecture of the engineered neuron is
shown in Figure 6. It is then clear that the hardware area required for the
implementation of neuron depends on the total number of inputs N.

S .

Fig. 6. Stochastic blpola_r neuron architecture
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5 Overall stochastic neural network architecture

In general, pattern of connections of PEs to form an artificial neural network can be
classified as: (i) feed-forward, where the data flow from the input to output units is
strictly feed-forward. The data processing extends over several layers of neurons, but
no feedback is allowed; (ii) recurrent, where the data flow from the input to output
neuarons is a mixture of feed-forward and feedback connections. Recurrent topologies
are used when dynamical properties of the network are of some importance and so
need to be captured through the feedback connections.

In this paper, we concentrate on fully-connected feed-forward networks. To each
input corresponds a stochastic bit-stream generator, which transforms the input real
value in [-1, 1] to a bit-stream. The input is then fanned out to each neuron of the
network first lJayer. On the other hand, for each neuron in the network last layer is
associated a logic that estimates the probability of the output. The output probabilities
behavior of the network hardware implementation is shown, in Figure 7, as function
of the input probabilities and the threshold value. The state machine that implements
the activation function has 32 states.
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Fig. 7. Activation function behavior

6 Performance results

The entire design was done using the Xilinx Project Manager (version Build 6.00.09)
[10] through the steps of the Xilinx design cycle. The design was elaborated using
VHDL [9]. The synthesis step generates an optimised netlist that is the mapping of the
gate-level design into the Xilinx format: XNF. The programming step consists of
loading the generated bit-stream into the physical device. The design was
programmed on device from VIRTEX-E family [10].

In Table 1, we relate the size of a single neuron for different numbers of inputs,
the net size and the net delay. In the reported hardware implementations, the neural
networks are squared fully-connected feed-forward nets of neurons. So the number of
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the net layers is the same as the number of neuron input. Hence if N is the number of
neuron inputs than the total number of neurons in the nets is simply N2, In all of these
implementations, the state machine for the activation function has 32 states.

Tablel. Time and area requirements for different number of inputs

Number of | Total number | Neuron size Net size Net delay
input of neurons (CLBs) (CLBs) (ns)
2 4 2 21 5.85
4 16 3 75 7.09
8 64 5 421 19.87
10 100 8 903 43.55
16 256 10 2560 87.45

7 Conclusion

In this paper, we presented reconfigurable compact hardware implementation for
stochastic neural networks. So it exploits the inherent advantages of reconfigurable
hardware, such as availability and low cosi. The architecture is easily scalable. Very
large neural nets, can be implemented across multiple FPGAs with very reduced exira
effort. The processing within a single neuron is serial. However, the overall net
architecture is inherently parallel, resulting in reduced signal delay propagation.
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Abstract. This paper presents an analog CMOS implementation of a
neural network based on a spinal cord model The network is comprised
by three pairs of cells, Alpha motoneurons, Interneurons and Renshaw
cells, which form the basic control motor system for a single limb move
ment in a human being Neurons behaviour is described by a differential
equation, which provides it with a dynamic performance This network
is useful to control limb movements based in an agonist pair of actua
tors, i e muscles for a human limb or electric motors or SMA fibers for
machine applications This structure has the advantage that allows in
dependent control of limb position and stiffness, which makes it suitable
for applications where inertial load compensation is a critical factor

1 Introduction

Inertial load compensation is an ancient problem for animals, since all accu
rately performed movements require the controlled acceleration and deceleration
of inertial limb segments Several researchers in the past suggested the need for
independent control over muscle length and the force or tension to be gener
ated by a muscle at a given length within a given interval To achieve this aim,
currently mathematical models are developed starting from the biological ref
erences, which in superior mammals is the spinal cord Basically, each limb is
associated to a couple of opponent muscles (fig 1), which are in turns activated
by a couple of neurons called motoneurons [1] These motoneurons are the final
cells of a complex feedback nervous circuitry, which starting from the pyramidal
cells in the cerebellum, goes down through the spinal cord until the segment
corresponding to a certain limb In this segment, one can find the motoneurons,
but also some other cells which provide a linearity performance and a better
independent control between stiffness and position for that limb Among several

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 25-32, 2003.
(© Springer-Verlag Berlin Heidelberg 2003
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models found in literature, developed to understand animal behavior [2], [3], we
have focused our attention in one called FLETE [3] It stands for Factorization
of LEngth and TEnsion, and proposes independency of joint stiffness and joint
position or configuration This model starts from the very simple control diagram
for a single limb movement, composed by a pair of muscles and a pair of motor
neurons, to achieve a complete model composed by all kind of neurons found in
the biological spinal cord One of the simplifications introduced in this model
consists on grouping cells in functional groups In this way, for instance a single
motoneuron in the model would represent a group of real motoneurons which
drive a set of fibers in a same muscle, and its activation state would depend on
the number and activation state of the motoneurons it represents

2 Neural network description

One of the reasons we have chosen the FLETE model is that it can be easily
synthesised in a current mode analog CMOS implementation, besides its charac
teristics of simplicity and accuracy are acceptable for our research purposes As
we have mentioned, this neural network model is based on the neural circuitry
found in the human spinal cord and it comprises several types of cells We have
started or neural synthesis with a simplification of this model, which includes a
subset of three pairs of neurons: Alpha motoneurons, interneurons and Renshaw
cells Interneurons and Renshaw cells are small neurons, in comparison with mo
toneurons, and their main role is to provide negative feedback to compensate
the system dynamic behavior Every neuron of this network behaves following
the next differential equation:

dX

= = (Upper X) % Excitation (X  Lower) x Inhibition (1)

where X is the activation state of the neuron, Excitation and Inhibition are the
input signals to respectively increase or decrease the neuron state Upper and
Lower specify the upper and lower limits in the neuron activation state

In figure 1 we can see a simple network comprised by six neurons These
neurons have different size in order to show they have different behavior, due to
their upper and lower activation state limits are different M; and M represent
the pair of opponent motoneurons and they are the cells responsible for the
direct motion generation As we can see in the figure, their output excites the
muscles in the limb Ta; and Ia, are the Interneurons They belong to a group of
small cells which perform a feedback in the control signals We can note how an
interneuron inhibits both the opposite interneuron and the opposite motoneuron
Finally, Renshaw Cells (R; and Rs) are driven by the motoneurons in the same
channel and control the over excitation of these last neurons

From the network connections shown in the figure and the neuron behavior
expression (1), we can obtain the differential equation system which models the
neural network (equ 2 to 7) In these equations we have included the limit values
for neuron activation states In this example, motoneurons work between 20 and
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Fig. 1. Simplified diagram of FLETE
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40 units, their excitation is the input signal A; and the inhibition comes from
the addition of the opposite interneuron (Ia;) and the corresponding Renshaw

cell (R;)

dzfl — (40 M) x A, (M 20)%(las + R))
dzf = (40 M)Ay (My 20)# (Ia + R»)
dfljl =(30 Tai)x A (ITar 10)* (Ias + Ry)
dfl? = (30 Ia)xAs (Iaz 10)* (Iay + Ry)
% =30 Ry)*M; (R 10)x R
% =30 Ry)*My, (Ry 10)xR;

3 High level synthesis

In this section the subcircuits developed in current mode are described From the
theoretical basis described in previous section, our work focuses in the synthesis
of a first order differential equations system To achieve this goal, we have cho
sen a current mode implementation rather than a voltage mode one The main
reasons for this option come from the analysis of the basic operators we need for
the synthesis Current mode analog multipliers and integrators are smaller that
their voltage mode counterparts, and exhibit very good performance On the
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other hand, current mode adders and substractors are as easy to implement as
simple nodes in a circuit However, in this implementation, we need an extensive
use of current mirrors, mainly when we need to take a same signal to more than
one device Balancing the advantages and disadvantages of both implementa
tions, we finally decided to use the current mode one Once we have established
the type of implementation, we will explain the signs convention for algebraic
and differential operations Every operator includes one or more inputs and one
or more outputs The signs have been set in the following fashion:

Operator input: Currents entering are positive and going out are negative
Operator output: Currents entering are negative and going out are positive

This signs convention assures a compact notation in the whole design, and we
will see a detail of it in a further example

Figure 2 shows the schema of a single neuron circuit It is composed by
an analog integrator and two multipliers as main modules The substractors
are easily performed in current mode as they are only nodes in the circuit Both
multipliers need a 254 A bias current to work, which is provided to the neuron by
an external circuitry This current is then introduced in a cascode current mirror
from which two equal identical currents are obtained to bias the multipliers The
current flows in the direction pointed in the schema i7 and i are bias currents
used to establish the upper and lower limit of the neuron activation state ig
and 77 are, respectively, the excitation and inhibition inputs to the neuron ix is
the neuron output, equal to the neuron state The inputs to one multiplier are
ip and i7 ix, while the inputs to the second multiplier are ¢y and ip ix
Outputs from both multipliers are added to obtain a new current used as input
for the analog integrator As the output from the integrator is ix, the input
must be dix /dt However, in the integrator input, the current is the addition of
both multipliers output, which leads:

dcll—f:(i'r ix)*iE (iX iB)*I] (8)
As we can see in equation (8), we have obtained an analog current mode circuit
which implements equation (1) We can see the current mirror at the integrator
output provides three currents equal to ix Two of them are used in the feedback
to be substracted respectively from i7 and i and the third one is the neuron
output The mirror is a class AB cascode one, able to work with positive and
negative currents For the multiplication operation, we have used the operator
described by Tanno et al[5], sized to work in 0 35 yum The multiplier is a four
quadrant multiplier, whose output is scaled by a factor depending on the bias
current and the size relation of devices used For the integration on time we have
used a class AB current integrator[6], whose main properties are a small area
and low power supply, which exhibits a linearity good enough for neural network
applications The circuit includes a switch, used to reset the integrator

Due to the nature of the problem, we can perform a bottom up synthesis,
starting from the design of a single neuron From this neuron, we can now build
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Fig. 2. Schema of single neuron

the whole network, placing the proper interconnections in the design One of
the main neuron features is it allows programmable values for the Upper and
lower activation state values, which are set as input currents to the circuits This
programmability allows the use of a same neuron design for all the network, as
every cell can be individualized by means of these two values

4 Low level synthesis

The implementation of the network has been done in a 0 35um process from
AMS [4] The layout size is 850 x 460 um and the power dissipation is 14 mW,
using a reference voltage of 3 3 volts for both analog and digital power supply
The design is a mixed mode circuit, which includes 14 analog and 5 digital pins
Analog pins include power source, and outputs for the six neurons The other six
pins are used to establish the upper and lower values of neuron states As this
is a symmetrical neural network, the extreme values of agonist neurons must be
the same Digital pins include source, reset and control pins Reset is used to
make an asynchronous global reset in the network, which means put each single
neuron to a null state Control pins are used to enable or disable interneurons
and Renshaw cells, in a symmetric fashion, in order to study the effect of these
individual cells on the system Table 1 details the activation of cells depending
on control pin values

Figure 3 shows the general schema of the spinal cord simplified model net
work, ready to be implemented The switches placed at the output of interneu
rons and Renshaw cells are used to enable or disable the action performed by
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S1Ss Neurons enabled
00 Motoneurons
01 Motoneurons + Interneurons

1 X Motoneurons + Interneurons + Renshaw

Table 1. Control pins

these cells The currents show the values of variables in the network (neurons
activation states) For simplicity, bias currents used to establish upper and lower
limits in neuron activation states are not shown, neither analog nor digital power
supply Besides neurons and the aforementioned switches, the network comprises
six current mirrors (CM) used to create copies of the currents which need to be
connected to more than one module Figure 4 shows the neural network layout
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Fig. 3. Spinal cord network

The structure of the neurons and their interconnections have been placed in a
symmetric fashion, in which neurons Ia;, M; and Ry are in the lower half of the
layout, while Tay, My and R, are in the upper half The bias circuitry for the
multipliers is placed in the left of the design, in the upper part, while the bias
for the neurons activation state is placed in the lower part
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Fig. 4. Network layout (850pm x 460um)

In order to assure the proper work of our circuit, we have focused in some
simulations to compare ideal results, taken from the simulation of equations (2)
to (7) with values obtained from the extracted netlist simulation Simulations of
the network model can be found in the reference paper of FLETE Figure 5 shows
the evolution of motoneurons, interneurons and Renshaw cells for a common
excitation in both inputs A; and As The excitation is a 10 pA positive current
We have represented the circuit simulation versus the ideal model simulation,
for different values of S; and S, Firstly only motoneurons are active, and later
we enable interneurons and finally renshaw cells The units are pA and pus, so,
we can see motoneurons upper value is 40uA when only them are enabled and
254 when all neurons are used As we can see, main differences come from the
settling time, which is faster in the electronic circuit This is due to a bigger
value in the analog integrators gain, which makes neurons to reach the stable
value faster in the ideal simulation that in the extracted netlist one However,
values obtained for stable operation are very precise, mainly because current
mode addition and substractions do not have offset drawbacks

5 Conclusions

Applications in which this network can be used fall in two broad categories
First, in the development of human machine interfaces capable to be used both
in industry and in handicaped people and second in the development of neural
controllers for industrial robots, providing them with a compliance performance
In this last case, special actuators are needed, like shape memory alloys (SMA),
which exhibit a behavior more similar to human muscles that classical actuators
In the field of biological inspired systems, there are broad research expectations
and we think this work can be an useful contribution
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Abstract. A new approach to Cellular Neural Networks discrete model
is proposed This approach is focused on CNN implementation on re
configurable hardware architectures and DSP microprocessors CNN are
analysed from the perspective of Systems Theory, giving rise to an alter
native model to those found in the literature available Dynamic equa
tions and their solutions, stability analysis and real time implementation
architecture are described in this paper as the most relevant points in
the development of our model The main results, obtained from different
simulations, evidence the usefulness and functionality of the model

1 Introduction

Cellular Neural Networks, introduced by Chua Yang [1], are the basis of both
Discrete Time Cellular Neural Networks (DT CNN) [2] and Cellular Neural Net
works Universal Machine (CNN UM) [3] One of the most important features in
CNN paradigm is local connectivity, i e , any cell is connected only to cells in a
neighbourhood of a determined radius However, this constraint does not avoid
global processing, which is possible thanks to propagation and relaxation of in
formation all along the network The cells in a CNN can be identical, like Linear
Cloning Template CNN (LTC CNN), or belong to any group within a small num
ber of groups, for example biological neurons The structure in array of invariant
in space and locally connected cells have led to study and develop VLSI imple
mentations based on the CNN UM previously mentioned: computers with analog
and digital (analogic) elements, programmable by a single fixed length template
Nevertheless, the asynchronous nature of CNNs and precision requirements in
some applications considerably hinder the design on analog ASIC devices of
these structures On the other hand, nowadays, there exists a rising interest in
digital signal processing and its implementation, not only on specific processors
(DSP) but also on hardware reconfigurable devices (FPGA) This offers new
possibilities for CNNs, considerably increasing the techniques and the resources
available for their development and implementation

A new discrete model for CNN is presented in this paper The cell model for
mal description and the global mathematical behaviour of the system have been
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derived from Systems Theory Dynamic equations have been formulated and re
solved by finite difference, providing a tool for analysing and studying asymptotic
stability of the model The proposed architecture, obtained as the conclusion of
our development, is oriented to the CNN implementation on hardware reconfig
urable devices (FPGA) and on digital signal processors (DSP), offering a new
alternative to those described in the related literature [4], [5], [6], [7] Finally,
different simulations and results are presented, illustrating the advantages of the
proposed architecture and the methodology used in its synthesis

The outline of this paper is as follows In Section 2 the DT CNN model
is described and formulated, solving the corresponding equations Next, model’s
stability is studied and analysed in Section 3 The architecture of implementation
and the results are presented in Section 4, and then, conclusions in Section 5 to
finish with

2 CNN Model in System Theory

The dynamics defining behaviour of Chua Yang Cellular Neural Network is given
by the state equation (1) and by the activation function f(z;;) (2):

dx;; 1
d;] = it > ) Ay + Y ) Briug + L (1)
kJleENT(ij) kJlENT(ij)
1
yij = flzi) = 5oy +1] oy 1)), (2)

where I, u, y,  denote input bias, input, output and state variable of each
cell, respectively Neighbourhood distance r for cell (i, j) is given by Nr(ij) func
tion, where 7 and j denote the position of the cell in the network and k£ and [
the position of the neighbour cell relative to the cell in consideration B is the
constant weights template for inputs feedback and A is the corresponding tem
plate for the outputs of neighbour cells Finally, non linear activation function
of output corresponds to piecewise linear operator (PWL)

o Y okiene(i) At Yo + 2k ienr(ijy BuUk + 1
) —
CS+ %

(3)

It is possible to rewrite the state equation (1) by Laplace Transform (3) How
ever, this transfer function has the disadvantage of implicitly associating state
variable X;; to non linear output variable Y;; Nevertheless, this non linearity
problem in the transfer function can be overcome with a simple modification in
the original CNN model This consists of changing the non linear feedback loop
of the cell by a linear one (see Fig 1) Thus, we reach the alternative model
proposed in this paper, whose analytic expressions are given by the differential
equations showed in expression (4) and the ordinary difference equation (5),
derived from the forward Euler form:
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Fig. 1. (a) The Chua Yang original model (b) The proposed modification to the ori
ginal model

dx;; 1 i
C ”:(aij E)xij+ Z Apyr + Z Byru + 1y ¥(i,j)NN?

dt klENT(ij) kLENT(ij)
k,l#i,j ( )
4
h
Zij [n + 1 5 - az] fL'ij [n]
h ..
t& > Awymlnl+ > Buuw[n]+ L | V(i,5) NN
k,leNT(ij) k,leNT(ij)
k,l#4,j

()

3 Difference equation solution and asymptotic stability

The total solution of the ordinary equation (5) can be obtained as the sum of
the homogenous equation solution plus the particular equation solution In order
to solve the homogenous equation, we resort to the transformation z[n] = a”,
while the general solution

o[n] = bo +bin+ Y ai(ufn 1] +yn 1)) (6)
i=0

is tested to solve the particular equation Evolving the resolution procedure
and given an initial condition z[0] of the equation (5), the state solution of the
network at instant n can be expressed by the equation (7):
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zij[n] = v+ (z45[0]  ~)B"

+Zﬂn1 Z Bruw[n 1]+ Z Awyuln 1|
T=1

k,leNr(ij) “?eéll\f;(za)
(7)
where
b= (1 g (% au)) (8)
and I;
Ll E— (9)

Once known the difference equation solution, the system stability can be
studied using the different definitions and theorems given by discrete dynamic
systems stability theory [8]

Definition 1. The discrete system equations (5) and (2) defined in a finite space
E N N? are said to be stable if the difference solution equation (7) satisfies:

14) B is a constant with ||B|] < 1
1) V(i,7) € E, uij[n] and y;5[n] are continuous with ||u;j[n]|| < u, |yi;[n]l] <y,
forn >0

Proof Consider the difference solution equation (7) and under the assumption

(11i):

> Bulluwln T+ Y Aullyuln 7l

kLENT(ij) kLENT(ij)
ki,
Fi,j (10)
< 2 Bru + E Apy | <M,
k,LENT(j) k,LENT(ij)
k,l#£i,j
where M is constant,
By using equation (10), we may rewrite equation (7), to obtain:
[l < 11Vl + @01 NI IBI"+ Y187 M (11)
=1
Then, if we now use the assumption (1 i), we obtain, for n — oo:
M
feslall < I+ | 25| (12)

1 B
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From this result we see that all solutions are limited for n > 0 Therefore,
they are stable independently on the initial condition z[0]

Definition 2. The discrete system equations (5) and (2) defined in a finite space
E N N? are said to be globally asymptotically stable if the difference solution
equation (7) satisfies:

21i) B is a constant with ||f|] < 1
21i) Vi, j) € E, ujj[n] = u (is constant), for n >0

Proof Resolving the difference solution equation (7) under the assumption (2 i),
we obtain, in vector form:

zii[1] = v+ (2450 )8+ BniUnyr + Ane (XN [0]) (13)

zij[2] = v+ (2[00 7)B°+ D B"BrrUny+ BANy f (Xnp[0]) + Any f (X N2 [1]))

7=0
(14)
Replacing with equation (13) in equation (14), we may write:
1
2ij[2] = y+(@i[0]  7)B”+ D B BN, Un, 5
=0 ( )
+ﬂAN7‘f(XN7‘[0D + ANTf(XNZT[O]a UNZT) ANT: BNT: 7> ﬁ) )
and the general term is:
n 1
ij[n] = y+(@5[0] 1B+ Y B BNrUny + " AN f(Xno[0])
7=0 (16)

n 2
+ZBTANTf(XN(n -r)r[o]aUN(n T)raANTaBNTa7aﬂn T 1)

=0
Then, if we now use the assumption (13) for n — oo , we may rewrite

equation (16) to obtain:

ziiln] = 7 + B]]-VrUéVr N ANrf(XNE[O],lUNJZ, AnE,BNE,7)

E (17)
+Y B AN f(XIn T 1))

7=0

Furthermore, in the finite space E, the Xy g[0] vector is an initial condition,
the Ung, ANg, BNEg vectors are constants and « is constant too

Then, for n = 00 z;;[n] = K, we obtain that all the solutions of the system
are asymptotically stable, independently of the initial condition z[0]

Several interesting conclusions can be extracted from definition 2:



38 J.J. Martinez et al.

The system equations are asymptotically stable if:

1 2C
— — < aj; <

7 (18)

R

The asymptotic solution depends only on the value of Xy g[0], Un[0], Any,

BNT; 0 and ﬂ

The asymptotic solution is reached after oo iterations

If || 8]| > 1, implies that there is no stability

If the system is unstable, the solution will be limited by the function f, being
1 or 1 its value

If the system is unstable, the solution (1 or 1) can be reached in few steps

4 Architecture of implementation and simulation results

The model of the system can be solved and implemented by using different digital
devices (FPGA and DSP microprocessors) The block diagram of the proposed
architecture can be seen in Fig 2a Without loss of generality, the architecture
can be simplified assigning the unit value to R and C' Thus, a new architecture is
obtained Now, the cell’s behaviour is characterized by the a;; and h parameters
(see Fig 2b)

Fig. 2. The proposed cell’s architecture: (a) Complete architecture (b) Simplified ar
chitecture

The cell time constant extracted from the continuous model (4) is given
by the equation (19) The constant 7 determines the continuous time system
evolution velocity:
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RC
1 Ra (19)

T =

Likewise, the discretization constant h determines system evolution velocity
for the equivalent discrete model In order to emulate properly LCT CNN with
the proposed model, a new suitable value must be assigned to the constant
h In the Fig 3, two examples of digital image processing (diffusion and edge
detection, both with cloned template 3 x 3) are showed These examples make
the functionality of the network clear for different values of the constant h The
reduced number of iterations necessary for reaching the solution in the edge
detection processing (unstable system bounded by the f function) can also be
observed

Fig. 3. (a) and (e) The original image (b) Diffusion with » = 01 and 50 iterations
(c) Diffusion with h = 0 5 and 10 iterations (d) Two pixels evolution for images b and
¢ (f) Edge detection with h = 01 and 20 iterations (g) Edge detection with h = 2
and 3 iterations (h) Two pixels evolution for images f and g
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5 Conclusions

In this paper, a new emulated discrete CNN model has been proposed in order to
offer an alternative different from the traditional models We first have presented
a formal CNN model, described in difference equation Next, the solution for the
difference equation and a study for the stability and asymptotic stability of
the system are offered The interest in the obtained approach to the model lies
in its ability to characterize the behaviour of the cellular neural network with
adaptative steps and with only two parameters Finally, the model has been
simulated and validated with several image processing applications, obtaining
satisfactory results
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Abstract. A binary multiplier implemented using RTD based threshold logic
gates is presented. The circuit demonstrates how small-scale threshold logic
gates implementing standard boolean functions can be used to replace
conventional boolean gates and achieve reduced circuit complexity. The
performance of the gates and multiplier are simulated in HSPICE and the
results are presented.

1 Introduction

Threshold Logic Gates (TLGs) are conceptually similar to the early McCulloch-
Pitts (MCP) model of the neuron and are normally used to implement linearly
separable binary functions [1]. Circuit designs employing TLGs set out to achieve
greater functional density resulting in less complex circuits. Given scalable devices
this characteristic presents an interesting possibility for the future of VLSI with
respect to Moore’s Law. Normally, reduced feature sizes of transistors is the means
by which increased functional density and capacity in integrated circuits are achieved.
However, threshold logic circuit design offers a complimentary technique which
when taken in conjunction with reduced feature sizes could further enhance the
functional density. If we also make use of technologies, devices and circuits that
increase functional density a further enhancement is possible. An example of these are
RTD-based circuits including TLGs which have been the subject of investigation by a
number of researchers [2,3,4]. These devices and circuits demonstrate an inherent
increased functionality due to the negative differential resistance (NDR)
characteristics and the effect of the resulting current-voltage inversion. RTD based
TLGs were published and patented in the 1990s and have been implemented in circuit
designs demonstrating lower complexity with increased functionality as well as robust
high-speed performance [5,6,7]. Circuits employing RTDs and using a modified
threshold logic gate approach have also been shown to successfully perform non-
linearly separable functions [8]. In this paper a range of threshold logic gates,
implementing the basic Boolean functions, are used in the design of a binary
multiplier. The gate designs use models of manufactured InP based RTDs and
HFETs. The circuits were simulated using HSPICE .

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 41-48, 2003.
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2 RTD Characteristics

The fundamental circuit component used in the construction of the TLGs presented
in this paper is the RTD. The current voltage characteristics of RTDs display negative
differential resistance due to the resonant tunneling effect that determines their
behaviour. A typical I/V characteristic is shown in figure 1(a). This shows that a
single device has three main regions: a positive-differential-resistance region (PDR1),
a negative-differential-resistance region (NDR) and a second positive-differential-
resistance region (PDR2). The I-V curve demonstrates that the device has two
positive stable states, one in PDR1 and one in PDR2. The simulated devices used in
this research have characteristics that display a peak current when the bias voltage is
0.2 volts. The valley current occurs when the bias voltage is increased to 0.55 volts.
When the devices are deployed in the TLGs the resulting high and low logic levels

can be latched with a holding current of approximately 220UA .

lpRTDZ

1 o \NDR POR2
| /!

Current [mA)
Surrent (ma)

W B Vi Volas
(a) (b)

Fig. 1. (a) Typical I-V characteristic curve for a RTD (b) Load line depiction of a RTD series
pair operation

By connecting two RTDs in series and then applying a clocked bias to the series
chain, one of the RTDs can latch to PDR2. The diagram in figure 1(b) uses the load
line of RTDI1 to illustrate this. The RTD with the lowest peak current will latch to the
stable point in its PDR2 region. The other RTD returns to the stable point in its PDR1
region. By choosing Vck so that it is slightly higher than the voltage of the stable
point in PDR2 only one of the RTDs at a time will be able to develop enough voltage
to take it to its PDR2 region. The operation of this fundamental series pair allows the
development of binary threshold logic circuits. The underlying principle of operation
described here is known as monostable-bistable transition logic element (MOBILE),
which derives from the Goto RTD pair and is a well documented technique
employing the latching capability of the RTD [9,10].
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3 Threshold Gate Operation

The diagram shown in figure 2 illustrates the principle of operation for threshold
logic gates. The principles are similar to the early McCulloch-Pitts (MCP) model of
an artificial neuron [1]. Both positive and negative weighted inputs XiWi are used to
achieve linearly separable boolean functions. Equation (1) gives the conditions for
switching of the output.

X1

X2

Xn

Fig. 2. McCulloch-Pitts neuron-threshold logic gate concept

olp = 1iff ZTXiWi 2 O otherwise o/p = 0 M

The RTD circuits used here to achieve threshold logic gates are given in figures 3 and
4 and are based on circuit topologies using the MOBILE configuration.

4 Multiplier Circuit

The multiplier circuit comprises a number of different threshold logic gates
implementing basic boolean functions. The gates are then combined in a circuit
topology based on standard boolean logic equations. This approach allows the use of
the standard design techniques to arrive at a solution to the required boolean function.
As the circuits are inherently less complex there is a reduction in transistor count for
the implementation presented here compared to a multiplier using standard CMOS
based logic gates.

The fundamental threshold logic gates used within the multiplier are an AND gate,
an XOR gate, a buffer gate and a gate implementing the AND function with one of its
inputs inverted. The circuit diagrams and performance data for each of the gates are
presented in sections 4.1 and 4.2.
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4.1 AND Gate and Buffer Gate

The circuit layouts for the RTD/HFET AND gate and buffer gate are given in figure
3. To realise the AND function RTD areas are selected so that the combined currents
of all the RTDs above the summing node is only greater than the total current below
the summing node when both inputs X1 and X2 are high.

VoK N\ VCK /N7 L
RTD1 X 2 RTD2 X 2 RTD3£ 25
X2 3 X1 3
RTD4X 5
(@) (b)

Fig. 3. (a) Threshold logic AND gate (b) Buffer Gate

RTD areas shown in figure 3 are in yum” and the peak current density of the devices
is 21kA/cm’. The input branches to both circuits use depletion type HFET’s (0.25um
gate length) with width to length (W:L) ratios as shown in figure 3. Performance data
for both circuits is given in table 1. The buffer circuit illustrated in figure 3(b) is a
simplified version of the AND gate using only one input branch. The buffer circuit
simply generates an output which reflects the circuit input i.e. when the input is high
the output is high and when the input is low the output is low. The purpose of the
buffer is to ensure that all the output signals are available at the appropriate clock
phase.

4.2 XOR gate

The XOR gate designed by the authors is illustrated in figure 4(a). It is an adaption
of the MOBILE configuration with the use of both positive and negative weighted
input sections. The XOR function is realised by placing a series connected HFET pair
in parallel with the driver RTD. Using this configuration both inputs must be high to
direct current away from the summing node ensuring that the circuit output is logic
low when both inputs are high. In the XOR gate depletion type HFETs (0.25um gate
length) are used above the summing node with enhancement mode devices (0.25um
gate length) used in the series connected pair below the summing node. W:L ratios for
all devices in both circuits are given in figure 4.



A Binary Multiplier Using RTD Based Threshold Logic Gates 45

VeK /N N\

(@) (b)

Fig. 4. (a) Threshold logic XOR gate (b) Threshold logic gate for function X 1.X2

RTD areas given in figure 4 for both circuits are given in pm? and the peak current
density of the devices is 21kA/cm’. Performance data for both circuits is given in
table 1. The threshold logic gate shown in figure 4 (b) uses both positive and negative
weighted inputs. The gate is designed to output a logic high when X1 is high and X2

is low ( X1.X2), and output logic low for all other input combinations. As with the
XOR gate depletion mode HFETs (0.25um gate length) are used in the positive
weighted section with enhancement mode HFETs (0.25um gate length) in the
negative section.

Table 1. Performance data for the XOR gate and the f = X 1.X2 gate.

Circuit Clock Logic Logic Rise Delay Average Max
high low time Power Power
AND 0.75V 0.701v 0.074v 150pS 90pS 167uW 559uW
Buffer 0.75V 0.707v_| 0.0711V 160pS 90pS 95uW 338uW
XOR 0.75V 0.707V 0.101V 160pS 90pS 114uW 665uW
x1.x2 | 075V | 0.707V | 0.071V 150pS 90pS 103uW 343uW

4.3 Multiplier design

The multiplier circuit block diagram is shown in figure 5. The purpose of the diagram
is to show that all of the functions of the individual gates are achieved using small
(two inputs) threshold logic gates, these are then combined to produce the required
binary function. The block diagram shown in figure 5 was the template for the
RTD/HFET circuit designs that follow in figures 6 and 7. The circuit layout for the
multiplier is given in individual clock stages for clarity and is shown in figures 6 and
7 respectively.
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o 6@ A0.BO @G\AO.BO °OPO
. Slownee g@m.so) OMROBY) § op
y 2@ A1B1 @@ (A1B1).(A0BO) o,
N ggj 081 @@AO'B”'(MBO) 0P 3

Fig. 5. Block diagram of the binary multiplier showing the function of each of the TLGs. Two
two-bit binary numbers AIAO and B1BO are multiplied and the four-bit binary number
OP30P20P10PO is output

Simulation results are presented in figure 8. Performance data for the complete circuit
is given in table 2. The multiplier circuit was assessed for robustness in terms of clock
variation and device area variation. The circuit displayed correct functionality under
load conditions for a clock voltage variation of —15% and also withstood RTD area
variations of £10% .

VCK /—\/—\

A0.BO A1.B0 A1.B1 A0.B1

Fig. 6. RTD/HFET circuit design for the first clock phase

The two circuits shown operate on a two-clock system where the first phase of
multiplication is evaluated on the leading edge of the first clock. The second phase is
evaluated on the leading edge of the second clock, which overlaps the negative going
edge of the first clock. This is necessary to ensure that the second stage circuit has the
correct values at its inputs when the second clock leading edge arrives. The multiplier
showed correct operation for all of the 16 possible inputs applied.
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Fig. 7. RTD/HFET circuit design for the second clock phase
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Fig. 8. Output waveforms from the HSPICE simulation of the multiplier
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Table 2. Performance data for the multiplier circuit

Clock | Logic | Logic | Rise Rise Rise Rise Delay | Avg Max

high low time time time time Power | power
OPO OP1 OP2 OP3
0.75V | 0.68V | 0.1V 150pS | 170pS | 150pS | 150pS | 95pS ImW | 2.98mW

S Summary

An RTD based binary multiplier circuit design was presented that demonstrated the
use of threshold logic gates as a means of achieving important processor operations
such as multiplication. All of the circuits presented were simulated and found to
exhibit correct functionality and a robust circuit operation tolerant of device
parameter and clock voltage variation. The inherent low complexity of RTD based
threshold logic gates allows for gains in functional density. Using two input
RTD/HFET threshold logic gates allowed conventional boolean design methods to be
applied whilst still increasing the functional density through the low complexity of the
circuits.
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Abstract. After a short review of the state-of-the-art, a new low-power differ-
ential threshold logic gate is introduced: split-precharge differential noise-
immune threshold logic (SPD-NTL). It is based on combining the split-level
precharge differential logic, with a technique for enhancing the noise immunity
of threshold logic gates: noise suppression logic. Another idea included in the
design of the SPD-NTL gates is the use of two threshold logic banks imple-
menting f and f_bar, and working together with the noise suppression logic
blocks for enhanced performances. Simulations in 0.25 um CMOS @ 2.5V
show the functionality of the gate up to 2 GHz. An advanced layout based on
high matching centroid techniques is currently under development.

1 Introduction

Research on neural networks (NNs) started sixty years ago. The seminal year for the
development of the “science of mind” was 1943 when the article A Logical Calculus
of the Ideas Immanent in Nervous Activity by McCulloch and Pitts was published
[29]. For modeling a neuron, they introduced the threshold logic (TL) gate (TLG):

f(xq, ... x,) =sgn &:?zlwixi - 6) (¢Y)

where w; is the synaptic weight associated to x;, 0 is the threshold, and n is the fan-in.
The general belief that a neuron is a TLG can be questionable. That is why, the TL
model has been tested on a spike train generated by the Hodgkin-Huxley model with
a stochastic input [22]. The result was that the TL model correctly predicts nearly
90% of the spikes, justifying the description of a neuron as a TLG.

The tremendous impetuous of VLSI technology has made neurocomputer design a
lively research topic. There are many theoretical complexity results showing that TL
circuits (TLCs) are more powerful than classical Boolean circuits [9]. Beside, TLGs

1'V. Beiu is partly sponsored by the Air Force Research Laboratory under agreement number F29601-02-
2-0299. The U.S. Government is authorized to reproduce and distribute reprints for Governmental pur-
poses notwithstanding any copyright notation thereon. The views and conclusions contained herein are
those of the author and should not be interpreted as necessarily representing the official policies or en-
dorsements, either expressed or implied, of the Air Force Research Laboratory or the U.S. Government.

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 49-56, 2003.
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(or their variations) have been used in MIPS R2010 [20], SUN Sparc V9 [27], a
CMOS fingerprint sensor array [21], and very recently in the Itanium 2 microproces-
sor [30]. Finally, the emerging devices (e.g., resonant tunnelling, single electron, etc.)
have been used for quite some time for implementing TLGs and TLCs. All of these
have led to many different TLG implementations (see [10, 3, 4]).

In this paper we shall focus only on differential TLGs. After a brief review of the
state-of-the-art (for details see [8]), we will present a new low-power differential TLG
called split-precharge differential noise-immune threshold logic (SPD-NTL). It is
based on combining the split-level precharge differential logic SPDL [26], with a
technique for enhancing the noise immunity of TLGs [2, 5, 6], known as noise sup-
pression logic (NSL). Another idea included in the design of SPD-NTL gates is the
use of two TL banks implementing f and f_bar [7]. This technique works very well
together with the NSL enhancing the performances of the TLG.

2 Differential Implementations of Threshold Logic Gates

Energy efficiency design has been the driving force behind a plethora of differential
gate designs. They can achieve very low power consumption levels, while operating
at very high speeds. They can also be easily modified to work asynchronously (based
on done-enable signals). Here is a long list of differential Boolean gates: differential
cascode voltage switch DCVS (1984), differential split-level logic DSLL (1985),
sample-set differential logic SSDL (1986), differential pass-transistor logic DPTL
(1987), enable/disable CMOS differential logic ECDL (1988), latched CMOS differ-
ential logic LCDL (1991), differential current switch logic DCSL (1996), charge
recycling differential logic CRDL (1996), half-rail differential logic HRDL (1997),
current sensing differential logic CSDL (1998), asynchronous sense differential logic
ASDL (1999), no-race charge-recycling differential logic NCDL (1999), and split-
level precharge differential logic SPDL (2001). A similar list for TL includes: cross-
coupled inverters with asymmetrical loads CIAL (1995), latch-type threshold logic
LCTL (1995), cross-coupled inverters with asymmetrical loads threshold logic
CIALTL (1998), dynamic latched sense amplifier (1998), single input current-sensing
differential logic SCSDL (1999), CMOS capacitor coupling logic C’L (2000), bal-
anced capacitive threshold logic B-CTL (2000), current-mode threshold logic CMTL
(2000), discharge CMTL (2000), equalized CMTL (2000), differential current-switch
threshold logic DCSTL (2001), charge recycling threshold logic CRTL (2001), and
self-timed threshold logic STTL (2002). We shall briefly review these here, while the
interested reader should consult [8, 10].

Two basic approaches for implementing TLGs are: capacitive and conductance.
The concept underlying capacitive TLGs is the use of an array of capacitors to im-
plement the weighted sum of inputs. The idea was introduced as early as 1966 [12].
Capacitive TLGs can be classified into: capacitive threshold logic (CTL), and neuron
MOS (vMOS). A few comparisons [31, 32, 13], draw the following conclusions:

e the vMOS operation is simpler than that of the CTL;
e the maximum attainable fan-in by vMOS is an order of magnitude less than that
of CTL gate;
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e the delay has a logarithmic dependence with respect to large fan-ins (fan-in < 255
in [31], fan-in < 64 in [32]), while for small fan-ins (fan-in <20 [13]) the behav-
iour looks linear: 1 + 0.35n (where n is the fan-in).

The idea of using switched capacitors, switches, and inverters, and taking advan-
tage of the inherent saturation of the inverters to implement the perceptron non-
linearity, was originally introduced in 1987 [39]. This first approach required a some-
how complex three-phase clock. It has quickly evolved into a simpler two-phase
clock solution [31]: the capacitive threshold logic (CTL). This has large fan-in capa-
bility (up to 255), but also large delays and area, and DC power consumption.

e A differential version is the balanced-CTL (B-CTL) [17]. The requirement for a
highly precise reference voltage is eliminated here by implementing functions
with thresholds equal to 0. Two banks of capacitors connected to a differential
amplifier form the basic structure, with one additional half-capacitor unbalancing
the voltage level. B-CTL gates are reported to be faster than CIAL gates [36].

Neuron MOS TLGs are based on an idea introduced in the mid 60s [12]. It was re-
discovered in 1991 [37]. The static vMOS TLG is very simple and compact, but has
DC power consumption. This static power can be eliminated and the speed increased
by a current comparison between a VMOS transistor and a reference device, using a
positive feedback circuit.

e One configuration is the sense-amplifier vMOS TL [24]. It employs a current-
controlled latch-sense amplifier circuit. Variations can be found in [40]. This so-
Iution is similar to the digital comparator from [28]. Speed improvements of 5X,
and power savings over the static VMOS were reported [40].

e Another variation, CMOS capacitor coupling logic (C’L), uses the capacitor
coupling technique and a current sense amplifier [19]. Fluctuations of the device
parameters are compensated by the differential configuration.

e The charge recycling threshold logic (CRTL) gate introduced in [14] is based on
CRDL [23]. CRTL gates exhibit high speed (even for high fan-ins), while also
having low power consumption. CRTL gates achieve the highest speed and 15-
20% lower power consumption when compared with clocked VMOS [24], C’L
[19], and LCTL [1].

o A self-timed threshold logic (STTL) has been proposed in [15]. The gate is based
on a cross-coupled nMOS transistor pair. The enable signals are passed to the
next stage, being propagated in a self-timed fashion. The solution is low power,
and eliminates the clock at the expense of a double-rail signalling and the addi-
tional “enable generate” block.

The other class of differential TLG implementations is the current/conductance
category. Two parallel-connected banks of nMOS transistors are used for implement-
ing the weighting operation, followed by a current CMOS comparator for the thresh-
old operation.

e The operation of cross-coupled inverters with asymmetrical loads (CIAL) was
exploited to implement digital (bus) comparators [28], a particular TLG.

e A generic latch-type TL (LCTL) gate was proposed in [1]. Its consists of a
CMOS current-controlled latch providing both the output and its complement,
and two input arrays having an equal number of parallel transistors whose gates
are the inputs of the TLG. Two extra transistors guarantee correct operation for
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the case when the weighted sum of inputs is equal to the threshold value. Current
flows only during transitions.

e The speed performance of LCTL was improved in [36], where the nMOS banks
are external to the latch. It is called cross-couple inverters with asymmetrical
loads threshold logic (CIALTL), but it is different from CIAL [28].

e The circuit arrangement for realizing logic elements that can be represented by
threshold value equations patented by Prange ef al. [35] is a simplified CIAL.

e Single input current-sensing differential logic (SCSDL) [38] is based on CSDL
[34]. Yield analysis for SCSDL in 0.35 um CMOS has showed that fan-in < 14.

e Differential current-switch threshold logic (DCSTL) [33] is based on DCSL. It
restricts the voltage swing of the internal nodes for lowering the power consump-
tion. Reported experiments show that DCSTL exhibits better power-delay prod-
uct than: LCTL [1] and CIALTL [36].

e Current-mode threshold logic (CMTL) [11] achieves low power by limiting the
voltage swing on interconnects and on the internal nodes. Various clocked cross-
coupled loads have led to discharged CMTL (DCMTL) and equalized CMTL
(ECMTL).

A differential TLG bridging the gap between capacitive and conductance imple-
mentations has also been proposed [16]. The key computational concept is to use a
floating-gate device as a programmable-switched conductance. Two parallel Flash-
EEPROM banks implement the weighted sum of inputs with positive weights, and the
weighted sum of inputs with negative weights. The rest of the circuit measures the
conductance based on the current through the ‘memory’ cells.

All the TLGs based on current comparisons are relatively sensitive to noise and
mismatch of process parameters. Reliability can be improved by known layout and
circuits techniques where the devices behaviour is matched (substrate voltage control,
shield and isolations, centroid layout) for reducing statistical parameter variations.

3 A New Differential Threshold Logic Gate

All the differential TL solutions presented compare the sum of weights with a thresh-
old [14, 15, 19, 24, 35, 38] (eventually unbalanced as in [33]), or compare two
weighted sums [1, 16, 17, 28, 36] corresponding to the positive and the negative
weights. The functions implemented in this second case have threshold 0. Additional
transistors are needed to differentiate the case when the two weighted sums are equal.

A quite simple but efficient idea is to implement the function f with one TL bank,
while implementing f bar with the other TL bank. It is well known that if fis a TL
function, f bar is a TL function having the same weights w; if the inputs x; are in-
verted (x;_bar), and the threshold is changed. The fact that f and f_bar always have
transitions in opposite directions leads to increased speed, and also to better noise
margins [7]. The noise margins can be enhanced even more—while also marginally
increasing the speed—by increasing the gap using a non-linear solution both for f'and
f_bar, like e.g., NSL [2, 5, 6]. The resulting solution is noise immune by design (and
also very fast). That is why we call it noise-immune threshold logic (NTL). It can be
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used in conjunction with any differential implementation. In this paper we will show
how NTL works in conjunction with SPDL [26].

SPDL is an improvement on other charge recycling differential logic (e.g., HRDL,
CRDL) in terms of power dissipation, propagation delay, increased reliability, avoid-
ing metastable states, and large fan-out. The charge recycling makes the outputs
switch from Vpp/2 to either Vpp or GND during the comparison phase. The decrease
in power dissipation is achieved by not turning on the pull-up and pull-down transis-
tors at the same time. SPDL can also be self-timed (asynchronous), therefore reducing
the power consumed at the chip level by eliminating the (complex) clock distribution.
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Fig. 1. Schematic of a 3-input SPD-NTL gate implementing Av(BAC) = sgn(2A+B+C — 1.5).

The SPDL part is represented by MNO-MNS and MP1-MP9 (see [26]). The ver-
sion used here is the clocked one. The left bank computing IN_bar = f_bar is formed
by MN6, MNS8, MN10, which are driven by A, B, C. The right bank computing IN = f
is formed by MN7, MN9, MN11, which are driven by A_bar, B_bar, C_bar. Addi-
tional NSL structures are used for increasing the ‘gap’ (therefore enhancing the noise
immunity of the gate). The NSL for IN_bar is formed by MN12 and MN14 [2, 5, 6],
while the NSL for IN is formed by MN13, MN15, and MN16. The proper sizing of
the transistors MN6-MN11 for encoding the weights associated to the inputs, makes it
that the W/L of MNG6 is double that of MN8, and MN10. The same is true for the right
bank, where the W/L of MN7 is double that of MN9, and MN11. The NSL logic
blocks (MN12-MN14 and MN13-MN15-MN16) have to be sized at least as large as
MNG6 (making them larger will always improve on the noise margins [6]).

A straightforward layout of the gate was done in CMOS 0.25 um @ 2.5 V. All the
post-layout simulations have been at 100 °C, with the inputs varying from 0.25 V to
2.25V, and with a load of eight minimum inverters on OUT, and eight minimum
inverters on OUT_bar. The gate has been tested at the following four clock frequen-
cies: 100 MHz, 500 MHz, 1 GHz, and 2 GHz. The average current when running
continuously was: 271 HA, 523 uA, 736 uA, and 924 pA. The delay of the gate for
the given conditions is around 150 ps, leading to a power-delay-product of about:
100 fJ @ 100 MHz, 200 f]J @ 500 MHz, 2801f] @ 1 GHz, 350f] @ 2 GHz. The
simulations for the 2 GHz case are presented in Fig. 2.
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Fig. 2. Simulation results for the gate running at 2 GHz.

Finally, another idea is to systematically use centroid techniques. 4, 8, and even 16
transistors will replace each transistor. A 4-transitor structure is depicted in Fig. 3 (a),
while Fig. 3 (b) presents the 8-transistor structure for high matching from [25]. For
even better matching we have designed a 16-transistor structure (Fig. 3 (c)). This is
formed of two 8-transistor structures one inside the other (imbricated), and rotated by
45° relative to one another. The complex layout is in progress (Fig. 4).
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Fig. 3. Centroid layout structures for better matching: (a) classical 4-transistor structure; (b)
advanced 8-transistors structure; (c) 16-transistors structure for ultra-high matching (introduced
in this article).

4 Conclusions

The present state-of-the-art of shows a large variety of differential TLGs. Some of
these are quite advanced (e.g., asynchronous [4, 15, 18, 26]). They allow for drastical
reductions of the dissipated power (when compared to earlier implementations [10]).
A novel differential TLG has also been proposed. It incorporates two new ideas: us-
ing f and f bar, and adding nonlinear data-dependent terms (NSL). Centroid tech-
niques are currently being investigated for ultra-high matching. Fast and very low-
power differential TLGs are therefore implementable, the major differences between
one solution and another being the power-delay tradeoffs.
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Fig. 4. Systematic centroid layout of the SPD-NTL gate: (a) the SPDL differential; (b) the
SPDL pull-up structure; (c) the two nMOS banks including the two NSL structures.
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Abstract. We present some aspects regarding modelling of floating-gate
UV-programmable (FGUVMOS) circuits when used as linear threshold
elements, with a simple building block used for generation of Boolean
functions as an example. Some comparisons with other floating gate
and standard cell CMOS implementations are also done. A new FULL-
ADDER structure containing only eight transistors is demonstrated by
SPICE simulations, using a power supply voltage of 0.8 V. We argue
that the floating-gate linear threshold elements have a significant ultra
low-power potential and may allow very simple circuitry, provided that
the technology can prove to reach adequate maturity.

1 Introduction

Floating-gate circuits for signal processing have gained an increasing interest
during about the last decade, maybe especially due to the neuron MOS con-
cept published in 1991 [1], and an introduction to the field can be found in [2].
Floating-gate UV-programmable CMOS circuits are exploiting standard double-
poly CMOS processes like [3] with the goal of making ultra low-power analog
and digital [4] as well as neural network circuitry [5], [6].

This paper is organized as follows: FGUVMOS circuits and UV-programming
are briefly introduced in section 2, together with a couple of important equa-
tions which may be useful for a simple analysis. Section 3 deals with the P1N3
linear threshold element, more specific, and tries to show how a simple 1st or-
der analysis of functioning can be done. Further a circuit combination of two
PINS3 elements forming a FULL-ADDER is treated and later demonstrated by
SPICE simulations. In section 4 some aspects of the technology like low circuit
complexity and ultra low power consumption are briefly mentioned. Section 5
concludes the paper.

2 Floating-Gate UV-programmable Circuits

The circuits may be operated in weak inversion / subthreshold, getting their
effective threshold voltages seen from driving nodes altered by a postprocess-
ing technique exploiting UV light. The UV-programming typically lasts 15-30

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 57-64, 2003.
(© Springer-Verlag Berlin Heidelberg 2003
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minutes. Selected parts of the chip surface are hit by using metal layers as shields,
and by making openings in the pad-layer. In this way UV-activated conductances
can be made, like in the left part of figure 1, when a special reverse-biasing scheme
is used [4], [7]. Power lines are used in the UV-programming process, and there
are virtually no area overhead.
By applying certain combinations of voltages, V. and V_, in programming mode
(figure 1), the net charge on the floating gate nodes FGN and FGP can be
controlled, and thus the voltages. When the UV-light is switched off the UV-
activated conductances diminish, and the charges on the two nodes are deter-
mining the efficient threshold voltages seen from the driving nodes under normal
operation.
The UV-programming process sets the switching point so that all driven nodes
are at V4/2 in the initial operative mode, and establishes the equilibrium drain
currents, Ipeq, typically in the nA to pA range from experience with a 0.6 pm
CMOS process [3]. The current levels of a chip might be reprogrammed to dif-
ferent values.

If the sum of the capacitive weights connected between each input and it’s

Programming Mode Operative Mode VDD
V+

Va2 —H— — Vp]—“—
vdd/2 —H— FGN sz‘{}i Fep llm

° Source °
vdd/2 4{ }7 VD'—{ }—
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o —] -
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vss

Fig. 1. Schematic of the UV-programming mode and the normal operative mode, based
on [7]. The extra circles in the MOSFET symbols indicate UV-conductances. In op-
erative mode the equilibrium current is the drain current at the switching point, when
all inputs and the output equal Vyq/2.

respective floating gate, and the number of drawn capacitances, are equal, the
following equations approximate the drain currents for an element like to the
right in figure 1 [4]:

- 1
Lis.p = Ipeq Hezp{n—Ut(vddﬂ — Vi)ki} (1)

i=1
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" 1
Lisn = Ipeq H €!Ep{n—m(Vi — Vaa/2)k:} (2)
i1

Here, k; = C;/Cior is the capacitive division factor of the ith input capacitor,
C;, and Cy,y is the total capacitance seen from the floating-gate.

It might be useful being aware that the sum of drawn capacitances is usually less
than Ci,; seen from the floating-gate, so that the input signal of, for example, an
inverter is attenuated before reaching the floating-gate [6]. The above equations
also suggest a great deal of symmetry between PMOS and NMOS, which is only
approximately the truth, but anyway these simple equations have proven useful
for making simple behavioural analysis regarding FGUVMOS circuitry. Ipeq is
the balanced equilibrium current, which is the drain current of the transistors
when all input signals and driven nodes have a voltage level equalling Vyq/2. Ipe,
is a function of the effective threshold voltages seen from the driving nodes. For
a certain Iy, level for PMOS and NMOS there is one set of effective threshold
voltages. An FGUVMOS circuit can have different ;5 levels for different tran-
sistors, due to different layouts, transistor sizes and topologies [6].

A more detailed treatment of CMOS transistors operating in subthreshold can
be found in [8].

3 P1N3 linear threshold element

3.1 Simple analysis of P1N3 circuit

When the circuit has been UV-programmed it is ”balanced”, and the exponen-
tials in the above mentioned equations equal zero. The parts of the equations
treated as depending on the input voltages are named e, and e,, respectively.
To make a simple analysis of the P1N3 circuit we can express them as:

Vaa
ep = (7 - V) (3)
S 1 Vi
en—(3V1+3Vy+3VZ 5 ). (4)

If we consider binary inputs to the linear threshold element, defining a perfect
71”7 as Vyq and a perfect 707 level as Vi, the truth table in figure 3 can be
made, depending on the number og 1s in the input vector. If e, > e,, the output
is forced closer to Vgq than Vi, and the output is classified as ”1”. When e, < e,
a 70”7 results on the output. From figure 3 it is apparent that the output goes
low if, and only if, there are two or more 1s at the inputs. In that case the circuit
computes the CARRY’ function for binary addition. If e, is changed from Vy4/2
the relations between e, and e,, can change so that the P1N3 element implements
other logic functions. If Ae,, is changed to -2V;4/6 only one 1 on one of the inputs
is sufficient to force the output low, which provides a 3-input NOR function.
Apparent from figure 3 is also that Ae,=2Vq/6, right in-between of Vdd/6
and 3V;4/6, will make the P1N3 circuit implement the 3-input NAND function.
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Fig. 2. Alternative schematics for FGUVMOS FULL-ADDER from [4] for producing
SUM’” and CARRY’. The upper schematic is from an implementation [7] resembling a
traditional ”transistor as a switch” approach. The lower schematic includes two P1N3
linear threshold elements.
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P number of ”17’s|Ae, Ae, OUTPUT
(CARRY’)

Vaa/2 0 0 -3Va4/6 1

Vaa/2 1 0 -Vaa /6 1

Vriri/2 2 0 Vdd/G 0

Vaa/2 3 0 3Vaa/6 0

Fig. 3. The table shows parts of the exponentials, e,, e,, and output values, for Vp =
Vaa/2 and different numbers of ”1’s” on ordinary inputs X,Y,Z. Inputs can be either
” 077 Or ” 177 .

Relative to Vg and Vi a voltage of Vy4/6 on the input driving the floating gate
of the PMOS gives the 3-input NAND function, while 5V;,4/6 corresponds to the
3-input NOR function.

3.2 A combination of two P1N3 elements

Here two P1N3 elements coupled in series, like lowermost in figure 2, are con-
sidered. If the previously mentioned Ci,; is larger than the sum of the drawn
capacitances between driving inputs and floating gate of a PMOS or an NMOS,
the capacitances may be dimensioned so that driving nodes receives proper volt-
ages to control whether the 3-input NOR or 3-input NAND function will be
implemented by a FGUVMOS linear threshold element like P1N3, for example.
Then, if the output of the 1st PIN3 element lowermost in figure 2 is high, the
2nd P1IN3 circuit need only one high (”1”) input to force the output low. This
is in accordance with the upper half of the truth table in 4, where the CARRY”’
node is 1.

If the output of the 1st P1N3 element (figure 4) is low, the 2nd P1N3 circuit
need 3 1s on its inputs to produce a 0 on the output.

The truth table of the PIN3 based circuit in figure 2 is presented in figure 4
and may be used to implement the CARRY’ and SUM’ functionalities for bi-
nary addition. If two P1N3 elements, each with all their inputs to floating gates
short circuited, are driven by the CARRY’ and SUM’ nodes respectively, the
four PIN3 circuits form a complete FULL-ADDER [6].

[number of "17’s [OUTPUT (CARRY’) [SUM?
0 1 1
1 1 0
2 0 1
3 0 0

Fig. 4. The table shows parts of the exponentials, e;, e,, and output values, for Vp =
Vaa/2 and different numbers of ”1’s” on ordinary inputs X,Y,Z. Inputs can be either
” 0” or ” 1” .
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3.3 Spice simulation of four P1N3 elements forming a
FULL-ADDER
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Fig. 5. Simulation for a PIN3 based FULL-ADDER. W/L=20.8um/1.2um. Unit ca-
pacitances were 70 fF.

A transient simulation of a FULL-ADDER containg four P1N3 elements only,
is shown in figure 5. The voltage on the SUM node is about Vyy level if, and
only if, one or three of the inputs X,Y,Z are at the same, high, level. The voltage
on the CARRY node is high (V) if, and only if, two or three of the binary
inputs X,Y,Z are high.

4 Comparisons of FGUVMOS circuits and other CMOS
implementations

4.1 Linear threshold elements reducing number of transistors and
passive components

From figure 2 it is obvious that the lower schematic using two P1N3 linear
threshold elements leads to a significant reduction in the number of transistors,
drawn capacitances and wiring. Logic depths for generating SUM’ and CARRY”’
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are also differing, and is summed up in figure 6. The number of basic building
blocks for producing Boolean functions can also be significantly reduced by using
linear threshold elements compared to the solution from [4]. This makes UV-
programming and testing easier, and improves matching of circuitry [5].

# tran. # tran. logic depth |logic depth |#  different|reference
blocks

CARRY’ SUM’ CARRY’ SUM’

22 16 5 4 6 4

2 4 1 2 9

2 4 1 2 1 5], this

Fig.6. Some comparisons between FGUVMOS FULL-ADDERs (1-bit adder).
(”##tran.”: number of transistors) [6]

4.2 FGUVMOS ultra low-power potential

An 8-transistor FULL-ADDER might use 2500 times less than a FULL-ADDER
using standard cells in the same 0.6um CMOS technology citeamsl while run-
ning at 1 MHz [6], with a power-delay-product of 2.3 fJ [6]. Two other low-power
FULL-ADDERSs from [10], implemented in another 0.6um CMOS technology,
had PDP numbers of 60 and 92 fJ, while the best among 25 different implemen-
tations in a, probably significantly more competitive, 0.35um technology had a
PDP number of 18.4 {J.

5 Discussion and Conclusion

A simple method for analyzing FGUVMOS linear threshold elements has been
shown, together with a new and simple implementation of a FULL-ADDER as
a circuit example.

The reduction in transistors, passive components and wiring compared with
earlier FGUVMOS [4] as well as standard CMOS solutions may contribute to
reduced power dissipation when FGUVMOS circuits are implemented by using
linear threshold elements. The weak inversion (”subthreshold”) operation also
helps in reducing power dissipation simply because of the lower current levels.
The possibility to use supply voltages typically in the 200 mV to 800 mV range
is also a way of minimizing power consumption, since voltage reduction offers
the most direct and dramatic means of minimizing power consumption according
o [12]. Circuits oeprating in weak inversion have been shown to consume orders
of magnitude less power than the regular strong-inversion circuit at the same
operating frequency [13], which seems to be in accordance with the FGUVMOS
result of 2500 times less power dissipation of a FGUVMOS FULL-ADDER ex-
ploiting linear threshold elements, mentioned above.
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A fan-in of two is optimum for building arbitrary neural networks from linear
threshold elements [14], and a fan-in of 6-9 can lead to VLSI optimal solu-
tions [15]. Such fan-ins are probably within reach for FGUVMOS technology [6].
If the FGUVMOS technology can prove to be mature enough, it could provide a
relevant technology for implementing analog and digital circuits as well as neural
networks.
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Abstract. Threshold Logic (TL) gates can evaluate any linearly separable func-
tion via the computation of a weighted sum over the input variables. In this paper
we generalize this mechanism and introduce the novel concept of k-order Gen-
eralized Threshold Logic (GTL) gates. Such a GTL gate has augmented compu-
tational capabilities as it can evaluate a weighted sum of k-term AND products
over the input variables. Additionally, we propose an implementation scheme for
second-order GTL gates in CMOS technology. To assess the practical implica-
tions of the augmented computational capabilities of GTL gates we present a
one gate implementation of 2-input parity function and a scheme to compute the
block carry-out function utilized in carry lookahead addition algorithms. Our re-
sults indicate that the k-order GTL gate based implementation of the carry-out
for a k-bit block requires (k -+ 1)? transistors in each data and threshold mapping
bank as opposed to 3 2F 1 2 transistors required by a standard TL gate based
implementation.

1 Introduction

A Threshold Logic Gate (TLG) is defined as an n-input processing element such that
its output performs the following Boolean function®:

0, if F(X)<0

o=z =11 2 5o m
n

i=0
where X=[zg, 21, ,Zpn 1], W=[wo,w1, wy 1]and T are the set of Boolean in-

put variables, the set of fixed signed integer weights associated with data inputs, and
the fixed signed integer threshold, respectively [6]. The vector formed by the group of
weights wy, wy, w,, 1 and the threshold 7', whose absolute values are the mini-
mum, is called the basic structure of the threshold function and is presented as follows:
[F(zo;z1;  3xn 1) = [woswi; 5wy 13T

Speaking from the device/circuitry point of view the main advantage of TL gates
when compared to standard Boolean gates is the parallel processing due to internal

3 All the operators are algebraic. In order to avoid confusion throughout the text, the Boolean
And, Or, and Xor operators have designated the symbols, A, V, and & respectively.

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 65-72, 2003.
(© Springer-Verlag Berlin Heidelberg 2003
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multiple-valued computation of the weighted sum. However when compared to classi-
cal multiple-valued logic circuits TL gates are more robust against parameter variation
because the TL gates inputs and output are still digitally encoded. Given that TL gates
are fundamentally more powerful than the conventional Boolean gates and that there is
evidence of direct implementation of Threshold Logic gates in CMOS technologies [1,
3,5,7], TL based design of computer arithmetic related Boolean functions has been the
subject of numerous studies [2, 4, 10]. Furthermore, recent investigations [8], suggested
that a hybrid Boolean and Threshold Logic design approach can be utilized for the
design of certain computer arithmetic building blocks, such as counters and compres-
sors, and provides a substantial speedup when compared with pure Boolean and pure
Threshold logic implementations.

In this paper we continue our investigation on hybrid Boolean and Threshold logic
schemes and introduce a Boolean logic augmentation of the computing capabilities of
the CMOS threshold logic gate presented in [7]. That is to say we apply the hybrid
paradigm at the gate level rather than at the network level. The gate we propose embeds
a mechanism to evaluate a number of Boolean AND products over its inputs. Thus
the differential latch based topology can evaluate a weighted sum of AND products
over the inputs instead of a weighted sum of inputs, i.e., it can evaluate Generalized
Threshold Logic Functions. The extra computation step allows for the construction of
faster threshold logic networks since the higher computational power embedded inside
the gate compensates the gate latency degradation. The main contributions of the paper
can be summarized as follows:

— We introduce the general concept of k-order Generalized Threshold Logic Gates.

— We propose a CMOS implementation of second-order Generalized Threshold Logic
Gates (GTLG?).

— We discuss the implications of the GTLG? design style when utilized for the imple-
mentations of computer arithmetic relevant functions, e.g., XOR, carry lookahead
computation.

The paper is organized as follows: Section 2 introduced the definition of the k-
order Generalized Threshold Logic Gates and propose a CMOS based implementation
of second-order Generalized Threshold Logic Gates (GTLG?). The GTLG? basic oper-
ation and its underlying principle are explained in detail. Section 3 discusses the impli-
cations of the augmented computational capabilities featured by the GTLG? gates and
presents as a case study the implementation of a block carry lookahead algorithm with
TL gates and GTL? gates. Section 4 presents some concluding remarks.

2 CMOS Generalized Threshold Logic Gates

As suggested in Equation (2) a traditional TL gate can evaluate any linearly separable
function via the computation of a weighted sum over the input variables. We propose to
generalize this concept by replacing the input variables with AND products over the in-
put variables. This new class of functions constitutes a superset of the class of linearly
separable functions and the evaluation of such generalized functions requires the uti-
lization of generalized threshold gates operating according to the following definition:
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Definition 1: A k-order Generalized Threshold Logic Gate (GTLGF) is a device
which performs the following Boolean function:

n 1 k1
F¥(X) = sgn {F*} = sgn Zwi /\mf T 3)
i=0 7j=0

where [wo;wy;  w, 1;7T]is called the k-order GTL gate basic structure. The GTLF
gate inputs are X = {Xo, Xy, ,X, 1} witheach X;,7 =0,n 1 beinga k-term
Boolean input set, X; = {z9,z}, 2% '}

Any k-term set X; has an associated weight value w; but the effective fan-in of
the gate can assume values between n x k and n as not all the z/ should be different.
Moreover, although not suggested by the Definition 1, a GTL* gate can accommodate
input sets with m < k literals which implies that & m inputs from the corresponding
k-term set should be mapped to logic one. It can be easily noticed that Threshold Logic
functions are a subclass* of GTL* functions since k& = 1 results in X; = {z¥}, then
the A\ product in Equation (3) becomes x? and Equation (2) is obtained. Therefore, it is
expected from GTLF gates to perform a broader range of Boolean functions overlooked
by the previous investigations carried in Threshold Logic functions.

In the remainder of the section we discuss the CMOS implementation of such GTL*
gates. We restrict the presentation, without any loss of generality, to the CMOS im-
plementation of second-order Generalized Threshold Logic gates (GTLG?). However,
k-order GTL gates can be easily constructed by extending the circuit principles pre-
sented in the following subsections. As the scheme we propose is based on a Differen-
tial Current-Switch Threshold Logic (DCSTL) gate circuit, we first present the DCSTL.
Second, its extension to a second-order GTL gate is presented and its operating princi-
ple is explained in detail.

2.1 Differential Current-Switch Threshold gate

A schematic diagram of the Differential Current-Switch Threshold Logic gate (DC-
STL), [7], is presented in Fig. 1. The circuit comprises a fast semi-dynamic CMOS
latch and two analog computation blocks referred as data bank and threshold mapping
bank. Both data and threshold mapping bank consist of two parallel-connected sets of
unit nMOS transistors (Mxo » 1 and Mpg , 1).

The main principle of such gate stands in the fact that the transistors from both
banks are operated in the linear region. Therefore their drain current depends mainly
on the multiplicity factor, m, and both transistor’s overdrive, Vgs Vi, p, and drain-
source voltage, Vpg, [11]. Assuming that, in normal operating conditions, the nMOS
transistors from both banks have equal Vs Vi, and Vpg imply that each nMOS
transistor generates a current proportional with its multiplicity factor. The total currents
generated by the transistor banks (/;4:, and I7) are compared each other by the latched
comparator and therefore the node Y] is logic zero if the current generated by the data

* To comply with already existing definitions and to avoid confusions, we use in text the more
common term "Threshold Logic functions", although "GTL" functions" would be more appro-
priate in the context of our presentation, according to previous definition.
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Fig. 1. CMOS Difterential Current-Switch Threshold Logic gate

bank, 4,44, is greater than the current generated by the threshold mapping bank, /-, and
logic one otherwise. We note here that the data bank is prevented to have similar cur-
rent with the threshold mapping bank, when the threshold is reached, since the nMOS
transistor Moo having the multiplicity O 5 is always on. The DCSTL gate is operated as
follows. On the falling edge of the clock, the flip-flop enters in precharge phase. There-
fore, Mo, M, are on, nodes Y, and Y, are precharged high, and the outputs ¥ and Y
are both zero. On the rising edge of the clock, the flip-flop enters the evaluation phase.
Therefore, Ms, Mg g are on and Mg, M7 (shutoff devices) start drawing currents from
nodes Y7 and Y7. If I444, > I7 then the voltage at node Y7 will start to drop faster than
the voltage at node Y;. Therefore, Y; crosses first the latch switching threshold which
regenerates rapidly to Y7 low and Y7 high, causing Y high. Conversely, if Ij.t, < I7
then Y} low and Y; high, causing Y low. At the end of the evaluation phase, the high-
rising node among Y] and Y will be electrically decoupled from being connected to
ground by one of the shutoff transistors Mg, M7 going off. Therefore no DC power is
dissipated at the end of the evaluation phase.

The gate is run-time re-programmable, since the Threshold Logic function can be
changed dynamically between two evaluations, differential, and it is characterized by
the fact that the implementation of threshold is particularly similar with the weighted
sum as ' = Z;’:Ol w; t; This last feature is particulary useful when implementing
negative weights. For example, a DCSTL having an input with a negative weight, wy,,
can be easily derived from a DCSTL gate with an identical absolute weight value, wy,
by simply connecting the corresponding data input X}, into the threshold mapping bank.
Of course, the capacitive balancing condition (the total sum of transistor widths must be
identical in both nMOS banks) must hold true and consequently wj, dummy transistors
must be added in the data bank.

2.2 Second-order Generalized Threshold gate

The second-order Generalized Threshold Logic gate can be derived from a DCSTL gate
if the data bank and the threshold mapping bank are replaced with the banks depicted
in Figure 2.
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Fig.2. GTL? CMOS gate - data and threshold mapping bank

Very similar with a DCSTL gate, each analog processing block consists of a set of
parallel-connected nMOS transistors. In contrast with DCSTL gate, each nMOS tran-
sistor from both banks is actually a series of two transistors (Mxo, » 1, Myo, »n 1)
and (M7o, » 1, Myo, » 1). Therefore, since each series of two nMOS transistors
implements actually an AND function of two inputs, GTL? gate allows a more general
computation in both banks, i.e., the weighting operation, specific to a simple TL func-
tion, is no longer performed on the input basis but on AND products containing at most
2 literals. The GTL? structure can be easily extended to GTL* gates, case in which the
two banks are formed from branches of & transistors’ in series.

The GTL? gate from Fig. 2 has in general 2n data inputs, Xo , 1, Yo » 1, and
2n threshold mapping inputs 7o ,, 1, Up , 1. Since two nMOS transistors in series
are electrically equivalent with a single transistor with a smaller driving current, [11],
it is expected a latency degradation of a GTL? gate when compared with a TL gate.
However, when such GTL gates are employed in bigger circuits, the extra computation
step, i.e., AND products of k terms, is expected to actually increase the speed of those
circuits since the higher computational power embedded inside the gate compensates
the latency degradation as the width of the AND products increases.

3 Discussion

In this section we evaluate the potential implications of the GTL? gate on the implemen-
tation of some computer arithmetic relevant functions. First we discuss how the gener-
alized gate can be utilized to extend the class of the Boolean functions implementable in
one TL gate with the parity function. Subsequently, we analyze the utilization of GTL*
gates in carry lookahead adders and evaluate the potential area reduction this approach
may bring when compared with a TL gate based one.

3.1 Boolean functions implementable in a single GTL? gate

While simple AndOr, OrAnd functions (and their inverted versions) can be imple-
mented in a single TL gate (see Fig. 3(a) for a schematic of data and threshold mapping
banks) as they belong to the class of linearly separable functions, this doesn’t apply for

5 Although the GTL gates have, by definition, the inputs sets of equal width % they can imple-
ment actually a weighted sum of variable-length AND products over the inputs. Of course, if
an AND product has the length m <= k, the other £  m inputs from the same transistor
branch should be mapped to logic one all the time.
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Fig. 3. Various TL and GTL? functions implementations: a) F(4,B,C) = AA BV C; b)
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the implementation of other functions, e.g., (inverted-)parity, one of the most important
Boolean function for computer arithmetic. However, due to its augmented computa-
tional power one GTL* gate can implement such symmetric functions. Therefore TL
circuits employing GTL gates are expected to be faster due to the reduced number of
gate levels. As an example we present in Fig. 3(b) the data and threshold mapping banks
for a GTL? gate configured to perform the XOR function of two Boolean variables. The
implementation in Fig. 3(b) assumes that the inputs (X, Y) are in dual-rail form which
usually implies wiring overhead at circuit level. We would like to mention that dual rail
is not mandatory for such an approach as a negated variable in a Boolean function can
be replaced in general in TL by its complement using the relation A = 1  A. This
property together with the fact that the threshold mapping bank can also accommodate
input signals allow for one GTL? gate implementation of a AndOr22 function having a
negated Boolean variable without requiring a dual rail design style. To exemplify this
approach we describe in Eq. (4) the GTL? implementation of an AndOr22 function,
having a negated Boolean variable.

AANB+CAD=sgn{A+CAD (1+AAB)} )

3.2 Carry Lookahead Addition

Let us assume we want to implement an n-bit binary adder using the Carry Lookahead
Addition algorithm [9]. Considering that operands X and Y are divided in groups of &k
bits each, the carry output signal of the group ! can be computed as follows:

/ / l / 1 l 1 l 1 I al
¢ = (gr V(L 1AgE V(e 1AL, oAgE 3)V V(te 1At oA AtgAcy), (5)

where gt and tL,i = 0,k 1 are the generate and transmit signals of each pair of bits,
z;, y; respectively, and ¢} being the carry output from the previous k-bit group. The
logic expression in Eq. (5) implies is that a carry is generated out of each k-bit block if
a carry is generated on the last position (g}, ), or a carry is generated on position k¥ 2
(gfC ,) and it is transmitted through the position k& 1 (tﬁc 1)» ..., or a carry is generated
on the first bit position (g}) and it is transmitted through all the next bit positions (¢!, |,

, 1)), or a carry input is present (c}) and it is transmitted through all the bit positions



CMOS Implementation of Generalized Threshold Functions 71

of the block. It can easily be observed that this logic expression contains k + 1 products
of at most k£ + 1 logic variables. Moreover, this logic expression can be evaluated with
a Threshold gate with its basic structure defined by the following theorem.

Theorem 1: A simple TL gate which implements Eq. (5) and having the inputs
[gfc 1 tﬁc 1 gfc 23 tfc 2 ;g(l); tf); cf)] has the basic structure:

[Qk Lok 2.9k 2.9k 3. ;21;21;20;20;21(] (6)

Proof: By induction.

basis: Trivial with simple substitution. Since ¢} = g}V (t) Acl), it is easily to prove
that is implemented with a TL gate with the inputs [g}; }; c}; T] and the basic structure
[2;1;1;2].

step: Assume that the theorem holds true for £ 1 prove that it is also true for
k. Assuming that the theorem holds true for £ 1, it is implied that a TL gate with
wi =28 Lwlh =282 wl=w{=1andT = 2* ! computes ¢} ,.Given
the carry recurrence formula: ¢k, = gt v (¢ A ¢k ) it follows that w{ = 2w} and
w}i = wy, (e gk term dominates while tﬁc and ck , terms have the same weight).
In considering ¢}, ,, its dominant term (g}, ;) has the weight 2% !, identical with w?,.
This implies w} = 2% 1 and w{ = 2*. O

>From Theorem 1 it can be easily concluded that the computation of the carry-
out of a k-bit block requires a DCSTL gate with 3 2F ' 2 transistors in each data
and threshold mapping bank. In the following theorem we analyze the GTL gate based
computation of the carry-out in Eq. (5).

Theorem 2: The GTL**! gate which implements Eq. (5) and having the inputs:

Y Ot L Y T 1,1
(9% 13tk 19k 25tk 1tk 29k 33 itk itk 2 toco) (7
has the following basic structure:

[1;11;111; ;11 11;1) (8)
—_——
k+1

Proof: The Boolean Eq. (5) is expressed as a sum-of-products form with £ + 1
products, each term having at most k + 1 literals. The Boolean function is logic one if
at least one term is logic one. Therefore a GTL**! gate configured with a threshold of
1 and having weights of 1 associated with each AND product can evaluate Eq. (5). The
assignation of the GTL**! gate inputs is as follows:

gk 1t 1Tk 1 tr 1
1 gr 2ty 2 tg 2
1 1 gr 3t 3

9
11 1 :
11 1 to
11 1 co

where by 1 it is designated a logic one input. d
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>From Theorem 2 we conclude that the computation of the carry out of a k-bit
block can be implemented with a GTL*¥+! gate having (k + 1)? transistors in each data
and threshold mapping bank since GTL**! gate requires for each AND product & + 1
transistors and there are k + 1 products. This constitute a substantial area reduction
when compared with 3 2% ' 2 transistors required by an implementation based on a
standard TL gate.

4 Conclusions

In this paper we introduced the novel concept of k-order Generalized Threshold Logic
gates and presented an implementation of second-order Generalized Threshold Logic
gates in CMOS technology. To assess the practical implications of the augmented com-
putational capabilities of the new GTL gates we presented a one gate implementation of
2-input parity function and a scheme to compute the block carry-out function utilized
in carry lookahead addition algorithms. Our results indicated that the k-order GTL gate
based implementation of the carry-out for a k-bit block requires (k + 1)? transistors in
each data and threshold mapping bank as opposed to 3 2% ' 2 transistors required
by a standard TL gate implementation.
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Abstract. A high speed 64 bit dynamic adder, the Adelaide Delft Thresh
old Logic Adder (A DELTA), is presented The adder is based on a hybrid
carry lookahead/carry select scheme using threshold logic and conven
tional CMOS logic A DELTA was designed and simulated in a 0 35 ypm
process The worst case critical path latency is 670 ps, which is shown to
be on average 30% faster than previously proposed high speed Boolean
dynamic logic adders while at the same time reducing the transistor
count on average by over 30% compared to the same adders

1 Introduction

Threshold logic (TL) was introduced over four decades ago, and over the years
has promised much in terms of reduced logic depth and gate count compared to
conventional logic gate based design Lack of efficient physical realizations has
meant that TL has, over the years, had little impact on VLSI Efficient TL gate
realizations have recently become available, and a small number of applications
based on TL gates have demonstrated its ability to achieve high operating speed
and significantly reduced area [1 3] Additionally, it was suggested in [4] that
combined TL and conventional static CMOS logic can reduce the delay compared
to a pure TL or pure static CMOS approach for the case of parallel (population)
counters However, no large scale arithmetic building blocks for processors have
been designed using TL We address this issue by proposing a 64 bit TL adder

Addition is one of the most critical operations performed by VLSI proces
sors This paper proposes a 64 bit adder using a two fold hybrid scheme, carry
lookahead/carry select and mixed Charge Recycling Threshold Logic (CRTL)
and dynamic CMOS logic Our aim is to design the fastest possible dynamic
64 bit adder, taking into account the advantages and limitations of CRTL The
proposed 64 bit adder has a simulated critical path delay of 670 ps in a 0 35 um
process

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 73-80, 2003.
(© Springer-Verlag Berlin Heidelberg 2003
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We begin in Section 2 by giving a brief overview of threshold logic This is
followed by a description of CRTL in Section 3 Section 4 develops the proposed
mixed carry lookahead/carry select scheme using CRTL/dynamic CMOS for 64
bit addition and in Section 5 results of the proposed 64 bit addition scheme are
presented Finally a brief conclusion is given in Section 6

2 Threshold Logic

A threshold logic gate is functionally similar to a hard limiting neuron The gate
takes n binary inputs x1, z2, , z, and produces a single binary output y A
linear weighted sum of the binary inputs is computed followed by a thresholding
operation
The Boolean function computed by such a gate is called a threshold function
and it is specified by the gate threshold 7" and the weights wy, we, , w,, where
w; is the weight corresponding to the i** input variable z; The binary output
y is given by
y = { ]., if Z?:l W;T; Z T (1)
0, otherwise

A TL gate can be programmed to realize many distinct Boolean functions by
adjusting the threshold 7' For example, an n input TL gate with unit weights
and T = n will realize an n input AND gate and by setting 7' = n/2, the
gate computes a majority function This versatility means that TL offers a sig
nificantly increased computational capability over conventional AND OR NOT
logic Significantly reduced area and increased circuit speed can therefore poten
tially be obtained, especially in applications requiring a large number of input
variables, such as computer arithmetic This is indicated by a number of prac
tical results [5,4,6] which suggest advantages of TL over conventional Boolean
logic

3 Charge Recycling Threshold Logic

The realization for CMOS threshold gates presented in [2] and used in the pro
posed adder is now described Fig 1 shows the circuit structure The sense
amplifier (cross coupled transistors M1 M4) generates output y and its comple
ment y Precharge and evaluate is specified by the enable clock signal £ and
its complement E The inputs x; are capacitively coupled onto the floating gate
¢ of M5, and the threshold is set by the gate voltage T of M6 The potential
¢ is given by ¢ = Z;l:l Cizi/Ciot, where Ciyy is the sum of all capacitances,
including parasitics, at the floating node Weight values are thus realized by set
ting capacitors C; to appropriate values Typically, in CMOS technology these
capacitors are implemented between the polysilicon 1 and polysilicon 2 layers
The enable signal E controls the precharge and activation of the sense cir
cuit The gate has two phases of operation, the equalize phase and the evaluate
phase When FE is high the output voltages are equalized When FE is high, the
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I - Equalize

Mil }7
II - Evaluate

Fig.1. The CRTL gate circuit and Enable signals

outputs are disconnected and the differential circuit (M5 M7, M10, M11) draws
different currents from the formerly equalized nodes y and y The sense amplifier
is activated after the delay of the enable inverters and amplifies the difference in
potential now present between y and y, accelerating the transition In this way
the circuit structure determines whether the weighted sum of the inputs, ¢, is
greater or less than the threshold, 7', and a TL gate is realized Transistors M10
and M11 turn off the differential circuit after evaluation is completed to reduce
the power dissipation The gate was shown to reliably operate at high speed

4  64-bit Addition Using CRTL/dynamic-CMOS

The underlying approach for the proposed 64 bit adder is to utilize at the circuit
level, a hybrid scheme of combined conventional CMOS logic and TL The goal is
to propose an optimized design of a 64 bit adder using a hybrid CRTL/dynamic
CMOS approach

At the architecture level, the design is structured to optimize speed based on
the advantages and limitations of the logic gates used (static and dynamic CMOS
and CRTL) A combination of anticipated computation, carry lookahead, and
carry select is used At the implementation level within the blocks comprising
the 64 bit adder, CRTL is used to achieve the minimum critical path delay, and
where possible, static and dynamic CMOS are used to reduce the area

The block diagram of the proposed 64 bit adder is depicted in Fig 2 In this
scheme, the 64 bit input addends are divided into four 16 bit adder blocks Each
16 bit block generates a carry signal These carry signals form the inputs of the
global carry lookahead unit which generates the select signals, c31, cq47 and cgq
These select signals are used to select the appropriate 16 bit final sums using
three 32:16 multiplexers The critical path of the 64 bit adder consists of the



76 Peter Celinski et al.

generation of the carry outputs of one 16 bit block, the global carry lookahead
unit which selects the most significant 16 bit anticipated sum and one 32:16
MUX delay

The three anticipated sums are computed in the 16 bit blocks using pairs
of 16 bit adders with ¢;,,=0 and ¢;;,=1 The 16 bit anticipated sums must be
ready before the global carries arrive to perform the selection It is this balance
of quickly computing the carries out of the 16 bit adders and the global carries
considering the maximum fan in and delay of CRTL which dictates a partition
of the 64 bit inputs into four 16 bit wide blocks

ag3 b3 a5 byg 47 by7 a3 by a by a6 b6 a5 bys ag by
le—C;,=0 l<C;,=0 l<-C;, =0 l<C_,
16-bit Adder 16-bit Adder 16-bit Adder 16-bit Adder
s < Cp=1 s < Cp=1 s < Cip=1
16-bit Adder 16-bit Adder 16-bit Adder
Cous Cous Cour o o Cis
ERTIEE s s i i
Ealns S N
Global Carry — Lookahead
Co| 11 Hi Cai
32:16 MUX 32:16 MUX 32:16 MUX

Sea Se3 vt ot Sag Sq7 % = ¢ S3p S31 ¢+ ¢ S16 S50 0 So

Fig. 2. A DELTA block diagram

To achieve the lowest critical path delay, the computation of the carry output
of each 16 bit adder and the global carries must be as fast as possible In theory,
it is possible to compute the carry signal for such a 16 bit block in one TL gate
using the scheme first presented in [7] However, this leads to a requirement
for the sum of weights in the TL gate of 217 2 which is prohibitively large
for the state of the art CRTL For this reason, the 16 bit carry computation is
performed in two levels of TL gates, as discussed in the following section

4.1 Design of the 16-bit Adders

The design of the 16 bit adders uses carry lookahead This is a well known tech
nique for designing logarithmic depth addition networks To design the high
speed 16 bit adder, the high fan in capability of CRTL is utilized to imple
ment carry lookahead prefix cells which compute group carry generate and group
carry propagate signals from a large number of input bits

The design of the CRTL prefix cells is influenced by the maximum sum of
weights of CRTL This is limited by the available precision with which the ca
pacitive weights are implemented and, more significantly, the resolution of the
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sense amplifier under the influence of process mismatch and noise The maxi
mum sum of weights sets the minimum voltage which is required to be resolved
by the sense amplifier in the CRTL gate For this reason we limit the sum of
weights to approximately 30, and use this as the basis on which to optimize the
critical path delay of the 16 bit adder This, as will be shown, leads to the CRTL
prefix cells having 4 bit word inputs

The computation of carries, ¢;, can be expressed in prefix notation in terms
of group generate, G§ and group propagate, P]?, signals at each bit position j as
follows [8]:

G — [ bj, ) for l:] (2)
I\ GR+PE Gl for 15>5>k>i>0
i Jaj+b;, for i=j
P = {PJIc P, for 15>j5>k>i>0, (3)
where 7 = 0, ,15, a; and b; are the input addend bits, ¢; denotes the carry
generated at position j and ¢ 1 denotes the carry into the LSB position Assum
ing that ¢ ; = 0, then the carry signal at position j, cj, is given by ¢; = G?

The direct 2 level AND OR approach to implementing Equations (2) and
(3) in, for example, static CMOS is not practical for any useful word length
> 16, since the amount of circuitry required to assimilate the MSB carry be
comes prohibitive To circumvent this, the input operands (a;, b;),i =0, 15,
are grouped into 4 bit blocks The most significant group generate and group
propagate signals of each 4 bit group, G;. ? and Pj 3, are computed directly
from the input operands utilizing a set of CLA equations in a form suitable for
implementation in threshold logic as introduced in [7] A carry is generated in a
group (G} =1) if the sum of the two 4 bit words in the group exceeds (is strictly
greater than) the maximum number representable by 4 sum bits (2* 1 = 15)
Similarly, the group propagates a carry originating in the neighbouring group of
lower significance if the sum of the two 4 bit words in the group is equal to or
greater than 15 This may be written in TL equation form as:

J

G;: 3 — sen Z 20 U 3(a; +b;) 16 (4)
i=j 3
. j . .
PjJ E— sgn Z 2i (4 3)(ai—+—bi) 15 (5)
i=j 3

The input weights for the gates which calculate G;: % and ij ? are the same,
and the gate thresholds differ by 1 This means that the input weights can be
shared between two CRTL gates to reduce area Equations (4) and (5) give the
sum of weights to be 30, which meets the previously stated requirement

For example, the group generate, G9, and group propagate, P, signals are
computed from the 4 bit grouping of the input addend bits as follows:

GY = sgn{8as + 8b3 + das + 4by + 2a; + 2by +ag + by 16} (6)
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P? = sgn{8as + 8b3 + 4as + 4bs + 2a; +2by +ap + by 15} (7)

The three least significant group generate and group propagate signals in
each 4 bit group are computed using the dynamic CMOS implementation of
Equations (2) (3) using p; and g; signals computed in static CMOS

In the second level, a single CRTL gate assimilates the 4 bit group generate
and group propagate signals to compute the most significant carry, ¢;5, as fol
lows:

G5 = Gii + PEGY, + PIZ P} Gy + P Py PR Gy
= sgn {8G1Z + 4P} + 4G}, + 2P + 2G3 + P +GS 8} (8)
The sum bits are computed using static CMOS XOR. gates,
hj=a; ®b; (9)
S = hj b (10)

The computation of the half sum, A}, is performed in parallel with the calculation
of the carries in each 16 bit block The sum bits, s;, are calculated in parallel
with the 64 bit adder global carry lookahead

i3
CRTL PGJ

ik
dyn-CMOS PC“‘

i3
CRTL Gj

O O e =

ik
ayn-CMOS G, k=11

o

Fig. 3. 16 bit adder carry prefix tree schematic

The schematic diagram of the proposed 16 bit adder carry prefix tree is
shown in Fig 3 The critical path uses CRTL prefix cells to compute the carry
propagate and carry generate signals, PG;, for groups of 4 bits using Equa
tions (4) and (5) as indicated by the black squares in Fig 3 Each black square
cell consists of two CRTL gates with thresholds differing by 1 and sharing the
same capacitive network for computing the weighted sum of inputs Grey squares
represent group carry generate cells G;'. The MSB carry output is computed us
ing a single CRTL group generate cell The remaining cells of the prefix tree
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which are not on the critical path consist of conventional dynamic CMOS carry
generate and propagate cells to reduce overall area These are indicated by grey
circles in Fig 3 and the circuits of these cells are given in Fig 4

Fig. 4. Dynamic CMOS circuits for (a) Gj: L (b) Gj: % (c) P]-j Y and (d) ij 2

5 Results of the Proposed 64-bit Adder Design

The critical path of the 64 bit adder consists of two CRTL gates to compute ¢y5,
one dynamic CMOS gate to compute c47 in the global carry lookahead block and
the precharged MUX used to select the sum bits sg3, ,s4g The critical path
latency was simulated using 2P/4M, 0 35 pm process parameters in HSPICE
and was found to be approximately 670 ps (from schematic only, layout and
fabrication of the proposed adder is the subject of ongoing work) To compare
with the delay of other recently reported adders, the delay was normalized with
respect to the “fanout of four inverter delay”, FO4 The FO4 delay is the delay
of a minimum sized inverter driving four minimum sized inverters and the FO4
normalized delay of combinational logic is relatively constant over a wide range
of processes [9] Under typical environmental conditions, one FO4 delay in the
0 35 pm process used in this work is approximately 160 ps To estimate the area
cost, the total number of transistors for the 64 bit adder was also calculated

Table 1. Comparison of A DELTA with other 64 bit high speed adders

| Naffziger, HP [10] | Woo et al [11] | Sun et al [12] | A DELTA

Transistors 6924 5460 6590 4325
Normalized FO4 7 56 55 43
Inv Delays
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The transistor count and FO4 normalized delay comparison with three other
dynamic high speed adders is shown in Table 1 It should be noted that the delay
results presented in Sun et al are based on simulation and the results in both
Naffziger [10] and Woo et al [11] are from chip measurements The results in
Table 1 suggest an average speedup of almost 30% and an average reduction in
the transistor count by over 30% compared to other high speed adder designs

6 Conclusions

A high speed 64 bit adder based on a hybrid carry lookahead/carry select scheme
using Charge Recycling Threshold Logic and dynamic CMOS has been proposed
The worst case critical path delay and transistor count were shown to be both
improved, on average, by approximately 30% compared to previously proposed
conventional dynamic logic high speed adders The results show that by combin
ing TL and conventional CMOS logic with the appropriate architectural strategy,
relatively fast and compact arithmetic circuits may be achieved
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Abstract. A study of the electrical parameters of a microelectrode array
designed for chronic current stimulation through cortical tissue was carried out.
The microelectrode array was inmersed in ringer solution for measurements.
Resistive and capacitive components, as well as total equivalent impedances
were analyzed at different current levels using Electrochemical Impedance
Spectroscopy (EIS) techniques. A SPICE equivalent model was introduced. Our
results show that experimental registered data matches the proposed Warburg
model for both low and high frequencies denoting how electrode impedances
are affected with frequency variations. Moreover, effects produced by injecting
different amount of charge were analysed.

1. Introduction

The possibility of interfacing the nervous system with electronic devices has long
fascinated scientists, engineers and physicians. An electronic device which restores a
motor or sensorial function is an important research field for bioengineers nowadays.
Present design and manufacturing of 3D electrodes may be considered as a real choice
for neuroprosthetic devices intended to the recovery of motor and sensory abilities.
However, this approach must fulfil several conditions:

1) Tissue must accept the device (biocompatibility).

2) Electrical stimulation of nerve tissue must be induced by means of a charge
displacement (polarization), which is performed efficiently through current
stimulation.

3) Current injection in neural tissue must be effective and safe.

Our main goal is to analyse the electrical behaviour of a penetrating microelectrode
array with a three-dimensional architecture (Utah Electrode Array-UEA). This
microelectrode array has been used extensively in acute and chronic recording
experiments, but few information is known about its characteristics regarding working
frequency, current and voltage spans, etc.

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 81-88, 2003.
(© Springer-Verlag Berlin Heidelberg 2003
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2. Electrode-Saline Interface Modelling.

The electrode-medium interface has been over the past years extensively studied in
electrochemistry to characterize electrodes in applications such as batteries, reactors,
and so on. Geddes and Warburg determined the nature of the impedance model for
these electrode-electrolyte systems, based on the different chemical processes taking
place for many different combinations of voltages and frequencies. In this case, the
classic Randle’s equivalent circuit (Figure 1 ) seems to be appropriated.

Ci
.
I\
Cw
Rs Ret | (.
Rw
Warburg Impedance Zw = Z(f)

Fig. 1. — Randle equivalent circuit.

This equivalent circuit comprises a capacitance C; in parallel with a resistance R, and
the Warburg difussion impedance Z,,. The R, resistor represents the resistance of the
electrolyte solution. When a metal and electrolyte come into contact, a charge region
is formed in the electrolyte at the interface. Initial theories developed by Helmholtz
assumed the charge of solvated ions to be confined within a rigid sheet next to the
metal surface, being this charge equal and opposite to that in the metal. This
capacitance is determined by:
C — 50 fr

H

dOHP

Where Cy is the capacitance per unit area (F/m?), & is the free space permitivity
(8.85- 10" F/m) , &r is the relative permitivity of electrolyte and dopp is the Helmholtz
plane distance. It is settled that for physiological saline at 25°C, doyp average value is
5A, and &r value is in [6,7,8] average range, yielding a worst case capacitance of 0.14
pF/umz. Therefore, for an electrode area of 3,1-10™* cm?, we get a Cy value of 4.34 nF.

On the other hand, if a DC potential is applied across the interface, a current may flow
under certain conditions. The flow of such current across the interface implies net
movement of charge in response to the electric field. This net charge transfer is
modelled by Ry, and represents no-faradaic processes in the metal-electrolyte
interface. This resistance depends on the current density (J ) across the interface, the
thermal voltage (V, ) of charge distribution and ionic valence ( z ) of predominant
species. This is determined by:
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Ro=—te 2l (@uem?), T =7, el (Alm?)

Joz J
The value of R, when little stimulation voltages are applied (about mV) is well

modelled by the first term over all the overpotential (1) and frequency range. Taking
Jo= 7,94~10'4 A/cmz, z =1, Vt = KT/q, and an electrode area of 3.1-10* cm2 , we get
a R, of 106,451kQ.

The Spreading Resistance Rs models the effect of the spreading of current from the
localized electrode to a distant Ag/AgCl reference electrode in the solution. Rs is
given by R (£2) = pL/A , where p is the electrolyte resistivity in Q-cm ( 72 for
physiological saline at 25°C), L is the length (cm) and A is the cross surface (cm?) of
the solution through which current passes. Several calculations were made over
several electrode topologies, nevertheless, using the approximation of a circular
electrode calculated by Newmann (9) R (£2) = p( " 7 4(A)"” we get values lower
than 1KQ. To get an empirical approximation of R, we use a potentiostatic method
(Figure 2) consisting in the application of a square voltage waveform to the electrode
in ringer solution. In the initial transients, we can appreciate the interface capacitor
charging as a current spike, afterwards the current comes to nearly zero due to a high
R; value. Several measurements were taken on different electrodes with several
voltage and frequency values. A good average value is 500Q2.

The Warburg impedance Z, shows a frequency dependent behaviour in an inverse
square root proportional factor:
1 5.
=K——5=0,0 * - jo,0
(jw)

61,62 Resistive and capacitive Warburg coefficients

1
2

gl T A T

Fig. 2. Empirical determination of Spreading Resistance (Rs).

The Warburg impedance models the diffusion effects which play an important role
when low frequencies and important amplitudes are chosen for voltage stimulation.
This produces charged ions far from the ionic cloud to arrive to the electrode
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neighbourhood, participating in interface impedance. After a straightforward algebra
we get:

-1
Z, =[R1+ jZECWj =2Ry 45 » Ry=—3—( " (Qem?)

w

Where f is frequency (Hz), D is the diffusion coef. (cm?/s) of the predominant ionic
species and Z is its valence. Therefore, Z, depends on frequency and ion
concentrations. Its characteristic behaviour is a 45° slope ruling over the Nyquist
impedance diagram at low frequencies. For an electrode area of 3.1-10™ cm2 we get a
value about 22.68 _4s- Q (for f < 1 kHz).

The following figures show the Nyquist plots for low and high impedances from the
proposed model, it clearly demonstrates that the circular plot is produced by the
predominant role of Rcr, Rg and Cj at high frequencies, and the linear 45° slope is
produced by the prevalence of Warburg impedance at low frequencies.

Im pedance Nyquist Diagram (f<1KHz) impedance Nyquist Diagram (f>1KHz)
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Fig. 3. Interface Nyquist plot for High and low frequencies.

Regarding the magnitude and phase response in frequency domain, this can be

calculated from the model equation:
w .
0)
1 1 P %: R
Z,=Ry+| —— (R p+Zy,) |=--=| R+ \ 1%
C o] Wp C]) 1+%
P

w, =}

(RC T +ZW )Cdl

For frequency considerations, we can use the superposition principle to separate the
frequency spectrum into high and low frequencies. At high frequencies Z,, = 0, then
the Bode plot of Zt shows a transfer function with one zero - one pole. The Z, (low
frequencies) will be R¢+ (1/ wpC ). At low frequencies, Zr= Rg + Rer + Zyw, and as
Zw = Ky-(jo) ""*, The Bode plot is drawn as a —10dB/dec slope. The total Bode plot
is shown in the next figure (Figure 4).
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Fig. 4. Interface model Bode plot

3. Experimental Methods.

Electrochemical Impedance Spectroscopy (EIS) is a valuable technique widely used
in different research areas. The method involves the application of a small sinusoidal
perturbation in the injected signal at different frequencies. The response to this
perturbation is measured and the magnitude of impedance and phase shift is
determined. The equivalent circuits method was used to analyse the impedance
spectrum. In order to characterize these parameters from a one hundred electrode
array in saline solution, we built-up the following set-up (Figure 5).

The array was dipped into a ringer bath, with an Ag/AgCl reference electrode closing
the circuit. A shunt resistance ( R,,,) of 150 Q was added to give information about
the current trespassing the interface. Sinusoidal current waveforms with varying
frequency and amplitude were injected to study the impedance components,
measuring phase shifts and amplitude changes between voltage and current.

VOLTAGE CONTROLLED
CURRENT SOURCE

E—_ ;_

Fig. 5 EIS experimental set-up.

4. Results.

It is clearly seen from the results obtained that an increase in frequency arises an
impedance (phase and modulus) decrease (Figure 6). This leads to a reduction in the
amount of power delivered for a certain current level as higher frequencies are
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reached. Although an impedance reduction could benefit from a lower charge to
provide by a neuroprosthetic device, high frequencies could negatively affect nervous
tissue. Figure 7 shows the Nyquists plots experimentally obtained at low and high
frequencies combined for two different electrodes. It can be seen the circular structure
for high frequencies and the linear component for the low ones, produced by the ionic
diffusion in Warburg impedance models. Both graphics match the theoretical model
plots shown in Figure 3.

Inpedance vs frecuency Phase vs frequency
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Fig. 6. Impedance modulus and phase vs. frequency.
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Fig. 7. Nyquist plots of electrodes N 1,4.

Actively balanced stimulating current waveforms are generally considered for a safe
stimulation. The most commonly waveform used for stimulation is a Cathodic-First
(CF) bipolar current pulse. This signal allows the re-polarization of the neural media
in the second phase, therefore, it is easy to monitor the evoked spikes, minimizing
stimulus artifacts. Moreover, it is more adequate to stimulate by means of constant
current stimulus because it is more reliable to control the charge injection through any
electrode-tissue interface. Because charge injection becomes independent of tissue
impedances, an increase in safety is achieved. In the following Figure a CF current
pulse is shown with its associated delivered voltage waveform. A predominant
capacitive behavior is observed since voltage linearly decreases with the negative
phase of the current waveform (A-B segment) and a consequent positive voltage slope
appears while the positive current phase (C-D segment). The B-C segment evidences



Validation of a Cortical Electrode Model for Neuroprosthetics Purposes 87

the Warbourg resistance where charge transfers take place, forcing the current source
to increment the delivered voltage in order to compensate the electronic ionic loss.
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Fig. 8. 25 pA Cathodic-First bipolar current pulse (CH3). Voltage delivered waveform (CH2)

Unlike the results presented at Figure 8, for larger amounts of charge (100 pA),
diffusion components become significant, therefore, a more resistive behaviour is
expected. In Fig. 9 it can be seen how the voltage waveform follows the current
waveform, which is telling the observer that there would be a mainly linear
correlation between voltage and current obeying Ohms’s Law. As an ideal stimulation
scenario, the unique process to take place should be the Faradic one, but in this case,
large surfaces would be needed. In fact, no pure Faradic or No-Faradic works appear,
but a combination of them. Nevertheless, it is important to avoid irreversible zones. In
the last case, a net charge transfer will be produced between electrode surface and
electrolite, by means of no-reversible REDOX process, which liberates H, and Cl,,
modifying the pH condition in the interface. This may seriously compromise the
electrode compatibility.
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Fig. 9. 100 pA Cathodic-First bipolar current pulse (CH3). Voltage delivered waveform (CH2)
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5. Conclusions.

In this paper we propose a model for characterizing a 3D intracortical electrode using
Warbourg’s model. It is shown the capacitive behaviour of the electrode denoted by a
decrease in the impedance as frequency increases, according to the electrical model.
The proposed model fits the expected behaviour, as can be denoted in the experimental
Nyquist and Bode plots. Moreover, it is seen that as charge injection increases (100 LA)
a resistive component appears, implying an irreversible Faradaic process which should
be avoided in chronic stimulation since recombination of ionic species would appear in
the surroundings of the electrode-tissue interface. Future work will be addressed to
collect all the information required to characterize the impedance parameters in culture
medium where large polar biomolecules effects will be studied.
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Abstract This work presents an MLP like feed forward network with two
dimensional layers partially connected and other features such as configurable
activation functions and batched backpropagation with different smoothing
momentum alternatives We name this model eXtended Multi Layer Percep
tron (XMLP) because it extends the connectivity of the MLP Here we de
scribe its architecture the various activation functions that it can use its learn
ing algorithm and the possible use of discretization intended for hardware im
plementation We also show a configurable graphic tool developed to train and
simulate any MLP like network (totally or partially connected) Finally we
present some results on speech recognition in order to compare total and par
tial connectivity as well as continuous and discrete operation

1 Introduction

A recent trend in neural network design for large scale problems is to split a task
into simpler subtasks ecach one handled by a separate module The modules are then
combined to obtain the final solution A number of these modular neural networks
(MNNSs) have been proposed and successfully incorporated in different intelligent
information processing systems [1] Some of the advantages of the MNNs include
reduction in the number of parameters (ie weights) speedup in training better
generalization suitability for parallel implementation etc

We have formulated and implemented a simple modular architecture useful for a
wide range of applications: the eXtended Multi Layer Perceptron (XMLP) It is a
general model of feed forward network that can include a second dimension in each
layer which can be considered as a real spatial dimension for image processing
applications or as the temporal dimension for time related problems Talking about
two dimensions has sense only if partial connectivity is assumed So our model has
the possibility of defining neighborhood restricted connections what can be seen as a
sort of modularity With this architecture it is possible to set up networks like the
Scaly Multi Layer Perceptron (SMLP) [2] or the Time Delay Neural Network
(TDNN) [3] We used preliminary versions of XMLP for recognition of spoken vow
els [4] and for lung disease diagnostics starting from chest radiographs [5] and re
cently we have employed it to train speech recognizers implemented in FPGAs us
ing discretization to facilitate this implementation

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 89-96, 2003.
(© Springer-Verlag Berlin Heidelberg 2003
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2 XMLP Architecture

The XMLP is a fecd-forward neural network with an input laver (without neurons), a
number of hidden layers selectable from 0 to 2, and an output layer. Besides the
usual MLP connectivity. any laver can be two dimensional and partially connected
with adjacent layers, As depicled in Fig, |, connections come oul from cach laver in
overlapped rectangular groups. The size of a laver and its partial connectivity are
defined by six parameters in the following form: x(g,. s,) X y(g,. 5,), where x and y
are the sizes of the axes. and g and s specify the size of a group of neurons and a step
between two consecutive groups. both in abscissas (g.. s,) and ordinates (g,, s,). A
neuron i in the X axis at layer / (the upper one in Fig. 1) is fed from all the neurons
belonging to /-th group in the X axis at layer /-1 (the lower one), The same applies
simultaneously for Y axis. When g and s are not specified for a particular dimension,
lotal connectivity is assumed for that dimension (g, =xand s, =0, or g, = y and 5, =
0). Thus, MLP is a particular case of XMLP where g. = x, 5, = 0. g, =y and 5,=0
for all layers.

3 XMLP Tool

An interactive tool (Fig. 2) has been developed both for SUN workstations and for
PCs (running Linux), early using AXON neurosoftware from HNC and later C lan-
guage. This tool allows the modification of mumerous parameters in order to adapt to
different problems. Users can configure the XMLP topology, select different opera-
tion modes (learning, test, production. etc.). activation functions and learning pa-
ramelers, and obtain graphic results about leaming, recognition rates, weights, elc.

4 Activation Functions

It is possible to choose between sigmoid, hyvperbolic tangent. arc tangent and ramp
activation functions, In order to achieve generality, the four functions have been

Fig. 1. Structure of an example XMLP layer, defined by the expression 5(3. 2) x 3(2, 1),
showing its connections to the next forward layer (on top)



A Feed-Forward Neural Network with Two-Dimensional Layers 91

defined as depending of three parameters ' (slope at x  0) fi., (maximum value of
the function) and f,;, (minimum value) The generic expressions for these functions
and their derivatives needed in the backpropagation algorithm are given in
Table 1 An example for three particular values of the parameters is plotted in Fig 3

Fig 2 The XMLP tool running on a PC with Linux

Table 1 Activation functions and their derivatives

sigmoid () = NS ¢ (o 1/4 fhx 1landf,, O define the
()= Mo lmin  gtandard sigmoid function)
1 +e fmax_fmin
. 1 . . .
By defining g(x) = T we can obtain a simple expression of
_ 0
1+ e fmax _fmin
f (x) as a function of g(x): f{x) = 4f/g(x)(1-g(x))
tanh f(x) = fmax;fmm tanh- 2 f(% _x+ fmax;rfmm (t.his fupctign cqin
mas " min cides with sigmoid)
%) =1 (1 —tanh? %x}
fmax _fmin f5 fmax +fmin
arctan g = oo —in. arctan(frmz_l‘lmin x)+
, f5
flooy=——2—+—
1+ ( a x)z
fmax_fmin
ram : finwe " min
p fmin if x< BT

0
— 4 T Himin o Tmax—fmin e —Tmin
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f,(x) _ f(; lf _ fmax_fmin <x< fmax_fmin
0  otherwise
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Fig 3 Activation functions and their derivatives for o 1/2 fuax 1 fin 1

S Learning

The XMLP uses backpropagation with certain improvements like batching and three
alternative types of smoothing momentum The weights are updated by:

random ifr=0 1
wh = wi if (¢t —1)modN < N -1

wil+ Awl if ((—modN = N -1

Awy! if ¢ —)modN < N —1

Smoothing a: (1-BaAvy /N + fAw]"

AW; = . ) ( / l—l) . B
Smoothing b: al\(1-B)Av; /N + BAw; if (¢( —)modN =N -1
. t t-1
Momentum: oAvy I N + BAw;;
o . |0z if (( —)modN =0
AWI-- =0 AVI” = -1 .
y 7|0z +Avy if (f—=D)modN >0

where w;; is the weight of the connection from a neuron ; in layer / 1 to a neuron i in
layer / z; is the output of that neuron i ¢ is the back propagated error term orand S
are respectively the gain and smoothing momentum terms ¢ 1 2 3 represents
each time step or iteration and N is the size of batching (number of consecutive
iterations in which the weights hold unchanged)

To increase learning performance the XMLP tool allows choosing between three
possible types of change in the inputs:
Option N mod: Input vectors are normalized to a user specified module
Option r v Inputs change in order to have mean 0 and a new small range » around
0 This improves learning because the weighted sums will lie into a region where the
derivative of the activation function is relatively high with a consequent greater
correction of weights
Option I2F: Inputs are adjusted to have the same range as the activation function
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[fuin fmex] This conversion is useful when the XMLP is going to be used in discrete
operation

6 Discretization

The XMLP tool incorporates the possibility of working with discrete values This is
helpful to evaluate hardware implementations However learning is accomplished in
any case with continuous values

Users must delimitate three different ranges of variables corresponding to XMLP
inputs / activation function output (both with the same number of bits) weights and
activation function input Each of these ranges is specified by the number of bits ()
of the discrete variable and the values minimum (x,,) and maximum (x,,) of the cor
responding continuous variable The expressions for the conversion between con
tinuous (¢) and discrete (d) values are:

_ | _ g ol Jourl) )
d= round(c v P P j c=d o

It is possible to compute the range of the activation function input by knowing the
maximum possible weighted sum in a neuron Let us assume the following example
taken from a real phoneme recognition experiment: maximum absolute continuous
value of the XMLP inputs and activation function output: 1 0 bits for discretization:
8; maximum absolute continuous value of the weights: 5 0 bits for discretization: 8;
maximum number of inputs to a neuron: 176 The maximum absolute value of the
discrete weighted sum will be 127 127 176 2838704 Hence the minimum number
of bits necessary to represent all the values is 23 Usually it is not necessary to use all
the bits of the weighted sum for the index of the lookup table that stores the discrete
activation function but only the most significant In this example the 14 most sig
nificant bits of the discrete weighted sum were sufficient to obtain reasonable accu
racy With 14 bits for the activation function input and 8 bits for its output the
lookup table should have 16383 entries each one storing a value between 127 and
127 Fig 4 illustrates the computation of some entries around 0 for this example
The upper plot in Fig 5 shows a wider range Note that because of the sigmoid
shape of activation functions the most part of the lookup table is repetitive and
could be much reduced In a hardware implementation this fact motivates the use of
a PLA instead of a ROM  or a ROM that only stores the small variable portion

7 Measures of Error and Goodness

The XMLP tool computes up to six different measures (Table 2) The first three are
suitable to any type of desired output The last three have sense only when the XMLP
is used for classification; in that case all the desired outputs d; will be f,;, except the
corresponding to the desired class (class ¢) which will be f,..
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Fig. 5. Discretization of 1/(1+e™) (upper plot) and 2/(1+e™ )1 (lower plot). I'he upper
discrete function takes values different from =127 and 127 only in ().94% of the entries

8 Results in Speech Recognition

Finally, we present results that compare totally and partially connected topologies
(Table 3). The examples consist in the classification of the phonemes present in the
spoken Spanish digits. and the recognition of the digits itself as isolated words.

Table 4 shows other results on discretization in the case of phoneme recognition,
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Table 2 Measures of error and goodness for M iterations (Ny, is the number of outputs d; is
the desired output y; is the actual output and c is the desired class in classification)

Mean Abs / | M N o | LN .
Squared MAE = MN Z Z d; =y MSE = MN Z Z(di -V )
Error L 2 i=0 L3 =
Mean M N _ _
1 1 1f‘d. —y!|<tolerance Vi 0<i<N
Tolerance MTM = _Zvl v, = { i .yz I
Match M4 0 otherwise
Mean M N1
Absolut VISR o 7SNVI U S < /Y
solute o e Vet l ;
Error 2 t=1 L~ e
Mean M et t o\ . .
1 1 if Vi 0<i<N
Correct MCC:_ZCZ ¢, :{ iy, >.y1 ) ) L ANL#EC
Classification M3 0 otherwise
Mean Rank M l l l
gcorm‘f MRC =17, ;rz Yz ozyl oz zyoAQ=c
ass =

Table 3 Comparison between fully connected MLP and partially connected XMLP (1 h
o stand for number of inputs hidden neurons and output neurons respectively)

Problem Preprocessing ~ MLP XMLP
Phoneme 10 cepstrum 1:15x11 h:32 o:16  1:15(3 2)x11 h:7x5 o:16
Recognition  energy 5792 weights 1715 weights
(16 66 85% correct 67 29% correct
phonemes) (see Fig 6) 33 15% error 32 71% error
16 FFT i:15x16 h: 35 0:16 i:15(3 2)x16 h:7x5 0:16
8960 weights 2240 weights
67 46% correct 65 36% correct
32 54% error 34 64% error
Isolated 10 cepstrum 1:10x22 h:24 0:10  1:10(4 2)x22 h:4x6 0:10
Word 10 Acepstrum 5520 weights 2352 weights
Recognition  energy 96 00% correct 96 83% correct
(Spanish Aenergy 4 00% error 3 17% error
digits) 16 FFT i:10x16 h:24 0:10  i:10(4 2)x16 h:4x6 0:10
4080 weights 1776 weights
95 67% correct 94 42% correct
4 33% error 5 58% error

9 Conclusions

We have presented a feed forward neural network model and the corresponding
simulation tool ~ with two dimensional layers partially connected configurable for a
wide range of applications Results in speech recognition show how partially con
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‘Table 4. Comparison between continuons and discrete ML

Problem Continuous MLP  Discrete MLP

Phoneme inputs: 11x16, hidden: 32. outputs: 16, 6144 weights

Classification, 69.33% correct 69.00% correct. 31.00% error

preprocessing  30.67% error mputs & function output: 8 bits

16 FFT weights: 8 bits. function input: 14 bits
Phonemes prassnt in Spanish digits Phenemos presont in Spanich digitc

L apkZCduew inorsluw

.aphkZICdoinerstuw

£ Output layer

: Jlejt fu:
nput 15 vecters of 11 emponcats Input 15 vectors of 11 compenenits
(10 cepstrunm + enargy) {10 éapatrum + enengy)

Fig. 6. MLP (lett) and partially connected XMLF (right) for phoneme recognition

nected modular architectures can perform as well as fully connected ones, with a
dramatic reduction in the number of weights and also in the learning time. Discrete
feed-forward operation also gives comparable results to continuous one. These facts
are very valuable for high-speed. low-cost hardware implementations. for example in
FPGAs.
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Abstract In this paper, a mixed signal current mode chip is imple
mented using commercial 0 35 pym technology It performs the prepro
cessing task done by the first neurons layers in ART based neural net
works Post layout simulations show an acceptable linearity error for such
neural systems The input signal swings from 20 to 50 pA The circuit
operates at a supply voltage of 3 3 V with 200 kHz bandwidth

1 Introduction

Since Grossberg and Carpenter introduced ART (Adaptive Resonance Theory
[1]) neural network model, an on line unsupervised learning neural architecture,
several kinds of neural networks based on this model have been proposed The
first one was ART1 [2], a neural network able to categorise binary patterns
Then ARTMAP [3], Fuzzy ART [4], Fuzzy ARTMAP [5], ART2 [6] and some
other similar neural networks have been described and applied in a wide range
of applications

Commomly, a software approach has been followed in most of the applica
tions where neural networks have been applied This approach always need a
microprocessor system capable enough to compute the neural operations, ac
cording to the complexity of the system (measured in number of neurons) and
the system response speed So, one of the most interesting properties of a neural
network is lost: its massive parallelism As a result of this, the performance of the
implementation is decreased Increasing the performance and decreasing the cost
are the main reasons why neural networks are been implemented in hardware
Several proposals have been made for ART based neural networks as ART1 [7]
and Fuzzy ART [8], for instance

The aim of this paper is to go on with the hardware implementation approach,
using current mode operators which can be used in the hardware description

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 97-104, 2003.
(© Springer-Verlag Berlin Heidelberg 2003
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and design of processing layers in analogue ART based neural architectures as
MART [9] One of the reasons whay we have chosen MART neural network is
that it is easy to synthesize using current mode analogue CMOS structures,
besides its human like knowledge representation

This paper is structured as follows: section 2 briefly describes the basic pro
cessing layers that can be found in multichannel ART based neural networks as
MART Then, a brief explanation of the current mode circuits developed as ba
sic operators is given in section 3 This is followed by the description at schematic
and layout levels of the first preprocessing layer in the main processing signal
block of MART neural network Simulation results are shown in section 5, while
the conclusion drawn are discussed in section 6
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v NV
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Figure 1. Block diagram of MART neural network

2 MART processing layers

A simplified description of MART neural network architecture is needed in or
der to identify the processing modules to be designed using current mode tech

niques The structure of this neural network is shown is Figure 1 There are four
main processing blocks in this neural network: the orientative system, the cate
gory manager, the winner take all layer (WTA or F4) and several monochannel
blocks Our design is focused on an inner layer of the monnochannel block that
performs the input data normalization This is a common operation in ART

based neural networks Usually this normalization process is done using L2 norm
(eq 1) or scaling in range [0,1] (equations 2 to 4)

Vi (1)




An Analogue Current-Mode Hardware Design Proposal for Preprocessing Layers 99

m = '_I?in IEi Vi (2)

M = max E; Vi (3)
i=1, I
Ez' m

Ni=—— i 4
TR (4)

The second set of equations (2 to 4) has been chosen to implement the nor
malizing function performed by the first preprocessing layer in the monochannel
block of MART network

3 Design of basic processing modules

In order to develop the IC which performs the operations given by equations
2, 3 and 4, several subcircuits must be developed These basic subcircuits, or
building blocks, are the following;:

LTA (Losser Take All) to compute the minimun input value (eq 2)
WTA (Winner Take All) to find the maximum input value (eq 3)
Substraction needed in equation 4

Divider to perform the normalization (eq 4)

These circuits have been developed in a current mode approach for better
performance and easier implementation Current mode operators needed for the
synthesis are smaller than their voltage mode counterparts, as well

Our design has been divided in several operating parts (or building blocks)
All of them operate in strong inversion Cascoded current mirrors are employed
to ensure precise current operation Quadratic translinear based [10] circuits are
used to perform more complex operations such as the divition The remaining
mathematical operators needed are easy to implement thanks to the current
mode approach used in our design Addition and substraction can be solved just
applying Kirchoff’s current law to the circuit nodes

3.1 Divider

To develop the current divider circuit, some other operators must be developed
before the divider design: a square rooter and a squarer/divider Both circuits
can be designed applying the quadratic translinear (QTL) principle to a loop
of four nmos transistors Using the proper conection between those operators,
a divider is easily obtained Figure 2 shows the simplified schematic design for
a current multiplier divider Loop composed by transistors M; M, performs
the square root function while loop composed by transistors M5 Mg performs
the squarer divider function
w

The aspect ratio for all the transistors in the first loop (M1 My) is -+ =
30
2

Applying QTL principle to this loop:
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Figure 2. Multiplier divider schematic design

VL +VL =L+ (5)

Cascoded current mirrors are placed to ensure proper drain currents ratio
(equations 6 to 8) for the loop transistors Aspect ratio of transistors taking part

of N type cascoded current mirrors is % = 110 KM - while for P type cascoded
um
current mirrors is % = 310 :7;”
L =1, (6)
L=1 (7)
I, I, I,
Li=0IL4=—+—+— 8
s=la=+ + 1 + 5 (8)

Finally, the output current I, is given by equation 9

I = \/Ia—Ib (9)

For the second transistor loop (M5 Mg), the aspect ratio is W5 = WG and
W7 = 4W5 Values used are Ls=Lg=L7=Lg=2um and W5 Wﬁflo,um
W7 ng40,um "Once again, if the QTL design equation (eq 10) is applied and
using the same kind of cascoded current mirrors to ensure proper drain currents
ratio (equations 11 to 13), the output current is given by equation 14

Vi VT =T f2

(10)

I, =1, (11)

Iy =1, (12)

I;=Ig=1,+1.+1, (13)
1'2

I, =2 14

4 IC ( )

According to the circuit structure shown in Figure 2 and to equations 9 and
14, the output current is ruled by equation 15 The divition can be obtained
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using this circuit with one of the input currents (I, or I;) set to a constant
value

I, = (15)

3.2 WTA and LTA circuits

The WTA function using current comparators and current mirrors In our design
we have taken the proposal from Serrano et al [11] With some modifications,
this WTA circuit can perform the loser take all function (LTA) When every
input current E; is substracted (eq 16) to a copy of the maximum input current
M, and the maximum 77 of the resulting currents E; is evaluated (eq 18), the
minimum m current is obtaining by substracting again (eq 19) the maximum
current obtained in this second stage 7 to the maximum current in the first
stage M Both circuits, WTA and LTA, can be seen as mixed signal ones as

inverters and switches are in their structure

M = ._IIllaXIEi Vi (16)

Ei=M E; (17)

m= max E; Vi (18)
=1, ,I

m=M m Vi (19)

According to this algorithm, two WTAs are needed to perform the LTA op
eration and substractors are necessary, as well However, as in the IC both,
the WTA and the LTA operators, are needed, a modified complementary LTA
module has been developed in order to save space and to use less number of
transistors Layout size can ve reduced that way The behaviour of this comple
mentary LTA module is based on equation 19 Reordering that equation it can
be shown that:

m=M m (20)

so the output of the complementary LTA is the difference between the max
imum and the minimum current in the set of five currents entering the circuit
This difference is the divider value in eq 4 This is another reason that justi
fies the design of the complementary LTA as it directly offers the divider value
needed in the neural layer which is the object of this design

The complementary LTA circuit is shown in Figure 3

4 Proposed design

The neural network layer development involves using all the basic modules de
scribed in the previous sections Furthermore, current mirrors are needed in order
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Figure 3. Schematic of the complementary LTA circuit

to send the proper currents to each one of the modules. The final design of the
IC is shown in Figure 4. For testing purposes our design has been limited to five
input signals Ey ... E5 and five ouput signals Ny ... Nj
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Figure 4. Schematic of the neural network layer designed

A prototype called CNNA  T1 has been ceveloped for testing purposes using
AMS 0.35pm commercial technology. The power suply and current swing are
summarized in table 1. Layout size is 1.3 mm x 1.3 mm. Power dissipation is
lower than 20 mW. Circuit bandwidth is 200 kHz.

Analogue Digital

Vdd 3.3V 3.3V
E; 20-50pA -
N 0-10pA -

Table 1. Electrical specifications of CNNA_T1

5 Results

To test the performance of the design, several simulations have been performed.
The simulation conditions are the following: triangular waveform input signal
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(#) Design layont {(b) Chip microphotograph

Figure 5. Layour, of the F1 layer in the MART nenral

with periods from B s to 23 pa applicd to Ey ... E;, respeetively; 35pA bias
enrrent applied to ., and NMOS transistors in diode configuration, with aspect

ratio of —‘} = —‘T‘l as output loads. The post-layout simulated output compared

to the theoretical one has a deviation lower than 10%, which is aceeptable for
neural networks where the learning process can solve those deviations.
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Figure 6. Response comparison for the CNNA  T1 chip

6 Conclusions

This paper describes the design of CNXNA - T1 chip, a neural network propro-
cessing layer which involves analogne operations such as enrrent—mode divition,
substraction, WTA-MAX and WTA-MIN. This layer can be found in ART-
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based neural networks such as MART, a multichannel neural network architec
ture Once the basic operators have been explained, schematic and layout level
descriptions have been shown, as well as a comparison between the response of
the chip and its theoretical one

The chip is able to deal with input current mode signals up to 200 MHz,
with an input swing from 20 to 50 A and an output swing from 0 to 10 pA

Further developments are focused on the design of the whole MART neural
network Improving the basic analogue operators for better accuracy and a wider
input and output current swing is our object as well
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Abstract. Modern data analysis often faces high-dimensional data.
Nevertheless, most neural network data analysis tools are not adapted to high-
dimensional spaces, because of the use of conventional concepts (as the
Euclidean distance) that scale poorly with dimension. This paper shows some
limitations of such concepts and suggests some research directions as the use of
alternative distance definitions and of non-linear dimension reduction.

1. Introduction

In the last few years, data analysis has become a specific discipline, sometimes far
from its mathematical and statistical origin, where understanding of the problems and
limitations coming from the data themselves is often more valuable than developing
complex algorithms and methods. The specificity of modern data mining is that huge
amounts of data are considered. There are new fields where data mining becomes
crucial (medical research, financial analysis, etc.); furthermore, collecting huge
amount of data often becomes easier and cheaper.

A main concern in that direction is the dimensionality of data. Think of each
measurement of data as one observation, each observation being composed of a set of
variables. It is very different to analyze 10000 observations of 3 variables each, than
analyzing 100 observations of 50 variables each! One way to get some feeling of this
difficulty is to imagine each observation as a point in a space whose dimension is the
number of variables. 10000 observations in a 3-dimensional space most probably
form a structured shape, one or several clouds, from which it is possible to extract
some relevant information, like principal directions, variances of clouds, etc. On the
contrary, at first sight 100 observations in a 50-dimensional space do not represent
anything specific, because the number of observations is too low.

Nevertheless, many modern data have this unpleasant characteristic of being high-
dimensional. And despite the above difficulties, there are ways to analyze the data,

* MV is a Senior research associate at the Belgian FNRS. GS is funded by the Belgian FRIA.
The work of DF and VW is supported by the Interuniversity Attraction Pole (IAP), initiated
by the Belgian Federal State, Ministry of Sciences, Technologies and Culture. The scientific
responsibility rests with the authors.

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 105-112, 2003.
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and extract information from observations. If the current data analysis methodologies
are not adapted to high-dimensional, sparse data, then it is our duty to develop
adapted methods, even if some well-admitted concepts must be questioned. In
particular, artificial neural network methods, now widely and successfully used in
data analysis, should be faced to high-dimensional data and modified if necessary.

This paper makes no pretence of presenting generic solutions to this problem; the
current state-of-the-art is far from that. However, we will illustrate some surprising
facts (Section 2) about high-dimensional data in general, and about the use of neural
networks in this context (Section 3). In particular, we will show that the use of
standard notions as the Euclidean distance, the nearest neighbor, and more generally
similarity search, is not adapted to high-dimensional spaces. There is thus a need for
alternative solutions; this paper only gives paths to future developments (Section 4),
to a new research activity that could influence considerably the field of neural
networks for data mining in the next few years.

2. Some weird facts about high-dimensional space

High dimensional spaces do in fact escape from our mental representations. What we
take for granted in dimension one, two or three, because we can figure it out quite
easily, might not actually hold in higher dimensions. Let’s highlight some weird facts.

2.1. The empty space phenomenon

Scott and Thompson [1] first noticed some counter-intuitive facts related to high
dimensional Euclidean spaces, and described what they called the “empty space
phenomenon”.

Fact 1. The volume of a hyper-sphere of unit radius goes to zero as dimension
growths. The volume of a sphere of radius r in d dimensions is given by:

v(d)

Figure la shows the volume for r=1; we see that the volume rapidly decreases
with d. So, in higher dimension, a unit sphere is nearly empty.

Fact 2. The ratio between of the volumes of a sphere and a cube of same radius
tend towards zero with increasing dimension as illustrated in Figure 1b. In one
dimension these volumes are equal, and in two dimensions the ratio is approximately
0.8, but in higher dimension we can say that the volume of a hyper-cube concentrate
in its corners.

Fact 3. The ratio of volume of a sphere of radius 1 and 1-¢ tend towards zero
given the obvious fact that its value is equal to (1-¢) to the power d. With d as small
as 20, and e = 0.1, only 10% of the original radius contains 90% of the volume of the
outer sphere, and so the volume of it concentrates in an outer shell. The same holds
for hyper-cubes and hyper-ellipsoids as well.

ﬂ_d/2

d
rd/2+1) @
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Fig. 1. Left (a): volume of the unit sphere; Right (b): ratio between the volumes of the unit
sphere and the unit cube, with respect to the dimension of the space.

These observations imply that high-dimensional spaces are mostly empty. They
indeed show that local neighborhoods of points are mostly empty, and that even in the
case of uniform distributions, data is concentrated at the borders of the volume of
interest.

2.2. The concentration of measure phenomenon

We will now have a deeper look at the behavior of the widely used Euclidean distance
(i.e. the L,-norm of the difference) when applied to high dimensional vectors.

Fact 1. The standard deviation of the norm of random vectors converges to a
constant as dimension increases though the expectation of their norm growths as the
square root of the dimension. More precisely, it has been proven in [2] that under i.i.d.
assumption on x;,

My = E(”x"): Nan—b +0O(1/n) )

0?}s| = Var(js])= b+ 0f/n) 3

where a and b are constants depending only on the four first momentums of x;.

Note that the same law applies to the Euclidean distance between any two points,
since it happens to be a random vector too.

Fact 2. The difference between the distances of a randomly-chosen point to its
furthest and nearest neighbor decreases as dimensionality increases. This can be
illustrated by the asymptotic behavior of the relative contrast [3] :

. ||x||k Dmax* — Dmin*
If lim V =0 h 0
ae U E N @

where D,,;, and D,,,, are the distance to respectively the nearest and furthest neighbors
of a particular point. Note that the hypothesis of the theorem is induced by equation
(3). A more general proof of the theorem can be found in [4].
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The conclusion we can draw from these observations is that, in high dimensional
spaces, all points tend to be equally distant from each others, with respect to the
Euclidean distance. As dimension increase, the observed distance between any two
points tends towards a constant. This can be illustrated when computing the
histograms of distances between random points of increasing dimensionality. It
appears that (1) the mean of the histogram growths and (2) its variance shrinks.

2.3. The curse of dimensionality

Finally let us have a look at a not-so-weird-but-often-ignored fact, which Richard
Bellman named “The Curse of Dimensionality” [5]. It refers to the huge amount of
points that are necessary in high dimensions to cover an input space, for example a
regular grid spanning a certain portion of the space. When filling an hypercube in 5
dimensions ( [0 1]°) with a 0.1-spaced grid, one needs no less than 100.000 points.

3. Consequences for neural network learning

The considerations developed in the previous section have important consequences on
ANN (Artificial Neural Networks) learning. The following subsections give
examples of such consequences in specific contexts.

3.1. Supervised learning

When modeling some process producing an output on basis of observed values for
particular inputs, one has to fit a chosen model to a dataset. The more extensive the
dataset, the more accurate is the model. Ideally, the dataset should span the whole
input space of interest, in order to ensure that any predicted value (i.e. output of the
model) is the result of an interpolation process and that no hazardous extrapolation
occurs.

But one has to face the curse of dimensionality. Silverman [6] addressed the
problem of finding the necessary number of training points (samples) to approximate
a Gaussian distribution with fixed Gaussian kernels. His results show that the required
number of samples grows exponentially with the dimension. Fukunaga [7] obtained
similar results for the k-NN classifier showing that whereas 44 observations are
sufficient in 4 dimensions, not less than 3.8¢° are necessary when dimension is 128.

3.2. Local models

Local artificial neural networks are often argued to be more sensitive to
dimensionality than global ones. By local models, we mean approximators (or
classifiers, or density estimators) made of a combination of local functions (for
example Gaussian kernels). Indeed Gaussian functions also have an unexpected
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behavior when extended to high-dimensional spaces. Examples of such
approximators are RBFN (Radial-Basis Function Networks) and kernel methods.

When a normal distribution with standard deviation ¢ is assumed, the probability
density function to find a point at distance r from the center of the distribution is
given by [8] :

2 2
rd_l e 120

- 5
f(r) pd/2-1 F(d/Z) )

s

which is maximum for r/c = (n-1)*>. In one dimension, it is maximum at the center
of the distribution, as expected, but when dimension growths, it diverges from the
center (see Figure 2), which become nearly empty, whereas the Gaussian distribution
is maximal ! This shows that Gaussian kernels are not local any more in higher
dimensions, and that models that have been seen as sums of local kernels do not
behave as such in high dimensions.
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Fig. 2. Probability density of a point from a Fig. 3. Example of distance histogram in a
normal distribution to be at distance r of the several-clusters distributions.
center, for several space dimensions.

This limitation to the use of local models, in particular with Gaussian kernels,
seems severe. However, it should be emphasized on the fact that global models, as
for example MLP (Multi-Layer Perceptrons), probably equally suffer. Indeed, in
many cases, sums of sigmoids as in MLP result in functions taking significant values
in a limited region of the spaces. While mathematically different, models as MLP and
RBF thus often behave similarly in practice. This enforces the conviction that local
and global models equally suffer from the curse of dimensionality (and related
effects), while this is probably harder to prove for global models.

3.3. Similarity search and Euclidean distances
Most neural network models, as well as clustering techniques, rely on the

computation of distances between vectors. For RBFN, it is the distance between a
data and each kernel center. For MLP, it is the scalar product between a data and
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each weight of the input layer. Both these distance measures may be related to the
similarity search in clustering techniques, also used in vector quantization, LVQ,
Kohonen maps, etc. Similarity search consists in finding in a dataset the closest
element to a given point. In the context of clustering for example, efficient clustering
is achieved when data in a cluster are similar (i.e. close with respect to the distance
function) and data in different clusters are far away from each other. So, when data
contain clusters, distance histograms should ideally show two peaks (as in Figure 3) :
one for intra-cluster distances, and the other for extra-cluster distances. But if the
distance histogram only contains one peak, or if the two peaks are close, distance-
based clustering will be difficult. Unfortunately, the fact is that in high dimensions,
any distance histogram tends towards a more and more concentrated peak, making the
clustering task uneasy [9]. This is a direct consequence of the concentration of
measure phenomenon.

4. Towards solutions

Effects of the curse of dimensionality and related limitations on neural network
learning seem unavoidable in high-dimensional spaces. There are however at least
two paths to explore to remedy to this situation.

4.1. Alternative distance measures

The use of the Euclidean distance between data is conventional and is rarely
discussed. However, it is not obvious that another definition of distance could not be
more appropriate in some circumstances, and in particular in high-dimensional
spaces. In practice, any distance measure between vectors x and y (with components
x; and y;) of the following form could be considered:

(6)

In practice, (4) is applicable for any positive value of r; the asymptotical behavior
of any distance definition as (6) is the same (i.e. all distances are subject to the
concentration phenomenon). But the convergence rate of (4) differs for different
values of r.

The intuition tells that using high values of r can mitigate the effects of loss of
locality for Gaussian-like kernels. Nevertheless it has been shown [3] that lower
values of r can keep the relative contrast (4) high (for a particular
dimension). Unfortunately there isno known reason (other than numerical
computation-related arguments) to find a lower bound for optimal r. And there is no
sense in taking r = 0...Therefore it remains to find the proper to set a lower bound for
r, so that an optimal and most probably dimension-dependant compromise can be
found.



On the Effects of Dimensionality on Data Analysis with Neural Networks 111

4.2. Non-linear projection as preprocessing

Another way to limit the effects of high dimensionality is to reduce the dimension of
the working space. Data in real problems often lie on or near submanifolds of the
input space, because of the redundancy between variables. While redundancy is often
a consequence of the lack of information about which type of input variable should be
used, it is also helpful in the case where a large amount of noise is unavoidable on the
data, coming for example from measures on physical phenomena. To be convinced of
this positive remark, let us just imagine that the same physical quantity is measured
by 100 sensors, each of them adding independent Gaussian noise to the measurement;
averaging the 100 measures will strongly decrease the influence of noise on the
measure! The same concept applies if n sensors measure m quantities (n > m).

Projection of the data on submanifolds may thus help. A way to project data is to
use the standard PCA (Principal Component Analysis). However PCA is linear; in
most cases, submanifolds are not linear (think for example to a horseshoe distribution,
as in [10]) and PCA is not efficient.

Alternative nonlinear methods exist to project data in a nonlinear way. Examples
are Kohonen self-organizing maps (usually to project data onto one- or two-
dimensional spaces), and methods based on distance preservation. The latter include
Multi-dimensional scaling [11-12], Sammon’s mapping [13], Curvilinear Component
Analysis [14] and extensions [15]. All these methods are based on the same principle:
if we have n data points in a d-dimensional space, they try to place n points in the m-
dimensional projection space, keeping the mutual distances between any pair of
points unchanged between the input space and the corresponding pair in the
projection space. Of course, having this condition strictly fulfilled is impossible in
the generic case (there are n(n — 1) conditions to satisfy with nm degrees of freedom);
the methods then weight the conditions so that those on shorter distances must be
satisfied more strictly than those on large distances. Weighting aims at conserving a
local topology (locally, sets of input points will resemble sets of output points).

An example of successful application of the above approach in the context of
financial prediction can be found in [16].

5. Conclusion

Theoretical considerations show that using classical concepts in data analysis with
neural networks to process high-dimensional data may be not appropriate. The reason
is that some of the underlying hypotheses, though obvious in lower dimension, are not
verified any more in higher dimensions. Indeed, in practice, one observes severe
performance loss with data processing algorithms when data are high dimensional.
There is thus a need to adapt our models to high dimensionality. A way one can think
of is to consider new similarity measures between data, other than the ancestral
Euclidean distance. Another way is to reduce the dimension through projection on
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(non-linear) submanifolds. In both cases, deep investigation is required in order to
successfully adapt data processing tools to high dimensional data.
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Abstract. In this paper we describe the hardware implementation of a spiking
neuron model, which uses a spike time dependent synaptic (STDS) plasticity
rule that allows synaptic changes by discrete time steps. For this purpose it is
used an integrate-and-fire neuron with recurrent local connections. The connec-
tivity of this model has been set to 24-neighbout, so there is a high degree of
parallelism. After obtaining good results with the hardware implementation of
the model, we proceed to simplify this hardware description, trying to keep the
sams behaviour, Some experiments using dynamic grading patterns have been
used in order to test the leaming capabilities of the model.

1 Introduction

Artificial neurons have been modelled in the last years trying to characterise the most
important features of real neurons and to achieve firther aspects of computation like
parallelism and learning, Tn this way, biologically-inspired neuron models, so-called
neuromimes, have become an important path to follow up, due to their big potential in
developing timing features of neural computation [1].

A commonly used model for neuromimetic studics is the Integrate-And-Fire model,
which incorporates the integration of the input signals, until it overcomes a certain
threshold and then the neuron fires [2][3]. In this model, we use a Spike Time De-
pendent Plasticity (STDP) rule, which allows to change the weight of the synapses
depending on the time between spikes [4][3].

In the next chapter, we shall present in detail the Integrate-And-Fire model we use
in our work considering both timing features and its novel learning rule. In chapter 3,
its basic hardware implementation is developed, but due to its high complexity, in
section 4 its optimisation is analysed. Finally, chapter 5 summarizes the conclusion
and our future work.

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 113-120, 2003.
(©) Springer-Verlag Berlin Heidelberg 2003
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2 Neuron Model

This model consists basically in an Integrate-And-Fire scheme, in which synapses can
change their weights depending on the time difference between spikes. This model has
been developed within the framework of the POEtic project [6]. The outputs of the
synapses are added until their result Vi(t) overcomes a certain threshold 6. Then a
spike is produced, and the membrane value is reset.

The simplified equation of the membrane value is:

Vi(t+1) = { 0 when Si(t)=1 (1)

kmem*V-l(t) +3J ij(t) when Si(t)='0

Where knon=eXp(-At/Tner) , Vi(t) is the value of the membrane, Jj is the output of each
synapse and Sy(t) is the variable which represents when there is a spike.

2.1 Synapse Model

The goal of the synapse is to convert the spikes received from another neurons in
proper inputs for the soma. When there is a spike in the pre-synaptic neuron, the ac-
tual value of the output J; is added to the weight of the synapse multiplied by its acti-
vation variable. But if there is no pre-synaptic spike then the output J; is decremented
by the factor kg, The output J of the synapse i-j is ruled by:

Bty = Ji(t) + (Wrir; * Arirj(®)  when S;(t)=1 2)

ke T5(t) when S;(t)=0

where j is the projecting neuron and 1 is the actual neuron. R is the type of the neu-
ron : excitatory or inhibitory, A is the activation variable which controls the strength
of the synapse, and kg, is the kinetic reduction factor of the synapse.If the actual nev-
ron is inhibitory, this synaptic kinetic factor will reset the output of the synapse after a
time step, but if the actual neuron is excitatory, it will depend on the projecting neu-
ron. If the projecting neuron is excitatory the synaptic time constant will be higher
than if it is inhibitory. The weight of each synapse also depends on the type of neuron
it connects. If the synapse connects two inhibitory neurons, the weight will always be
null, so an inhibitory cell can not influence another inhibitory cell. If a synapse is
connecting two excitatory neurons, it is assigned a small weight value, This value is
higher for synapses connecting an excitatory neuron to an inhibitory one, and it takes
its maximum value when an inhibitory synapse is connected to an excitatory cell.

2.2 Learning Model

In order to strengthen or weaken the excitatory-excitatory synapses, the variable A
will change depending on an internal variable called L which is ruled by:
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Lyt ke Lyt) + (YD{()S(t) — (YD(1)*S(1)) 3

Where k,, is the kinetic activity factor, which is the same for all the synapses.

YD is the learning variable that measures, with its decayment, the time separation
between a pre-synaptic spike and a post-synaptic spike. When there is a spike, YD
will have its maximum value in the next time step, but when there is not, its value will
be decremented by the kinetic factor ki, whichis the same for all synapses

When a pre-synaptic spike occurs just before a post-synaptic spike, then the vari-
able L increases and the synapse strengthens. This means it reinforces the effect of a
pre-synaptic spike in the soma. But when a pre-synaptic spike occurs just after a post-
synaptic spike, the variable L; decreases, the synapse weakens and the effect of a pre-
synaptic spike in the soma will descend.

3 Hardware Implementation

This section describes the digital hardware implementation of these models.

3.1 Neuron Block

First of all, when the input spikes , s, are received from another neurons, they are
processed through a block that comprises two sub-blocks (synapse & learning), which
are explained in the next sub-sections.

These inputs are added or subtracted, depending on the nature, called 7, of the pre-
vious neuron (i.e. excitatory or inhibitory), to the decayed value of the membrane.
When the registered membrane value, ¥, overcomes a certain threshold, ), a spike,
S;, is produced. This spike will be delayed in the final part with a chain of registers
which model the refractory time, £.;- When finally the spike goes out from the neuron,
it produces a reset, rsz, in the register which stores the value of the membrane. The
block diagram of the neuron block is represented in fig, 1, The membrane path hag a
resolution of 12 bits, with a range [-2048, 2047], and the threshold, ¥, is kept fixed
to +640.The membrane decay function has a time constant value of T=20.The refrac-
tory time is set to 1. The decayment block is modelled following the implementation
presented in [3]. This block depends on two output parameters and the MSB of the
input, which establish the exponential decay required at the output

Vi
S SO *@Lmﬁreg ovfece oofrosly

0 — [ mx
]
1> rst 5

1

&

Fig. 1. Neuron block diagram
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3.2 Learning Block

The learning block provides the actual value of the activation variable by measuring
the time difference between spikes in the synapses between excitatory neurons.

When a spike is produced in the neuron j, the variable YD loads its maximum
value and starts to decay. Then, if the actual neuron spikes, the value of YD; is added
to the decayed value of the L variable. On the other hand, if a spike is produced first
in neuron i and then in neuron j, the value of YD is subtracted to the decayed value of
the L variable. When the L variable overcomes a certain threshold, Ly, positive or
negative, the activation variable, A, increases or decreases respectively, unless it is
already at its maximum ot minimum value, If A is increased, L is reset to the value L-
2*La, but if it is decreased, then L is reset to L+2*Ly. The diagram block of the learn-
ing block is represented in fig. 2. The YD variable has a resolution of 6 bite and the
learning variable of 8 bits, The activation variable can have four values (0,1,2,3), The
time constant for the variable YD is 720. The thresholds for the variable L are Ly=[-
128,127] The time constant for L is 4000.

3.3 Synapse Block

The goal of the synapse block is to set the value of T (the input value added to the
membrane). For each synapse a certain weight is set. This weight is multiplied by the
activation variable. For this purpose, a shift register is used, so when A=0, the weight
becomes 0, when A=1 the weight does not change, when A=2 the weight is multiplied
by 2 and when A=3 it is multiplied by 4.

This output weight is added to the decayed value of the output J. Its decay curve
depends on the type of the actual and the projecting neurons, r; and 1. The diagram
block for the synapse block is represented in fig. 3.

w=p{ Shiftreg

T

Fig. 3. Synapse block
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The internal resolution of the block is 10 bits, but the output resolulion is § bits,
since the internal value of J is divided by 4 to keep the correct scaling,

The weights for an excitatory-excitatory synapse are in the range [0:32], for an ex-
citatory-inhibitory [256:512], for inhibitory-excitatory [512:1024] and for inhibitory-
inhibitory are null, The time constant T is 20 for an excilatory=<cxcitatory synapse, and
3 for an inhibitory-excitatory synapse. For the other two types of synapse, 7=0.

3.4 Neural Network Implementation

To test this learning strategy and the neuron structure, a neural network of size 15x15
has been used with a connectivity pattern of 24 neurons, so every cell receives spikes
from a neighbourhood of 5x5.

The 20% of cells are inhibitory, and they have a random distribution in the net-
work. The weight, w, and the initial activation variables, A, are chosen randomly.

3.4.1 Stimuli
A dynamic¢ gradient stimuli has been applied to the neural network. As it is repre-
sented in [ig.4 , a sequence of vertical bars of gradient value move through the col-
umns of the neuron array, incrementing their frequency, in forward sense duting the
training, and in forward and reverse sense during the test.

The input applied to each neuron has the next parameters:

Terx: 20 ns. Maximum amplitude:127.
1. Training period: 20 us. Forward sense
2. Test period: 10 us. Forward and Reverse sense
Gaussian noise is applied to all neurons during all the time: Mean 0, s.d.=48

—

—

Fig. 4. Input signal applied to the neural network. The arrow to the right means forward sense
and the arrow to the left means reverse sense.

3.4.2 Simulation Results

The activity calculated over a “strip” of neurons perpendicular to the direction of the
movement trepresents a measure of “local” activity. In this case, the strip is one-
column wide. In figure 5 the “local” activily is measured by the count of spikes pro-
duced as a function of the time steps. We can observe how in the forward sense there
cxists an activation pattern with a temporal corrclation, but in reverse sense the net-
work output has not this temporal correlation,
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This result demonstrates that the selected structure of our neural network is able to
perform an implicit recognition of dynamic [catures based on simple STDP rules.

Lirwanat LT et N ]

EL]

X 1o ¥ 40 40 50
Temw

(&) (b}

Fig, 5, Local activity in ¢olumn 1 In a) when test stimuli is applied in forward sense In b)
when test stimuli is applicd in reverse sense

4 Hardware Simplification

Onee a correct behaviour has been observed for the network, the next step consists in
trying to optimise the resolution used to represent its internal parameters. This analysis
will try to facilitate the hardware inplementation of the model In a first trial, the
resolution of the parameters has been reduced in 2 bits Therefore, the new membrane
resolution is 10 bits and the threshold is set to +160. The resolution of the output of
the synapse, T, is 6 bits and the weights for an excitatory-excitatory synapse are in the
range [(:32], for an excitatory-inhibitory [256:512], for inhibitory-excitatory
[512:1024] and for inhibitory-inhibitory are null. And the resolution for the YD vari-
ablc is 4 bits and for the L variable is 6 bits in the lcarning block implementation. The
time constants keep being the same.

The decayment block has been modified to behave just as the algorithm explained
in [3] but removing the operations with external parameters. This is because these
parameters will be different for cach variable, but constant during all the stimuli pe-
riod. The diagram block for its implementation is presented in fig. 6.

The input signal x will be the input of a shift register, when the foad signal becomes
active. This shift register will divide the input by a fixed value (i.e. & for the J decay-
ment}, which depends on the input signal, The output of the shift register will be the
value to be subtracted. The output of a counter will be compared to a maximum value.
When they are cqual, the counter is reset and a register loads the output of the subtrac-
tion. The output of this register will be the new value for the signal x. From a set of
possible maximum times (ty.. t). the valuc ol x will choose onc to cstablish when the
subtraction has to be performed. The synapse block will only be used when the actual
neuron is exeitatory (L.e. r=0). The output ol an inhibitory-inhibitory synapse is always
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null. As well as in an excitatory-inhibitory synapse, the values of w and A are con-
stant. Therelore singe there is no memory in the synapse, the output will be w when
there is a spike and (¢ when there is not. For the inhibitory-excitatory synapse, the
decay constant is very low so it decreases very quickly. As conscquence, the synapse
block can be substituted by a shift register, which divides its value at each time step by
2. In the YD decayment block, the value to subtract will be equal to lsince the YD
resolution has been reduced to 4 bits,. The decayment block of the spiking neuron can
be simplified, since it is possible to avoid the time control in the decayment of the
membrane value. It will always decrease, because it will receive almost continuously a
loaded input (i.e. noise).

t, —»

Fig, 6. Simplification ol the decayment block

4.1 Simulation Results

The stimuli parameters have also been changed, but only their values, not the signal
neither the training and test times, Now the maximum amplitude of the input signal
will be 32 and the noise will keep its mean to 0, but its s.d. will be 12. The neighbour-
hood is still of 5x5, and the 20% of neurons are also inhibitory. The output of the
same column is represented in fig. 7. The count of spikes produced in the same time
step is represented as a Rinction of the time steps.

4 4

ol
L | L

s D0 #1300 40 4m =0 0 =™ 0 1@ M & W0 ¥ 40 4D =0

(a) (b

Fig. 7. Local activily in ¢column 1 in a simplified implementation,, In a) when (est stimuli is
applied in forward sense. In b) when (est stimuli is applied in reverse sense,
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Comparing these results with those of the non-simplified implementation of section
3.4.2, we can observe how the simulation in forward sense keeps the activity pattern
with a temporal correlation, but in reverse sense the activity has increased, although it
has not the termporal correlation observed in forward sense, so there g still learning.

5 Conclusions

We have described the digital hardware implementation of a novel STDP rule applied
to spiking neuron models and we have demonstrated that it can be used to implement
learning tasks in a neural network of size 15x15. It is still possible to obtain good
results with a simplified hardware description of the model, although we are on the
edge of having a learning behaviour in a network of this size. Further hardware
optimisation of the model is investigated by serialising the dataflow of operations
corresponding to a neuron, A hardware prototype is being constructed in order to test
the model using real world applications.
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Abstract. Margolus neighborhood is the casiest form of designing Cellular
Automata Rules with features such as invertibility or particle conserving. In
this paper we introduce a notation to describe completely a rule based on this
neighbothood and implement it in twoe ways: The first corresponds to a
classical RAM-based implementation, while the second, based on concurrent
cells, is uselul for smaller systems in which time is a critical parameter. This
implementation has the feature that the evolution of all the cells in the design is
performed in the same clock cycle.

1 Introduction

Cellular Automata (CA) model massively parallel computation and physical
fenomena [1]. They consist of a lattice of discrete identical sites called cells, each one
taking a value from a finite set, usually a binary set. The value of the cells evolve in
discrete time steps according to deterministic rules that specify the value of each site
in terms of the values of the neighboring sites, This is a parallel, synchronous, local
and uniform process [1, 2, 5, 10, 14].

CA are used as computing and modeling tools in biological organization, self-
reproduction, image processing and chemical reactions, Also, CA have proved
themselves to be useful tools for modeling physical systems such as gases, fluid
dynamics, excitable media, magnetic domains and diffusion limited aggregation [13,
3,4, 5,8, 12]. CA have been also applied in VLSI design in arcas such as gencralion
of pseudorandom sequences and their use in built-in self test (BIST), error-correcting
codes, private-key cryptosysten, design of associative memory and testing the finite
state machine [9, 10, 11].

1.1 Invertible Cellular Automata

A CA 1s invertible when its global function 1s a bijection, Le., if every configuration —
which, by definition, has exactly one successor — also has exactly one predecessor [6].

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 121-128, 2003.
(C) Springer-Verlag Berlin Heidelberg 2003



122 Joaquin Cerdi et al.

Invertibility is such a desiderable property, because in the context of dynamical
systems coincides with microscopic reversibility. One of the most common ways of
constructing invertible cellular automata is by using a partitioning schema [6].

Partitioning Cellular Automata (PCA) are based on a different kind of local map
that takes as input the contents of a region and produces as output the new state of the
whole region (rather than of a single cell). This way, the state space is completely
divided into non-overlapping regions. Clearly, information cannot cross a partition
boundary in a single time step. In order to exchange information between regions,
partitions must change at the next step.

The partitioning formar is specially good for many applications because it makes
very easy to construct invertible rules. If the local map is invertible then the
corresponding global map is also invertible. Moreover, it is possible to construct rules
wich conserve “particles”, “momentum” and other desired quantities by only impose
some constraints to the local map.

1.2 Margolus Neighborhood

The most important partitioning scheme is the Margolus Neighborhood, introduced in
[3]. In this neighborhood each partition is 2x2 cells as shown in figure 1. We alternate
between even partitions (solid lines) and odd partitions (dotted line) in order to couple
them all. Periodic boundary conditions are assumed.

Fig. 1. Margolus Neighborhood: even {solid {ines) and odd {doited lines) partitions of a two-
dimensional array into 2x2 blocks. One block in each partition is shaded

Several rules based on Margolus neighborhood have been introduced in different
areas, Among them we ¢an mention BBMCA (see figure 2) introduced by Margolus
itself and capable of universal computation [3], rules TM and HPP for modelling
gases [8] and the rule DTAG_then_DOWN for simulating particles that fall down and
pile up [7].

We can introduce a convenient notation to assign a ‘lule number™ to the great
quantity of rules that can be generated based on Margolus neighborhood. This
notation is similar to that established by Woltram for 1D binary CA for which the
neighborhood has radius 1 [1, 2, 14]. First of all, let’s assign a name to each cell in
the block, as done in fizure 2. Next, we can codify cach transition for the rule
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assigning a O to a white square and a | to a black square. The values of cells obtained
from cach of the 16 possible four-cclls block configurations arc combined to form
four binary mumbers that can be expressed as decimal integers. This procedure is
illustrated in figure 3, that codifies the rule for BBMCA [8].

T-m @M
R B
=% H-N

Fig. 2. BBMCA rule (lefi): this is an example of conservative rule that is invertible. The block
on the right introduces a notation to refer to the cells into the partition

It’s easy to see, from the tables presented in figure 3, that Margolus neighborhood
allows a total number of (2%} rules. From this incredibly large possibilities, only 76/
of them are invertible, and less are particle conserving, BBMCA rule is one of these.

A | 111111110600G0000
B | 1111000011110000
¢ | 1100110011001100
D | 1010101010101010
A | 1111110001000010 fR=6£578
B | 1111001010100100 ——] fB=0c2ll¢
¢ | 1100111010011000 ———/| £C=52888
D | 10101001111G1000 £D=£3£96
RULE RULBNUMBER

Fig. 3. Assignment of mule numbers to ccllular automata based on Margolus neighborhood. The
example shown is for the BBMCA rule

2 Sequential Implementation of Margolus neighborhood

A classical architecture for implementing Margolus neighbouthood at VLSI is
presented in figure 4. In this approach, the lattice of cells is stored in a RAM memory
disposed as a 2D array of single bits. The control path has to generate the proper
signals to read the four positions that form a block and present them to the process
unit. The process unit applies the ransformation codified by the local map and after it
is finished, the control generates the signals to store the result back in the memory.
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It is necessary for the control unit to have an input from a parity generator that
cnsurcs the correet alternancy between cven and odd cvolutions, so the directions in
the memory to be accesed are different in each case.

PROCESUNIT

LocalMap
v 4

Registers
MEMORY <:

LLEELL []
4

Parity

Generator CONTROL

Fig, 4. Sequential implementation of Margolus neighborhood. The value of the cells is stored
ina RAM array

The proposed architecture was implemented on an ALTERA FLEX10K FPGA.
The logic synthesis was performed using LeonardoSpectrum Version 2002b.21 from
Exemplar Logic. For the description of the circnit we used VHDL for all the
components to be completely generic except for memory, that was implemented
directly instantiating one LPM. The implementation and simulation was performed
with ALTERA MAX+PLUSIL

The results of the synthesis were the following: the design needed about 80 Logic
Cells! 1o be implemented in a FLEX10K device. The maximum size of the matrix of
cells depends on the total amount of RAM embedded on the ¢hip, Choosing & device
from the family, concretely the EPF10K70RC240, we find that te total amount of
memory available in Embedded Array Blocks (EABs) is 18,432 bits, that gives
support to casily implement arrays of 128x128 cells?, After implementation the
maximum operation frequency was 27.85MHz.

The main drawback of the design is the fact that the time required to perform an
evolution increases linearly with the total size of the array. The control unit needs 4
clock cyeles to read a 2x2 block from memory and 4 cycles to store them back. Also,
the process unit needs one cycle to perform the evolution of the partition, so 9 clock
cycles are necessary to evolve each 2x2 block from memory, All this information is
summarized in table 1.

U In fact, it presents a little variation (from 70 to 90 LCs) depending on the total size of the
matrix of cells,

2 Actually the total dimension, if’ we could use all the memory available, should be a little
more, but the design has been thought to have size of 2'x2"
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Table 1. Timing characteristics of the sequential implementation ol Margolus Neighborhood.
Numbers were obtained by using a 25MHz clock frequency

Size Total Memory  Cyveles to evolve  Evolutions per second
8x8 64 bits 144 1,7-10°
16x16 256 bils 576 4,3-10"
32x32 1024 bits 2304 1,1-10*
64x64 4096 bits 9216 2,7-10°
128x128 16384 bils 36864 6,8-10°

Most of this drawbacks can be overtaken by relying on more powerful families,
using the special features given by the manufacturers, For intance, if we choose to use
an ALTERA APEX 20K FPGA we can get advance of the embedded dual-port RAM
that allows the user to perform simultaneous read-and-write operations. This can
reduce the number of cycles needed to perform a block evolution trom 9 to 5, almost
doubling the number of evolutions per second that the system can achieve.

3. Concurrent Implementation

In some applications, evolution rates like those presented in the previous parageaph
are non acceptable. The main advance of a Celular Automata Structure is precisely its
high paralelisation degree, and the implementation proposced converts it into a scrial
scheme to perform the matrix actualisation. If we want to obtain a real concurrent
Cellular Automata, new strategies need to be explored.

ClassiCell ClassXcll

[

Class3Cell ClassdCell

Fig. 5. Classes of cells in Margolus neighbourhood, Each class of cells behaves as one type of
cell of those introduced in [igure number 2 dillerent for each even/odd evolution

3.1 Proposed Architecture

If we carefully study the connection schema of a Margolus Neigborhood Cellular
Automata, easily we can distinguish between four classes of cells, depending on its
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position into the global matrix. In figure 5 these four classes are shown. Class 1 Cells
arc updated in odd cycles as Type D eclls (referred to the notation introduced in
figure 2) from a dotted line block, and are updated in even cycles as Type A Cells
from a solid line block. The same way, class 2 Cells are updated in odd cycles as
Type C cells from a dotted line block, and are updated in even cycles as Type B cells
from a solid line block. The rest of classes and their connectivities are easily inferred
from the figure.

This connection structure leads us to reduce all classes of Cells to a common
structure that is depicted on figure 6. For each cell in the matrix we need to define
two different functions: the even one and the odd one. A multiplexer selects between
results on even or odd branches depending on the present cycle. Also, to easily supply
initial data to the cirenit, we have included a second muluplexer for data sinchronous
load. Finally, an Enable terminal has been added to hold and start the evolution.

If we fix the proposed architecture for all the classes of cells in the mateix, the only
difference between classes is the way the neighbor cells are connected to the inputs of
the even/odd functions. Table 2 summarizes these connections for each class of cells.

#—  [ven eXletreata
be— Tunew
s —
de —
W— Odd
bo— Puncu
o —|
do —] )
panty lvad  ettable clock

Fig, 6. Common structure of a cell. Cach one supports two diflerent functions: the even one
and the odd one

Table 2. Connectivities for all four classes ol cells in Margolus neighborhood. Names of inputs
are referred to the terminology stated in figure 6

Cell ae be ce de a0 bo co do
Class
1 itself right down down- up- up left itself
right left
2 left  itself down- down up up- itself right
left right
3 up up- itself  right right itself down- down
right right
4 up-  up left itself itself right  down down-

left right
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3.2 Implementalion and Resulls

This concurrent architecture was implemented on an ALTERA FLEX10K FPGA. The
logic synthesis was performed using LeonardoSpectrum Version 2002b.21 from
Exemplar Logic. Due to the fact that no memory was needed for implementing this
design, VHDL could be used for the complete description, giving a complete device
independence and allowing us to sinthesize on different fanilies, such as some from
XILINX. The implementation and simulation was performed with ALTERA
MAX+PLUSIL

FLEX10K Logic Cell contains a four-input look-up-table that is specially indicated
for implementing one of the even/odd functions. So, the complete Cell showed in
figure 6 needs 4 logic cells to be implemented: two for the two functions and two for
the multiplexers and register. Only 9 additional LCs are needed to generate the
control signals for the main design,

Results of the implementations for a 8x8 matrix are the folowing: Circuit needs a
total of 265 LC to be implemented on a EPFLOKTORC240. This means only a 7% of
the total LCs included in the device. In fact, the device containt 3744 LCs, that are
enough to support mateix of size 30x30°. The maximum frequency is 63.69MHz, that
is clearly greater than that obtained in the sequential implementation. But the main
advantage accomplished is the way the circuit evolves: it updates the whole matrix in
the same clock cyele, independently of the size. So, for any size of the array, the rate
of evolutions per second is constant and equal to one clock period.

It is important to remark that different FPGA structures can be evaluated for giving
support to the presented implementation, some more appropriated to the structure
shown. If we choose a XC4000 FPGA from XILINX we see that a CLB incorporates
2 1L.UTs, reducing the number of CLB per cell to 2. However, it is known that an
XC4000 CLB is 2,375 times greater than a FLEX10K LC, so we selected a FLEX 10K
device for our implementations.

3.3 Comparison between implementations

The two main differences between both strategies are evident from the given results:
sequential implementation permits large matrix sizes, thus having the drawback of
that the time per evolution increases linearly with the size of the matrix. On the other
hand, concurrent implementaton is more adequated when time is a critical parameter,
even though the sizes obtained are small. This could be indicated in some VLSI
applications such as random number generation or BIST.

* In this case, design is not limited to sizes of 2'%2". With this implementation the only
limitation, characteristical of Margalus neighborhood, is that size must be the square of an
even number,
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4. Conclusions

We have studied Margolus neighborhood Cellular Automata both its theoretical
fountations and its applications. We have proposed a notation to give a number to
specify completely a rule. This rule is easy to be constructed invertible or particle
conserving.

We propose two implementations for Margolus neighborhood Cellular Automata,
one RAM based that allows large sizes but offers poor timing characteristics as
processing times increases linearly with memory size. Other implementation, that we
call concurrent, gives support to much small systems in which time is a critical factor,
performing a complete evolution in only one clock cycle.

References

1. Wolfram, S.: Cellular Automata. Los Alamos Science, 9 (1983) 2-21

2. Wolfram, S.: Statistical mechanics of cellular automata. Reviews ol Modern Physics, 55
(1983) 601-644

3. Margolus, N.: Physics-Like models of computation. Physica 10D (1984) 81-95

4. Toffoli, T.: Cellular Automata as an alternative to {rather tah an approximation of)
Differential Equations in Modeling Physics, Physica 10D (1984) 117-127

3. Toffoli, T.: Occam, Turing, von Neumann, Jaynes: How much can you get for how little? (A
conceptual introduction to cellular automata). The Interjournal (October 1994)

6. Tolloli, T., Margolus, N.: Invertible cellular antomata: a review. Physica D, Nonlinear
Phenomena, 45 (1990) 1-3

7. Gruau, F. C., Tromp, I. T.: Cellular Gravity. Parallel Processing Letters, Vol, 10, No. 4
(2000) 383-393

8. Smith, M. A.: Cellular Automata Methods in Mathematical Physics, Ph.D. Thesis, MIT
Departiment of Physics (May 1994),

9. Wollram, S.: Cryptography with Cellular Aumtomata, Advances in Cryptology: Crypto "85
Proceedings, Lecture Notes in Computer Science, 218 (Springer-Verlag, 1986) 429432

10. Sarkar, P.: A brief history of cellular avtomata, ACM Computing Surveys, Vol, 32, Issue |
(20000 80-107

11. Shackleford, B., Tanaka, M., Carter, R.J., Snider, G.: FPGA Implementation of
Neighborhood-ol-Four Cellular Automata Random Number Generators, Proceedings of
TPGA 2002 (2002) 106-112

12. Vichniac, G. Y.: Simulating Physics with Cellular Automata, Physica 10D (1984) 96-116

13. Popovici, A. , Popovici, D.: Celluar Automata. in Image Processing. Proceedings of MTNS
2002 (2002)

14. Wolfram, S.: A New Kind of Science. Wolfram media (2002)



An Empirical Comparison of Training Algorithms for
Radial Basis Functions[l

Mamen Ortiz-Gomez, Carlos Hernandez-Espinosa,
and Mercedes Fernandez-Redondo.

Universidad Jaume I, Campus de Riu Sec, D. de Ingenieria y Ciencia de los
Computadores,

12071 Castellon, Spain
{mortiz, espinosa,redondo}@icc.uji.es

Abstract. In this paper we present a review and comparison of five
different algorithms for training a RBF network. The algorithms are
compared using nine databases. Our results show that the simplest
algorithm, k-means clustering, may be the best alternative. The results
of RBF are also compared with the results of Multilayer Feedforward
with Backpropagation, the performance of a RBF network trained with
k-means clustering is slightly better and the computational cost
considerably lower. So we think that RBF may be a better alternative.

1 Introduction

Perhaps, Multilayer Feedforward and Radial Basis Functions are the two most
employed neural networks in applications.

Comparing both neural networks, Radial Basis Functions (RBF) has the advantage
of fast training. Other aspect like the relative generalization capability and other
properties are not yet clear in the bibliography.

A RBF has two layer of networks (without considering the input units). The first
layer is composed of neurons with a Gaussian transfer function and the second layer
(the output units) has neurons with a linear transfer function. The output of a RBF
network can be calculated with equation 1.
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Where Cq,,,k are the components of the center of the Gaussian functions, O'qk control the
width of the Gaussian functions and qu are the weights among the Gaussian units and
the output units.
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As the equation 1 shows, there are three elements to design in the neural network,
the center and widths of the Gaussian units and the weights among the Gaussian units
and output units.

There are two different procedures to design the network. One is to train
simultaneously the centers, widths and weights in a full supervised fashion [1,2],
similar to the algorithm Backpropagation for Multilayer Feedforward. This procedure
has the same drawbacks of Backpropagation, long training time and high
computational cost.

The second is to train the networks in two steps. First we find the centers and
widths by using same unsupervised clustering algorithm and after that we train the
weights among hidden units and output units by a supervised algorithm. This process
is usually fast, and the most important step is the training of centers and widths
because for the weights the relation is linear and simple procedures like LMS can be
used.

Therefore, in this paper we will focus on this last type of unsupervised-supervised
algorithms.

In the bibliography there are many of these algorithms [3-7] and it is not clear their
relative performance because of a lack of comparison.

So in this paper we present a comparison of five of these algorithms.

The organization of the paper is as follows. In section two we briefly review the
training algorithms which are compared. In section three we present the experimental
results and we finally conclude in section four.

2 Theory

In this section, we briefly review the training algorithms which are compared.

2.1  Algorithm 1

This training algorithm is the simplest one. It was proposed in [3]. It uses adaptative
k-means clustering to find the centers of the Gaussian units. We successively present
an input pattern and after each presentation, we find the closest center and adapt the
center towards the input pattern, according to equation 2.

c(n+1)=c(n)+n(x—c(n)) ()

Where x is the input pattern, ¢ the closest center and 1 the adaptation step.

After finding the centers, we should calculate the widths of the Gaussian units. For
that, it is used a simple heuristic, we calculate the mean distance between one center
and one of the closets neighbors, P, for example, the first (P=1), second (P=2), third
(P=3) or fourth (P=4) closest neighbor.

We need a trial and error procedure to design the network because the number of
centers should be fixed a priori. In our experiments we have tried 10, 20, 30, 40 ,50,
60, 70 , 80, 90, 100 and 110 centers and for the widths we have used P=1, 2, 3 and 4.
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2.2 Algorithm 2
It was proposed in reference [4]. The clustering algorithm is the following:

Initially assign each training point to a unique cluster (K=1, ..., C)

Select the first cluster.

Find any clusters of the same class.

Merge the two clusters and compute the new mean.

Compute the distance, d,,,, from the new mean to the mean of the nearest

cluster of the opposite class.

6. Compute the distance from the new mean to the furthest point in its new
cluster, which we shall define as being the radius, R, of the cluster.

7. 1Ifd,,,>0-R (0 is a constant), then accept the merge in 4, and start again from
step 3, associating the current value of K with the newly created cluster, and
setting C=C-1. If this condition is not satisfied, reject the merge and recover
the two original clusters, then restart from step 3, but K and C remains
unchanged. Repeat steps 3 through 7 until all clusters are considered and then
change K=K+1.

8. Repeat steps 3 through 7, until K is finally equal to C.

vk

After finding the centers by the algorithm, the widths are calculated. But in this
case, it is used a matrix X instead a single value for the widths. The equation of the
neural network for this case is in equation 3.

0
F@) =Y whexplv—c,J 5, (x-c,)) 3)

q=1

The procedure for calculating these matrices is complex and should be looked for
in the reference.

2.3 Algorithm 3

This algorithm is proposed in reference [5]. However, we have slightly modified the
algorithm, in the original reference it is used a truncation for the Gaussian units and
non-RBF functions in the hidden layer. We have applied the algorithm without
truncation in the Gaussian units and with only RBF unit in the hidden layer.

Basically the algorithm is the following. The Gaussian units are generated
incrementally, in stages, by random clustering. Let k (=1,2,3, ...) denote a stage of this
process. A stage is characterized by a parameter d that specifies the maximum radius
for the hypersphere that includes the random cluster of points that is to define the
Gaussian unit, this parameter is successively reduced in every stage k (8,=0.-0y.;, with
o in the range 0.5-0.8). The Gaussian units at any stage k are randomly selected in the
following way. Randomly select an input vector x; from the training set and search for
all other training vectors within the & neighborhood of x;. The training vector are used
to define the Gaussian unit (the mean is the center, and the standard deviation the
width) and then removed from the training set. To define the next Gaussian unit
another input vector x; is randomly selected and the process repeated. This process of
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randomly picking an input vector x; is repeated until the remaining training set is
empty. Furthermore, when the number of points in the cluster is less than a certain
parameter [ no Gaussian unit is created. The stages are repeated until the cross-
validation error increases.

The algorithm is complex and the full description can be found in the reference.

2.4  Algorithm 4

It is proposed in reference [6].They use a one pass algorithm called APC-III,
clustering the patterns class by class instead of the entire patterns at the same time.
The APC-III algorithm uses a constant radius to create the clusters, in the reference
this radius is calculated as the mean minimum distance between training pattern
multiplied by a constant o, see equation 4.

1 & .
R, = a-;-; mln#jq

The algorithm is basically the following:

X —x /H) 4)

1. Select on input pattern and construct the first cluster with center equal to this
pattern

2. Repeat steps 3 to 5 for each pattern

Repeat step 4 for each cluster

4. If the distance between the pattern and the clusters is less than R, include the
pattern in the cluster and recalculate the new center of the cluster. Exit the
loop 3.

5. If the pattern is not included in any cluster then create a new cluster with
center in this pattern.

W

The widths are calculated with the following heuristic: find the distance of the
center to the nearest cluster which belongs to a different class and assign this value
multiplied by B to the width.

2.5 Algorithm 5

This algorithm is proposed in reference [7]. However, we have slightly modified the
algorithm, in the original reference it is used a truncation for the Gaussian units and a
hard limiting function for the output layer. We have applied the algorithm without
these modifications of the normal RBF network.

The description of the algorithm is as follows. The Gaussian units are generated
class by class, so the process is repeated for each class. In a similar way to algorithm 3
the Gaussian units are generated in stages. A stage is characterized by its majority
criterion, a majority criterion of 60% implies that the cluster of the Gaussian unit must
have at least 60% of the patterns belonging to its class. The method will have a
maximum of six stages, we begin with a majority criterion of 50% and end with 100%,
by increasing 10% in each stage. The Gaussian units for a given class & at any stage 4
are randomly selected in the following way. Randomly pick a pattern vector x; of class
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k from the training set and expand the radius of the cluster until the percentage of
patterns belonging to the class falls below the majority criterion, then the patterns of
class k are used to define the Gaussian unit (the mean is the center and the standard
deviation is the width) and are removed from the training set. When the number of
pattern in the cluster is below than a parameter, B, no Gaussian unit is created. To
define the next Gaussian unit another pattern x; of class & is randomly picked from the
remaining training set and the process repeated. The successive stage process is
repeated until the cross-validation error increases.

3 Experimental Results

We have applied the five training algorithms to nine different classification problems.
They are from the UCI repository of machine learning databases. Their names are
Balance Scale (BALANCE), Cylinders Bands (BANDS), Liver Disorders (BUPA),
Credit Approval (CREDIT), Glass Identification (GLASS), Heart Disease (HEART),
the Monk’s Problems (MONK’l, MONK’2) and Voting Records (VOTE). The
complete data and a full description can be found in the UCI repository
(http://www.ics.uci.edu/~mlearn/MLRepository.html).

The first step was to determine the appropriate parameters of the algorithms by trial
and error. For the algorithm 1 we have to fix the number of Gaussian units, N, and the
parameter P. We have tried all combinations of P=1, 2, 3, 4 and N=10, 20, 30, ...,
110. For the algorithm 2 we have to choose the value of parameter o, we have tested
the values 1, 1.25, 1.5, 1.75, 2, 2.25, 2.5, 2.75 and 3. In the algorithm 3 we have tested
all the combination of parameter =3, 5, 8 and parameter 0=0.5, 0.65, 0.8. For the
algorithm 4 we have used all the combinations of parameters P=5, 6, 7, 8 and
parameter o=1.1, 1.2, 1.3, 1.4, 1.5, 1.6, 1.7. In the algorithm 5 we have to choose the
parameter 3, we have tested the values 3, 5, 8. The final selected values of the
parameters obtained by cross-validation for each database are in table 1.

As we can see from the results of the parameters, algorithm 3, 4 and 5 are rather
insensitive to the parameters.

After that, with the final parameters we trained ten networks with different partition
of the data in training, cross-validation and test, also with different random
parameters. With this procedure we can obtain a mean performance in the database
(the mean of the ten networks) and an error in the performance calculated by standard
error theory.

These results are in Table 2. We have for each database the mean Percentage in the
test and the mean number of clusters, i. e., the number of Gaussian units in the
network.
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Table 1. Selected values of the parameters

Balance | Band | Bupa | Credit | Glass | Heart | Monkl | Monk2 | Vote
|Alg. 1 | Clusters 30 60 10 20 100 100 90 90 40
P 4 2 3 2 1 1 2 2 4
Alg. 2 o 2.25 1.25 1 2 2 1 2.25 2 1
Alg. 3 B 5 3 5 3 5 3 3 8 3
o 0.8 0.65 0.8 0.8 0.8 0.8 0.8 0.8 ]0.65
Alg. 4 B 5 7 5 6 5 5 5 5 5
o 1.7 1.3 1.3 1.7 1.2 1.7 1.7 1.4 1.7
Alg. 5 B 5 3 3 3 3 3 3 3 5
Table 2. Performance of the different algorithms, Radial Basis Functions.
TRAINING ALGORITHM
Alg. 1 Alg. 2 Alg. 3 Alg. 4
DATABASE| Perc. |[Cluster| Perc. | Cluster | Perc. | Cluster | Perc. Cluster
Balance 88.510.8] 3040 | 68+6 | 395+0 |87.6%0.9(88.5+1.6|88.0+0.9] 94.7+0.5
Band 74.0£1.5| 6010 | 6143 4943 6712 [18.7£1.0] 674 | 97.240.3
Bupa 59.1+1.7| 100 [54.3£1.9] 17.840.3 |57.6+1.9(10.3+1.5] 60+4 | 106.24+0.3
Credit 87.31£0.7| 2040 [83.7+0.8] 418+0 |87.5+0.6| 95+14 |87.940.6|161.10£0.17
Glass 89.6+1.9] 10040 [78.2+1.2|111.5£1.3| 79+2 | 3042 |82.8+1.5| 59.940.7
Heart 80.8+1.5| 1000 | 63+3 | 12.6+0.7 |80.2+1.5] 2644 | 7244 | 71.840.6
Monk1 76.9+1.3] 90+0 | 674 | 28240 | 7242 | 9348 | 6843 97.440.6
Monk?2 71.0£1.5] 9040 | 7342 | 28240 [66.4+1.7| 2644 [66.5+0.8] 143%0
Vote 95.14£0.6] 400 | 61£5 [11.940.7|93.6+0.9] 5345 |94.1+0.8]120.3040.15

Table 2. Continuation

TRA. ALG.
Alg. 5
DATABASE Perc. Cluster
Balance 87.4+0.9| 45+7
Band 65.8+1.4| 4.5+1.3
Bupa 4743 1145
Credit 86.4+0.9| 3244
Glass 81.2+1.8| 2242
Heart 7843 1012
Monk1 6412 2316
Monk?2 71.6x1.5| 2042
Vote 765 5.0£1.1

The results of Table 2 show that the best training algorithm is the simplest, number
1. But it has the drawback of a great number of trials for the selection of parameters,
we should probe all the combinations of P and number of clusters and select the
appropriate combination by trial and error.

It is curious that the simplest algorithm provides the best generalization. Specially
in the case that algorithms 2, 3, 4 and 5 were proposed after algorithm 1. The
explanation is in the following paragraphs.




An Empirical Comparison of Training Algorithms for Radial Basis Functions 135

The performance of algorithm 2 is rather low compared with algorithm 1. In the
original reference it was tested in only two classification problems. One artificial two
dimensional problem of two Gaussian distributions with overlapping and one artificial
eight-dimensional problem also of Gaussian distributions. The algorithm was
compared with what they call a standard RBF, but they build the RBF with a number
of Gaussian units equal to the number of training patterns. The expected
generalization of this procedure should be low.

In the results of algorithm 3 in the original reference. The test set was used at the
same time as cross-validation set. This is a non-standard procedure that can falsify the
results, in fact, in our experiments the cross-validation results are clearly better than
the test results. Furthermore, the algorithm was not compared with anyone.

The algorithm 4, was tested in only one character recognition problem and it was
compared with the k-means clustering in the original reference. But they do not
optimize the number of clusters of k-means clustering by trial an error. They just used
the same value obtained by APC-III (15 clusters per class) and this procedure is not
optimal for k-means clustering.

Finally, algorithm 5 was tested in the original reference in four artificial problems
of Gaussian distributions and four real problems, one of them heart. For comparison
we reproduced the results of the database heart. The k-means clustering got a
percentage of 63.64% clearly our results (80.8%1.5) is better, it seems we have tuned
the parameters better. The algorithm 5 got a percentage of 81.82% which nearly
similar to our results (7843, taking in consideration the error).

In order to perform a further comparison, we include the results of Multilayer
Feedforward with Backpropagaion in Table 3.

Table 3. Performance of Multilayer Feedforward with Backpropagation

IDATABASE Number of Hidden Percentage
BALANCE 20 87.620.6
IBANDS 23 72.4+1.0
BUPA 11 58.310.6
CREDIT 15 85.6%0.5
GLASS 3 78.520.9
HEART 2 82.0£0.9
IMONK’1 6 74.3%1.1
IMONK’2 20 65.940.5
IVOTING 1 95.0+0.4

We can see that the results of RBF with k-means clustering are slightly better. This
is the case in databases Balance, Bands, Bupa, Credit Glass, Monkl, Monk2 and
Voting. The only exception is database Heart where the result of Multilayer
Feedforward is slightly better. The most important difference is in database Glass,
where RBF obtains 89.6+1.9 and Multilayer Feedforward 78.5+0.9. Furthermore, the
computational cost is considerably lower. According to our results, RBF is a better
alternative than Multilayer Feedforward with Backpropagation.
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Conclusions

In this paper we have presented a review of five training algorithms for Radial Basis
Functions. The algorithms are compared using nine databases. Our results show that
the simplest algorithm, k-means clustering, may be the best alternative. The results of
RBF are also compared with the results of Multilayer Feedforward with
Backpropagation, the performance of a RBF network trained with k-means clustering
is slightly better and the computational cost considerably lower. So we think it is a
better alternative.
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Abstract. Training an ensemble of networks is an interesting way to
improve the performance with respect to a single network. However
there are several methods to construct the ensemble and there are no
complete results showing which one could be the most appropriate. In
this paper we present a comparison of eleven different methods. We
have trained ensembles of a reduced number of networks (3 and 9) be-
cause in this case the computational cost is not high and the method is
suitable for applications. The results show that the improvement in per-
formance from three to nine networks is marginal. Also, the best method
is called “Decorrelated” and uses a penalty term in the usual Back-
propagation function to decorrelate the network outputs in the ensemble.

1 Introduction

Perhaps, the most important property of a neural network is the generalization capa-
bility. The ability to correctly respond to inputs which were not used in the training
set.

One technique to increase the generalization capability with respect to a single neu-
ral network consist on training an ensemble of neural network, i.e., to train a set of
neural networks with different weight initialization or properties and combine the
outputs of the different networks in a suitable manner to give a single output.

It is clear form the bibliography that this procedure increases the generalization ca-
pability. The error of a neural network can be decomposed into a bias and a variance
[1,2]. The use of an ensemble usually keeps the bias constant and reduce the variance
if the errors of the different networks are uncorrelated or negatively correlated. There-
fore, it increases the generalization performance. The two key factors to design an
ensemble are how to train the individual networks to get uncorrelated errors and how
to combine the different outputs of the networks to give a single output.

Among the methods of combining the outputs, the two most popular are voting and
output averaging [3]. In this paper we will normally use output averaging because it
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has no problems of ties. Furthermore, in a previous comparative study it is shown that
averaging provides a reasonable performance [4].

In the other aspect, nowadays, there are several different methods in the bibliogra-
phy to train the individual networks and construct the ensemble [1-3], [5-10].

However, there is a lack of comparison among the different methods and it is not
clear which one can provide better results. We have only found a comparison in the
bibliography for the case of neural networks as classifiers [11]. This comparison is
performed on a large quantity of problems (23) but only four ensemble methods are
compared: simple ensemble, bagging, adaboost and arcing.

In contrast, in this paper, we present a comparison among eleven different methods
of constructing the ensemble in nine different databases.

The organization of the paper is the following. In section two we briefly describe
the different methods, in section three, we present the experimental results of the
comparison and finally we conclude in section four.

2 Theory

In this section we briefly review the different ensemble methods, a full description can
be found in the references.

2.1  Simple Ensemble

A simple ensemble can be constructed by training different networks with the same
training set but with different random initialization in the weights. In this ensemble
technique, we expect that the networks will converge to different local minimum and
the errors will be uncorrelated.

2.2 Bagging

This ensemble method is described in [5]. The ensemble method consists on generat-
ing different datasets drawn at random with replacement from the original training set.
After that, we train the different networks in the ensemble with these different datasets
(one network per dataset). We have used datasets which have a number of training
points equal to twice the number of points of the original training set, as it is recom-
mended in the reference [1].

2.3  Bagging with Noise (Bagnoise)

It was proposed in [2]. It is a modification of Bagging, we use in this case datasets of
size 10-N (number of training points) generated in the same way of Bagging, where N
is the number of training points of the initial training set. And we introduce a random
noise in every selected training point drawn from a normal distribution with a small
variance.
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2.4  Boosting

This ensemble method is reviewed in [3]. It is conceived for a ensemble of only three
networks. It trains the three network of the ensemble with different training sets. The
first network is trained with the whole training set, N input patterns. After this train-
ing, we pass all N patterns through the first network, using a subset of them, such that
the new training set has 50% of patterns incorrectly classified by the first network and
50% classified correctly. With this new training set we train the second network. After
the second machine is trained, the N original patterns are presented to both networks.
If the two networks disagree in the classification, we add the training pattern to the
third training set. Otherwise we discard the pattern. With this third training set we
train the third network.

In the original theoretical derivation of the algorithm, evaluation of the test per-
formance was as follows: present a test pattern to the three networks. If the first two
networks aggre, use this label, otherwise use the label assigned by the third network.
In addition to this voting scheme, we have use simple averaging of the outputs in our
experiments.

25 CVC

It is reviewed in [1]. In k-fold cross-validation, the training set is divided into k sub-
sets. Then, k-1 subsets are used to train the network and results are tested on the sub-
set that was left out. Similarly, by changing the subset that is left out of the training
process, one can construct k classifiers, which are trained on a slightly different train-
ing set. This is the technique used in this method.

2.6 Adaboost

We have implemented the algorithm denominated “Adaboost.M1” in the reference
[6]. In the algorithm the successive networks are trained with a training set selected at
random from the original training set, but the probability of selecting a pattern
changes depending on the correct classification of the pattern and on the performance
of the last trained network. The algorithm is complex and the full description should
be looked for in the reference. The method of combining the outputs of the networks
is also particular to this algorithm. We have use this method and the usual output av-
eraging in our experiments.

2.7  Decorrelated (Deco)

This ensemble method was proposed in [7]. It consists on introducing a penalty term
added to the usual Backpropagation error function. The penalty term for network
number j in the ensemble is in equation 1.

Penalty = A-d(i, j))(y = f,)(y = f) (1)
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Where A determines the strength of the penalty term and should be found by trial
and error, y is the target of the training pattern and f; and f; are the outputs of networks
number / and j in the ensemble. The term d(i,j) is in equation 2.

L ifi=j-1 )
0, otherwise

d(i,j)={

2.8 Decorrelated2 (Deco2)

It was proposed also in reference [7]. It is basically the same method but with a differ-
ent term d(i,j) in the penalty. In this case the expression of d(i,j) is in equation 3.

o I, ifi=j—1 and iiseven
d(l,J)Z{ ®)

0, otherwise

2.9 Evol

This ensemble method was proposed in [8]. In each iteration (presentation of a train-
ing pattern), it is calculated the output of the ensemble for the input pattern by voting.
If the output is correctly classified we continue with the next iteration and pattern.
Otherwise, the network with an erroneous output and lower MSE (Mean Squared
Error) is trained in this pattern until the output of the network is correct. This proce-
dure is repeated for several networks until the vote of the ensemble correctly classifies
the pattern. For a full description of the method see the reference.

2.10 Cels

It was proposed in [9]. This method also uses a penalty term added to the usual Back-
propagation error function to decorrelate the output of the networks in the ensemble.
In this case the penalty term for network number i is in equation 4.

Penalty = A-(f, = y)Y (f, =) )

J#L

Where y is the target of the input pattern and f; and f; the outputs of networks num-
ber i anj for this pattern.

The authors propose in the paper the winner-take-all procedure to combine the out-
puts of the individual networks, i. e. the highest output is the output of the ensemble.
We have used this procedure and the usual output averaging.

2.11 Ola

This ensemble method was proposed in [10]. In this method, first, several datasets are
generated by using bagging, with a number of training patterns in each dataset equal to
the original number of the training set. Every network is trained in one of this datasets
and in what it is called virtual data. The virtual data for network i is generated by
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selecting randomly samples for the original training set and perturbing the sample with
a random noise drawn from a normal distribution with small variance. The target for
this new virtual sample is calculated by the output of the ensemble for this sample
without network number i. For a full description of the procedure see the reference.

3 Experimental Results

We have applied the eleven ensemble methods to nine different classification prob-
lems. They are from the UCI repository of machine learning databases. Their names
are Balance Scale (BALANCE), Cylinders Bands (BANDS), Liver Disorders
(BUPA), Credit Approval (CREDIT), Glass Identification (GLASS), Heart Disease
(HEART), the Monk’s Problems (MONK’1, MONK’2) and Voting Records (VOTE).
The complete data and a full description can be found in the UCI repository
(http://www.ics.uci.edu/~mlearn/MLRepository.html).

We have constructed ensembles of a low number of networks, in particular 3 and 9
networks. We think that the ensemble methodology can be useful for an application if
the number of networks in the ensemble is low. Otherwise the computational cost (of
an ensemble with a high number of networks) would be high an the method impracti-
cal.

The first step was to determine the right parameters for each database, in the case
of methods Cels (parameter lambda of the penalty), Ola (standard deviation of the
noise), Deco and Deco2 (parameter lambda of the penalty) and BagNoise (standard
deviation of the noise). The value of the final parameters obtained by trial and error is
in Table 1.

With these parameters we trained the ensembles of three and nine networks. We re-
peated this process of training an ensemble ten times for different partitions of data in
training, cross-validation and test sets. In order to obtain a mean performance of the
ensemble for each database (the mean of the ten ensembles) and an error in the per-
formance calculated by standard error theory. The results of the performance are in
table 2 for the case of ensembles of three networks and in table 3 for the case of nine.

Table 1. Parameters for different ensemble methods

Cels Ola Deco |Deco2| Bag
Networks in | Networks in Noise
Ensemble | Ensemble

3 9 3 9
Balance | 0.1 | 0.1 | 0.5 | 0.5 1 0.6 | 0.1
Band 0.5 025 05| 0.5 1 0.6 | 0.2
Bupa 0751 0.1 | 05| 06 | 08 | 0.2 | 0.1
Credit 0.1 075 0.6 | 0.6 | 0.2 | 0.2 | 0.7
Glass 02501 |03 |02 1] 06| 06|02
Hear 0.5 025 03|04 ] 06| 06 | 04
Monkl [ 025| 0.1 | 02 | 0.2 | 0.6 | 0.6 | 0.1
Monk2 | 0.1 | 0.1 | 0.6 | 0.6 | 0.4 | 0.8 | 0.1
Vote 05 (075|103 | 03] 04| 06 | 0.1
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Table 2. Performances of the different methods for an ensemble with three networks

DATABASE
IMETHOD|Balance] Band | Bupa | Credit | Glass | Hear | Monkl |Monk2| Vote
Single 87.610.6(72.4+1.0|58.31£0.6(85.6+0.5|78.5£0.1| 82.0£0.9 | 74.3+1.1 |65.9+£0.5|95.0+£0.4
Network

|Adaboost |95.9+0.5|73.1+1.4|72.4+1.7|85.8+1.0|192.8+1.6] 8142 707 79.0+1.8]95.6+0.7
Bagging [94.6£0.9|72.9+1.3(72.6+1.6/87.2+0.5{93.8+1.1|84.2+1.1| 98.3+1.0 | 87£1.6 | 96.1+0.7
Bag Noise [90.6£0.7|76.2+1.0{64.4+1.5|86.7+0.6(81.0+1.2(82.9+1.2 | 98.6+0.9 |89.1£1.7| 96.6+0.5
Boosting [94.840.7|73.6+1.3(70.7+1.2|186.5+0.592.8+1.1|81.7£1.4 | 98.5%1.4 8712 194.9+0.6

Cels 96.0+0.5|73.3+£1.0/69.3+1.4|86.8£0.7(94.4+0.8| 83.2+1.3 100+0 100+0 | 95.5+0.6
CVC 94.5+0.6|72.5+£1.0(72.7+1.5|87.0£0.6(92.4+1.0| 84.6+1.0| 97.0£1.5 |82.1£1.2]96.3+0.6
Deco. 96.6+0.3|86.6%0.7|72.5+1.4|86.6£0.7|194.6+0.8{ 82.9£1.3 | 98.9+1.1 |90.0+1.6|95.9+0.6
Deco2 95.84+0.4|72.7£1.6|72.7+1.6|86.4£0.7(95.4+0.8]| 82.9+1.5| 99.1£0.6 |89.8+1.1]95.5+0.6
IEvol 5716 59+4 142.0+1.9|53.8+1.8| 44+7 58+2 51.4%1.1 57+5 6214
Ola 90.2+1.0| 68+2 6912 [84.4+0.9] 772 [79.24£1.9]99.87+0.12|71.5£1.9| 87.9%1.5
Simple.

95.8+0.7|73.5£1.2|71.9+1.4|86.3£0.8|93.6+0.6{82.9£1.3 | 98.6+0.9 |90.5+1.1|95.6+0.5

IEnsemble

Table 3. Performances of the different methods for an ensemble with nine networks

DATABASE
IMETHOD|Balance| Band | Bupa | Credit | Glass | Hear |Monkl | Monk2| Vote
|Adaboost [96.0+0.5|72.0+1.9(72.1+1.8|85.1+1.0 | 9444 |[80.5t1.5 -- 8212 [95.4+0.6

Bagging |95.240.6(74.2+1.4|73.0+1.2 | 87.24+0.6 [95.8+0.9|83.7+1.1|99.3+0.8 | 88.4£1.3| 96.5£0.6
Bag Noise | 90.9+0.8[74.4+1.6| 652 |87.1+0.5 [81.8£1.2(82.9+1.1|98.6+0.9[91.5£1.4|96.5+£0.6

Cels 95.710.6(72.2+1.4|72.3%£1.2| 86.4£0.6 |95.84£0.8 |82.9+1.4| 1000 | 100+0 |95.9+0.7
CVC 95.5+0.6(74.5£1.4|72.3%1.1| 86.8+£0.8 |93.6£0.8 | 83.2+1.3199.3+£0.8 |89.8+1.2| 96.1+0.7
Deco. 96.9+0.4(73.1£1.2|71.1£1.2| 86.5£0.7 | 95.4£1.083.2+1.4]|99.3+£0.8 |92.1+1.0| 95.5+0.7
IDeco.2 96.2+0.5[73.8+£1.2|72.0£1.2| 86.3£0.7 | 94.6£0.8 | 83.6+1.5|99.1£0.6 | 91.4+1.0| 95.5+0.6
IEvol 46£6 58+4 55+3 54+4 51+8 63+5 55+2 6214 66x7
Ola 89.2+1.0(68.5£1.7|69.3£1.4| 84.9£0.9 | 604 [66.6+1.5| 94£3 [70.6%1.3|60.6+£0.9
Simple

95.4+0.7(73.6£1.2|71.9£1.2 | 86.6£0.7 |94.84£0.7|83.1£1.5(99.4+0.6|91.1£1.1 | 95.6£0.5

IEnsemble

We also include in table 2 the performance of a single network for comparison.

As commented before, for ensembles Adaboost, Cels, and Boosting, there is a par-
ticular method to combine the outputs of the network and we have also used output
averaging. In tables 2 and 3 we have included the best results of these two methods of
combining the outputs, which are output averaging for Boosting and Adaboost. Also it
is output averaging for Cels except for the case of databases Monk1 and Monk?2 in the
ensemble of 3 networks.

By comparing the results of table 2 with the results of a single network we can see
that there is a clear improvement by the use of the ensemble methods. The improve-
ment in performance of the simple ensemble ranges from 0.6% in database Vote to
24.6% in Monk2, so it is problem dependent.
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There is, however, one exception in the method Evol. This method did not work
well in our experiments. In the original reference the method was tested in only one
database, the database Heart. The results for a single network were 60%, for a simple
ensemble 61.42% and for Evol 67.14%. Comparing with our results, the results of
Evol are similar, but our results for a single network and a simple ensemble are clearly
better.

Comparing the results of the other ensemble methods with the results of a single
ensemble, we can see that the differences in performance are low.

Now, we can compare the results of tables 2 and 3 for an ensemble of 3 and 9 net-
works. We can see that the results are similar and the improvement of training 9 net-
works is marginal. Taking into account the computational cost, we can say that the
best alternative for an application is an ensemble of three networks.

We have also calculated the percentage of error reduction of the ensemble with re-
spect to a single network. We have used equation 5 for this calculation.

— PerError,

ensemble

PerError.

sin gle network

=100

PerError

reduction

5
PerError. )

sin gle network

The value ranges from 0%, where there is no improvement by the use of a particu-
lar ensemble method with respect to a single network, to 100% where the error of the
ensemble is 0%. There can also be negative values, which means that the performance
of the ensemble is worse than the performance of the single network.

This new measurement is relative and can be used to compare more clearly the dif-
ferent methods. In table 4 we have the results for each database and method.

We have also calculated the mean of the percentage of error reduction across all the
databases, which is in the last column. This value can be seen as a global mean per-
formance of the method across all databases. According to this mean percentage the
best method is “Decorrelated” and the second “Cels”. Also, there are only four meth-
ods which perform better that the simple ensemble.

Table 4. Percentage of error reduction with respect to the single network for ensemble of 3
networks

DATABASE

METHOD BalanceBandBupa| Credito | Glas | Hear | Mokl | Mok2 | Vote | Mean
|Adaboost 66.9 2.5 |33.8 1.4 66.5 -5.6 | -16.7 | 384 12 22.1

Bagging 56.5 1.8 |34.3 11.1 71.2 12.2 93.4 61.9 22 40.5

Bag Noise 242 | 13.8]14.6 7.6 11.6 5 94.6 68.0 32 30.2

IBoosting 58.1 4.3 1297 6.3 66.5 -1.7 94.2 61.9 -2 35.3

Cels 67.7 33 (264 8.3 74.0 6.7 100 100 10 44.0

CVC 55.6 0.4 | 345 9.7 64.7 14.4 88.3 47.5 26 37.9

IDecorrelated 72.6 |51.4]34.1 6.9 74.9 5 95.7 70.7 18 47.7

IDecorrelated2 | 66.1 1.1 | 345 5.6 78.6 5 96.5 70.1 10 40.8

IEvol -246.8 [-48.6(-39.1| -220.8 |-160.5 | -133.3 | -89.1 | -26.1 | -660 -180.5
Ola 21.0 |-15.9]25.7 -8.3 -7.0 | -15.6 | 99.5 164 | -142 -2.9

Simple 66.1 | 40 [326] 49 | 702 | 5 | 946 | 721 | 12 | 402

I[Ensemble
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Finally, we think that, perhaps, the differences among the different methods will
become more important for ensembles of higher number of networks. For example, in
reference [2] the ensembles were of 40 networks. As we pointed out before, we think
that such ensembles are impractical for applications due to the computational cost.
Anyway, a future research will go in this direction.

4 Conclusions

In this paper we have presented a comparison of eleven different methods to construct
an ensemble of networks, using nine different databases. We trained ensembles of a
reduced number of networks, in particular three and nine networks, because in this
case the computational cost is not high and the method is suitable for applications.
The results showed that there is a clear improvement by the use of the ensemble meth-
ods. Also the improvement in performance from three networks in the ensemble to
nine networks is marginal. Taking into account the computational cost, an ensemble of
three networks is the best alternative. Finally, we have obtained the percentage of
error reduction with respect to the performance of a single network and the mean
value of this quantity over all databases. According to the results of this measurement
the best methods are “Decorrelated” and “Cels” and there are only four methods
which perform better than the simple ensemble.
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Abstraet. This work presents a flexible reconfigurable approach to a bio-
inspired spiking neuron. The main objective of this contribution is to evaluate
the silicon cost of the implementation of time-dependent conductlances in
spiking neurons, The design presented here has been defined using a high
level Hardware Description Language (HDL). This facilitates the exiraction
of simulation results, and the easy change of the circuit, The paper discusses
how different aspects of time-dependent conductances can be particularized
in the circuit, and their hardware requirements.

1 Introduction

This work has been developed in the framework of SpikeFORCE [1]. This consor-
tium is composed by researchers with expertise in the fields of neurophysiology,
computational neuroscience and hardware implementation. One of the goals of the
consortium 1s to develop bio-inspired computational primitives based on biological
systems for motor control. In particular, one of the addressed topics is to study dif-
ferent aspects of biological neurons that can be implemented through specific hard-
ware and used for robot control. Different features of biological synapses could be
taken into account: synaptic plasticity (learning rule), time-dependent post-synaptic
conductivities, connechion/propagation time latencies, ete. In this paper we focus on
evaluating the hardware cost of implementing the time-dependent post-synaptic
conductivities through shifting registers.

Spiking neurons are difficult to simulate efficiently through conventional compu-
tational architectures (single processor platforms) [2]; it is very time consuming and
inefficient. Several spiking neurons hardware platforms have been developed in the
last years [3, 4]. Besides the interest of spiking neurons in the context of biologi-
cally plausible simulations of neural processing schemes, their potential capabilities
are also being studied in different application fields [5, 6, 7, 8, 9, 10, 11].

In this paper we propose a hardware implementation of a spiking neuron model.
We use Event Queve Matrices (EQM) for emulating the gradual injec-
tionfsubtraction of charge due to the time-dependent post-synaptic conductance. We
present a study of the cost of this feature in terms of number of gates and computa-
tion time.

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 145-152, 2003,
(©) Springer-Verlag Berlin Heidelberg 2003



146 lduardo Ros et al.

Biological synapses inject or subtract charge during a time interval following a
time-dependent function modulated by the ion channels activated by specific neuro-
transmitters. It is not clear yet if this time-dependent feature represents a computa-
tional useful resource or it can be just neglected, because it only shows a biology
limitation in the speed that the membrane potential can be modified by neurotrans-
mitters. There are other hardware approaches that also include some variations of
this feature [3, 12, 13].

Section 2 introduces the neuron model description and illustrates how EQM's of
different accuracy lead to distinet output spiking time signatures. Section 3 de-
scribes the hardware implementation of the neuron, and finally, section 4 summa-
rizes the conclusions.

2 Neuron Description

The neuron model schematic is shown in Fig. L.

Nose|
Vﬂ“
Excitatory
Synapses
o -
s Vii I Axon Hillock

Va1 l

Fig.1. Neuron schematic. In each synaptic block is symbolized the time-dependent condue-
tance function (Tey,)

The neuron model is composed by the following blocks:

a. Synaptic contribution

Each time that a spike reaches an excitatory (or inhibitory) synapse, the neuron
membrane potential (Vy) is affected by a charge injection (or sublraction) process,
modulated by the synapsc characteristic function (Fyy,). This characleristic function
applies for the biological neurotransmitter driven ion channel apertures that are
responsible of the Excitatory or Inhibitory post-synaptic conductances.
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The recent input history of the neuron 1s stored in order (o be able Lo compute the
gradual charge injection/subtraction process. This is done through an Event Queue
Matrix (EQM), in which each row stores the last spikes arrived to each synapse.
Therefore we need a TN matrix, where T is the number of time steps considered
for the synaptic characteristic function (F,.,), lL.e. the gradual charge injec-
tion/subtraction process. N is the number of svnapses of the neuron. This matrix
storages only (s (no spike received) and 1’s (a spike arrived) and is shifted in each
time step.

The membrane potential computation (Vi) is affected by the recent synaptic
spikes following the expression (1).

01 . Fsyn(l) W1
1 . . .| |Ea@]|]|ws
Ve=Vetlo 0 1 ol w || o [ BV (1)

Each lime that a new spike armives 1o a synapse, a new event (1) is added on the
lelt position of this particular synapse row. This cvent queue matrix is shifted right
in cach time step. Therelore. the synaptic contribution is transferred during some
lime steps, as the evenl evolves along the EQM. For our implementation (Section 3)
we have ¢hosen an approximated fincuon o the one proposed in [14] (represented
in Fig, 2).

. (i e | B 7 o = = e
< @ |5 ® ©

|
. | omm

11

]

i i} [ .||r-‘]:-||.-:J
Terw (1) Tt i) Tha |1

Fig. 2. Representation of iy using different accwracy for the time~dependent conductance,

with 4 steps (a), 8 steps (b) and 16 steps (¢). The continuous Line follows the expression

{2.a), while the blocks represent the conductances al the different time-steps of the TOM.

These can be calculated with the expression (2.b)

— —(r—r‘-""% (2.a)

Fopn = s '€

- In(0.1)(2n—1 (2.b)
Fs_\rn =g '€ %‘L s on=0,..(L-1

Where F sy 18 the maximum of the synaptic cfficicncy during the injection

Jsubtraction process, L 1s the length (in time steps) of the EQM and # the time steps
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clapsed since the spike arrived to the synapsc. To conerete this synaptic function
characteristic into a biological model, we can take the example of a Deep Cerebellar
Nuclei (DCN) [14] where the characteristic parameters of an inhibitory synapse for

the comparative approximation are ( F,, =40 nS, 7=5 ms), being the synaptic con-

ductance expressed in nS. It must be noted out that expression (2.b) only approaches
the form of eq. (2.a) when we take from the maximum of the synaptic efficiency to
the 10% of it, Furthermore, expression (2.a) gives the synaptic conductance in terms
of time steps, not time. Considering time windows of the order of milliseconds as it
is the case of the DCN, would require too many shifting and multiplying resources
{depending on the clock rate of the circuit),

b. Resting potential
In the absence of external stimuli the membrane potential (V) tends toward the
resting potential (V) due to the passive decay term expressed in eq. (3}

Vi =V +Tres '(Vresr - Vx) . (3)

c. Axon Hillock: oulput spikes generation

Whenever the membrane voltage (V) reaches the firing threshold (V) the Axon
Hillock fires an output spike, Si(t) (eq. (4)), at the same time as V; is depleted to a
post-spike potential minimum value (Vp,e). We do not introduce any explicit
mechanism for the post-spike refractory period.

s, (r)=Z5(r—r}’*)) . C)

Where t,° are the time instants in which the firing threshold is reached as ex-
pressed in [14].

It can be seen in Fig. 3 how different input rates lead to exponential curves to-
ward Egyp. The time constant of this evolution depends on the weight and the input
rate. It can also be observed how the neuron evolves to the resting potential in the
absence of input spikes. Fig. 4 further illustrates the neuron dynamics.

The simulations shown in Fig. 4.b illustrate how neuron models taking into ac-
count different EQM accuracies lead to different output spiking times Si(t).
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Mcmbrane Potential

Mon 1600

Time steps

Fig.3. Membrane potential evolution (COM of 8 synapses and 16 time steps) of a neuron
receiving different excitatory input rates until time step 800, The input spikes are randomly
generaled with a fixed probability. The neuron does not receive any inpul spike atler the time
step 800, only the passive decay term remains

() (b)

Fig. 4. Neuron dynamics. (a) A neuron receives excitatory spikes (plots at the top). These
inputs drive the membrane potenrtial (middle plor) to the firing threshold three times before
T1 producing outpur spikes (bottom plot). Between T1 and T2 the neuron still receives
excilatory spikes, but not enough (o reach the [iring threshold. Afier T2, the passive decay
term leads Vi (o the resting potential, (b) The plots correspond 10 the neuron membrane
potential evolution using a 16 long CQM of 4 values (upper plot, approach illustrated in Tfig.
2.a), 8 values (middle plot, approach in I'ig. 2.b) and 16 values (botiom plot, approach in
Fig. 2.¢)
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3 Hardware Implementation

A complete neuron needs of different storage resources:

0

Event Queune Matrix (EQM). It stores the recent story of the neuron (the re-
cently received spikes). It can be implemented with a set of shifting registers. A
single register for each synapse, the length of the registers depend the mumber of
time steps that lasts Foy,. This register set implements the matrix of expression
{(1). In each clock cycle the whole event matrix is shifted right. Each of its rows
{events corresponding to a particular synapse) is multiplied by the charge contri-
bution vector (that characterizes Fyo) and, finally, multiplied by the synaptic
weight.

Weight vector. The weight of each synaptic connection. These will be only
modified by the learning rule. If learning is done off-line they can be considered
constant.

Membrane potential. The membrane potential of each neuron.

Output value. This is just a bit that is driven to 1 each time that the firing thresh-
old 1s reached, and zero during the rest of the time.

In the design presented here we can chose a function Fy, of different forms, for

instance the one expressed in eq. (2) [14] (represented in Fig. 2). But other kinds of
Fou could easily be implemented because we are using characterising LUTs for
defining the time-dependent conductance form.

1.

2.

The neuron model computations are:

The whole EQM is shifted right and the new events are incorporated in the left
position of EQM. This can be done through a set of shifting registers in parallel.
Each row of the synaptic matrix must be multiplied by the synaptic characteristic
function (Fy,). All the events contributions are summed and the result is multi-
plied by the weight. These operations can be done sequentially for each synapse
in the neuron, or in parallel, implementing a specific circuitry for each synaptic
contribution in each neuron.

. The resting contribution must also be computed.
. Finally, in order to compute the whole neural structure, each nevron can be com-

puted sequentially, or in parallel replicating the circuit.

In the chose approach, all the computations required to evaluate the state of a

single neuron are done with some parallelism. These computations are: EQM shift-
ing, new events charging, synaptic contribution computation for all the synapses
{sequentially for each value of the Event row in the EQM). All the neurons are
computed in parallel. Therefore, the size of the circuit grows up with the number of
neural elements.

In the following tables we present the implementation characteristics. Each de-

sign is evalvated with the [ollowing parameters:

. Number of gates.

. Number of slices (in a Xilinx device).
. Computation time.

. Consumed ROM bits,
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All these parameters have been extracted vsing Handel-C [15] as description lan-
goage and the DK1.1 development environment. We use a RC1000 prototyping
board [15] of Celoxica to evaluate and test the designs. This prototyping board in-
corporates a Virtex-E 2000 Xilinx device [16] in which the different designs have
been programmed.

We have tested different neural structures. The design has been done in a very
modular way, and therefore it is easy to change the neural configuration to be pro-
grammed. In the examples in the tables below are presented some nevral structures.

The designs deseribed in Tables 1 and 2 allow a maximum global clock rate of
15.5 MHz. As the EQM length is increased it is shown (Table 1) how the number of
required gates per neuron grows up. The computation time also increases because
the system computes the synaptic contribution sequentially for each value of the
Event row in the EQM. We see how as the number of neurons grows the number of
required gates grow (Table 2). The computing time of neural structures of more
elements would be the same, provided that all the neural elements are computed in
parallel.

Table 1. Implementation cost and computing time of 2 neurons with different COQM lengths

EQM Number of Number Computing ROM memory resources
length gates Slices time
(microseconds)
4 117.704 7331 2.19 4 blocks of 16x1
8 118.951 7410 297 8 blocks of 16x1
16 120.932 7564 4.52 8 blocks of 16x1

Table 2. Implementation cost with different nuiber of neural elements (EQM length: 16
positions)

Number of Neurons  Number of gates  Number Slices  ROM memory resources

2 120.868 7363 6 blocks of 16x1
4 130.805 8477 6 blocks of 16x1
8 163.823 11449 6 blocks of 16x1

4 Conclusion

We have presented a reconfigurable implementation of a spiking neuron that
incorporates post-synaptic time-dependent conductances. We illustrate the

behaviour of the model and how different synaptic characteristic functions { Fi,, )

affect the neuron firing times. We estimate the silicon cost of this feature presenting
different neuron implementation with different EQM lengths to evaluate the
compitational time and the resources requirements. The synaptic time-dependent
conductances are normally simplified in most spiking models because its simulation
is very time consuming. In this contribution we evaluate the hardware requirements
of this feature using a shifting registers approach. The Spike Response Model [14]
that includes this synaptic charactenistic is of special interest for synchronization
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this synaptic characteristic is of special interest for synchronization processes [14,
17]. The presented approach does not use event-driven simulation schemes [18],
therefore it is only of interest for very active neuron structures or for real-time con-
trol/processing.
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Abstract. Based on the utilitarian navigation concept, the paper intro
duces a recurrent neural network for the search of sensory sources by a
mobile robot First, a utility function for sensory based search is defined
and a dynamic optimization process is obtained Next, a bio inspired
neural model of sensory motor coordination is proposed The paper ana
lyzes the proposed motor neural circuit in more detail, using a dynamic
model of the respective motor neurons Experimental results confirm the
viability of the recurrent neural model for implementing sensory based
search by a mobile robot

1 Introduction

The perception planning action cycle, or PPA for short, is a consolidated para
digm for the design and implementation of autonomous robotic systems [1] In
fact, the PPA cycle is a basic principle of the symbolic approach to artificial in
telligence (AI), so that the “brain” of the robotic system designed according to
this principle can be viewed as a symbol crunching processor [2] Under the PPA
umbrella, the interaction between the robot and the environment is characterized
by a double transformation: (1) from perception of sensory data coming from the
environment to symbols in the robot memory and processors and (2) from pro
cessed symbols within the robot to physical actions in the environment, closing
the PPA cycle again

Over the last few decades, the symbolic approach to AI has received severe
criticism from different perspectives; mainly, from connectionism and from the
so called dynamic approach to cognitive processes [3 5] The roots of these crit
icisms are philosophical, as they are based on the claim that animal and, in
particular, human intelligence is not based on symbolic processing However,
most of the connectionist neural models can be considered as being not too far
removed from symbolic computation [6] An exception are the biologically ori
ented neural models, in which the sensory signals entering the neural network
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are not transformed into symbols, and the efferent signals are directly converted
into physical actions (usually, physical movements) The dynamical systems ap
proach to AI, which can be considered very akin to what is known as artificial life
(AL), is non symbolic computation, as the acting variables representing physical
entities dynamically evolve according to specific mathematical equations These
variables are not symbols of real entities, but the numerical representations of
those entities De facto, the non symbolic connectionist models can be inter
preted as dynamic systems based on direct, non symbolic, representations of the
external world

In our opinion, another essential drawback of the symbolic approach to
robotics is that it is intrinsically static A robot interacting with a physical en
vironment is eminently a dynamic system and, therefore, the above mentioned
double transformation of signals symbols signals and the strictly dicrete time
computation of the symbols are virtually insurmountable obstacles for real life
robotic applications

In this paper, we present a method for sensory source search by an au
tonomous robot The method is based on the utilitarian navigation concept We
also introduce a bio inspired recurrent neural network for the implementation of
sensory search

2 Utility Functions Optimization and Sensory Search

In [7] and [8], we introduced the concept of utilitarian navigation, a novel tech
nique aimed at solving the low level or local navigation problem in the sensory
motor coordination of autonomous robots Utilitarian navigation formalizes the
navigation of a mobile robot as a functional optimization problem, which makes
it possible to unify two basic skills of any physical autonomous agent like a mo
bile robot: obstacle avoidance and sensory source search and evasion From this
utilitarian perspective, the basic navigation activities of collision avoidance and
sensory search or evasion are performed as a consequence of the optimization of
some utility or performance indices Briefly, at the local level, the robot’s basic
movements are driven by the maximization or minimization of utility functions
computed by the robot sensors

We also demonstrated that the well known artificial potential field (APF)
method can be derived from our utilitarian concept and, furthermore, we devel
oped a much simpler mechanism for dynamic obstacle avoidance A very intuitive
and direct way to illustrate the idea of utilitarian navigation is the sensory source
search problem, in which the purpose of the robot is to reach the sensory source
as efficiently as possible Now, let us suppose that our robot is equipped with two
symmetrically placed sensors as shown in Fig 4 An optimal kinematics should
allow the robot to almost instantaneously turn around its vertical axis centered
at coordinates (z,y) in such a way that its dynamic equations should be

x=wvcosf ; y=wsinf ; =10
_ . _ - (1)
Tpy1 =k +Tsvcosb 5 ypy1 =y + Tsvsinby
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where T's is the sampling period Trajectory execution is extremely simple for
this holonomic robot, as the steering angle can almost instantaneously be made
equal to the desired orientation Of course, the problem is trajectory generation;
ie, the computation of the desired orientation at each instant In the sequel, we
tackle this problem from the utilitarian approach

3 A Bio-Inspired Model for Sensory Search

Using the same concept of utilitarian navigation, let us introduce an utility
function based on the difference between the two sensor readings

Tay0) = 5wy L0 = 16,0 &)

where I; and I, are the left and right sensor readings, respectively

Due to the symmetrical structure of the sensors, it is straightforward to
deduce that the optimal robot orientation, as regards the search of the sensory
source, is the performance index minimum Therefore, the optimal dynamics of
the robot’s control variable ¢(t) is

oJ

¢ = N% (3)

which leads, in the discrete time domain, to the well known difference equation
of gradient based minimum search

Pr+1 = W g—; (4)
(Zr,yr)
where p is a very tricky scaling factor that modules both the speed and the relia
bility of the control trajectory towards the optimum equilibrium point J(z,y,t) =
0, which, theoretically, represents the situation in which the robot orientation
coincides with the sensory source; ie, I;(z,y,t) = I.(z,y,t)

The conceptual block diagram of our utilitarian robot in search of sensory
sources is depicted in Fig 1 Basically, the robot action is modelled as the rate
of change of its heading position or steering angle, ¢(t), which is, in turn, driven
by the minimization of a sensory based utility function J, as determined by
expression (3)

It can be straightforwardly demonstrated see Fig 1b  that this utilitarian
strategy coincides with a pure proportional control law for the case in which the
performance or utility function is quadratic and a priori known:

T =56 dw) =56 6 5)
As, in this case, we get

¢ = ug—‘;z w(é  Gopt) (6)
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Fig. 1. Block diagram of the utilitarian robot searching sensory sources The equivalent
conventional feedback loop is shown in (b)

which produces stable robot dynamics towards the optimum steering angle ¢,
Additionally, as # = ¢, it means that the robot orientation coincides with the
optimum steering angle

For real life situations, however, a priori known performance indices are out
of question In fact, the robot must discover the existing sensory sources by itself
with the aid of its sensors alone In summary, the function J(¢) is, by its very
nature, dynamic and unknown, and the robot searches the optimum orientations
guided by the instantaneous gradient of the utility function, which, in turn, is
based on the sensory information emitted by the source

Having established the basic algorithm for the sensory search task, let us now
introduce a recurrent neural network to materialize the sensory search

4 A Recurrent Neural Network Implementing the
Sensory Search

Fig 2 reproduces the schematic neural model that we propose to implement the
sensory search based on utilitarian navigation

In our model, the sensory neural groups SNG; and SNG,. provide the sensory
data collected at the physical sensors S; and S, respectively This information
is processed in the motor cortex as, basically, an estimation of the difference
or the gradient of both sensor measurements, giving rise to the signals sent
towards the spinal cord, in which we have considered a neural circuit based on
two motor neurons MN; and MN, that codify the two control actions ¢; and
¢, respectively We have added two interneurons to guarantee the activation
of a single motor neuron at each instant Needless to say, we are using these
neurophysiological terms in a metaphorical sense It is interesting to note that,
in our model, the motor neuron output codifies the control action or movement
speeds, rather than absolute positions This is a very important feature to be
discussed further on

In this paper, we shall focus our interest on the motor neuron dynamics,
so that we shall consider the sensory neural groups and the sensory cortex as
functional black boxes that provide the input information needed by the motor
neural circuit to control the robot navigation towards the sensory source
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ENVIRONMENT

Fig. 2. Block diagram of an artificial neural model to embody the utilitarian sensory
search

We are going to use the simplest realistic formal model for a single motor
neuron, [9] and [10], based on the firing rate of the axon, y(t), as a continuously
time varying function of the neuron activity given by its membrane potential,
v(t) More exactly, the firing rate will be approximated by a sigmoid function,
y(t) = ofv(t),vp], where vy, is the threshold level The dynamics of a single motor
neuron is, then, given by the linear differential equation

o(t) = iv(o o+ Y wii() (7)

where vy is the equilibrium state or resting level of the membrane potential; z;(t)
are the firing rates of the synapsis entering the neuron and w; their respective
synaptic weights The parameter 7 is the time constant controling the neuron’s
trajectory towards its resting potential Fig 3 reproduces our proposed motor
neural circuit

For simplicity’s sake, Fig 3 only shows the part of the motor neural circuit
for the left motor neuron, the other one being very similar In this circuit, we
have considered a single synapsis entering the motor neuron, so that the dynamic
equations of each motor neuron are

vi(t) = l’Uz'(t) Vo 0J

i— 5 1=1Ir 8
v Hiog: ®)

The activation function o( ) is assumed to be a continuous, differentiable
function A frequently used activation function, as mentioned above, is the lo
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Fig. 3. Part of the proposed motor neural model and its connection with the environ
ment

gistic or sigmoid function

1

yi(t) = o(vi +vin) = Txe (iton)

;oi=1lr (9)
where, again, vy, is the threshold potential As previously mentioned, the robot’s
final movement is codified by the firing rate y(¢):

(]5,(15) = k)yi(t) = ko [’U,’(t) + ’U,’h] H 1= l,r (].0)

Then, we can rewrite equation (8) as

1 J@)
Uz(t) - ,Y’UZ (t) + Vo My v;i (t) )
In the simplest case of a linear activation function, y(t) = kv(t), we get the
following nonlinear equation for each motor neuron:
1 J(t)
v(t) ,yv(t) +vg p o) (12)
which can be straightforwardly analyzed So, for J = 0 the membrane potential
v(t) tends towards its resting level, at which value the motor neuron will stop
firing and, therefore, ¢ = 0 holds For J > 0 ie, the steering angle is moving
away from the optimum direction the negative term p'J/v will decrease v(t)
in such a way that the steering angle will turn towards the optimum orientation
again Inversely, for J < 0, which is also equivalent to moving away from the
optimum orientation but in the other direction, the positive term p'J/v will
now increase the membrane potential and, consequently, the steering angle will
start to change its orientation towards the optimum
If we consider the dynamics of the robot environment couple from the con
trol variable standpoint, after some computation, we finally get the following
equation:

=l,r (11)

0J

M'6—¢ (13)

.1
¢+ =¢ = kv
Y
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which, obviously, includes the motor neuron dynamics Note that the neural
circuit has transformed the pure utilitarian first order equation (3) into a second
order equation in the control variable ¢(t)

The autonomous solution given by the characteristic equation is

6(t) = [9(0) +76(0)]  79(0)e /7 (14)

which guarantees the stability of the unforced dynamics The forced solution is
composed of a constant term proportional to the resting potential ie ,the term
that makes the robot stop at ¢ =0 and an environment dependent term given
by % As discussed earlier, the latter term drives the control variable towards
the optimum orientation, which corresponds to the utility function minimum

In conclusion, the proposed recurrent neural network behaves in such a way
which guarantees that the control variable of interest, ¢(t), converges to the opti
mum orientation, given by the minimum value of the sensory based performance
index (2) In Fig 4, we present different trajectories, in which the robot always
finds the optimum orientation We have considered different sensory functions
and different initial robot orientations towards the sensory source

World Hobot Trace Help World Bobot Trace Help
e 0ee | ceppse |
[ [

& &

Listening... [ Listening... [

Fig. 4. Experimental sensory search results with the robot using the neural model for
sensory motor coordination Note the two symmetrically placed sensors

5 Concluding Remarks

We have introduced a recurrent neural network for implementing the sensory
search task of a mobile robot We have used the idea of utilitarian naviga



160 Dario Maravall et al.

tion, in which the robot is under a continuous drive to optimize performance
or utility functions To this aim, we have defined a utility function to evaluate
the robot’s orientation towards the sensory sources The implementation of the
robot search is based on a recurrent neural network that performs the appropi
ate sensory motor coordination Finally, we have presented experimental results
demonstrating the viability of the neural model to materialize the sensory search
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Abstract. Given that a robot is no more than a Knowledge Based
System taking control of the interaction with the environment of a phys
ical platform with sensors and effectors, it seems natural to integrate
the tasks and methods used in Autonomous Robotic (AR) in the broad
field of Knowledge Engineering (KE) This is the global objective of this
paper We illustrate the approach from a situated perspective That is,
for a specific class of robots in a specific class of environments The usual
methodology in KE is applied to model, operationalize and implement
the inferential schemes corresponding to the endogenous modeling of the
environment and the navigation tasks The paper ends with the contri
butions to a robotic ontology, emerged in the modeling phase

1 Introduction and Problem Statement

The genesis of this work cames from the detection of the apparent disparity
between the methodological developments of the Knowledge Engineering (KE)
and the proposals presented in parallel within the field of the Autonomous
Robotics (RA) While in KE we talk about generic tasks, problem solving meth
ods (PSM’s) and inferential schemes, in AR the equivalent terms are robotic
architectures, sensory and motor functions, modeling of the external environ
ment, planning and control Both fields use symbolic, connectionist and hybrid
PSM’s to decompose (solve) those previously mentioned tasks, to end both using
also the same libraries of formal tools to operationalize the different primitive
inferences, by means of which we have decomposed the tasks It seems then log
ical to integrate both fields (KE & AR) by creating a common ontology and
describing how the present methodological developments in KE can be used to
model, operationalize and program AR applications

Since the introduction in 1981 of the knowledge level (KL) by Newell [11], and
the equivalent “theory of calculus” by Marr [9], it is generally accepted that the
main task in KE is first modeling knowledge of tasks and PSM’s at the KL, and
in the domain of the observer external to the computation, and then to rewrite
formally the computable part of these models Underlying all this methodological
trend is the distinction between two types of knowledge: (I) Knowledge of tasks,
PSM’s and control structures, that can be reusable in different applications (II)
Domain specific knowledge, characteristic of each application domain Again, a
part of this domain knowledge can be reusable by means of ontologies

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 161-168, 2003.
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This methodological tendency started with the proposals of Clancey [3] and
Chandrasekaran [2] and is represented in CommonKADS [1] and Protégé in its
functional orientation and in the object oriented perspective by languages such
as UML, reinforced recently by the success of standardized languages in web, as
HTML and XML Special mention deserves the attempt to develop ontologies
description languages such as DAML+OIL [5,7,4], which has evolved up to the
OWL language [10] This enables us to reach a certain consensus on ontologies
and, also, on the basic components of reasoning while reducing at the same
time the development period and increasing the explanatory capacity and the
knowledge acquisition ability There have been some attempts to build specific
ontologies for robotics but their results are still very general and, consequently,
scarcely reusable

If we look now at the AR, we observe that an important part of its com
putational developments are linked to unique implementations (at physical and
symbol levels), in an attempt to develop different languages for robot program
ming Because of this uniqueness, a great part of these results cannot be used
again when we change the task and/or the robot platform and/or the environ
ment Thus it is not easy to repeat experiments, reuse architectures and, at
the end, to have available proper computational tools for the validation and
evaluation of knowledge models and its implementation

We therefore believe that AR should look at the KE to contribute in the
building up and use of a common methodology, a library of PSM’s and a do
main ontology We must keep in mind that, at the end, a robot is no more than a
Knowledge Based System (KBS) on top of a physical platform with sensors and
effectors Consequently, we can also make the distinction between two types of
knowledge in RA: (I) Knowledge on generic robots performing tasks of Percep
tion (P), Decision (D), and Navigation (N) in generic environments of a certain
family, and (II) knowledge on specific robots performing (P, D, N) tasks in a
specific environment A summary of both types of knowledge is included in an
ontology for AR

The rest on the work reported in this paper is organized as follows In sec
tion 2 we describe a generic wheeled robot Section 3 summarizes the task of
endogenous modeling of the external environment and includes the inferential
scheme of a simplified version of the ‘“zone characterization subtask” Then, we
describe the navigation task and the set of recurrent abstractions, that enable
us to rewrite a substantial part of the behavior planning tasks in terms of a
common set of graph search subtasks We conclude with some comments on the
implementation

2 Ontological elements of a wheeled robot

Analyzing the different groups of sensors and effectors most frequently used in
AR, we can observe that practically all sensors include motors as components
for the sensor orientation task, and also the motors include sensors as compo
nents for the robot proprioception task This duality enables us to abstract an
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Knowledge Engineering (KE) Architectures for Robots (AR)
(Knowledge Based Systems, KBS) |(Robotic Systems = KBS+Platform)

Generic Tasks (analysis, modification, | Generic Robots (wheeled class )

synthesis), PSM’s, Primitive Inferences, Generic Environments (2D)
Input and Output Roles Perception & Navigation Tasks,
PSM'’s, Inferences
Domain Ontology Robotic Ontology

(Hierarchies of entities and relations)

Table 1. Correspondence between KE and robotic architectures (RA)

ontological element, the “sensory motor group”, which can be used to describe
groups of sensors with self movement as well as groups of motors with sensory
proprioception In a recursive manner, this generic element can define all the
hardware of a wheeled robot

A “sensory motor group” is defined by its composition (sensors, effectors and
groups) and by the state of movement, which includes the values of position,
velocity and acceleration of the group in relation with the father group in the
hierarchy From this point of view, the motors in charge of providing the move
ment of a group does not belong to this group as effectors but as attributes
Associated to these groups there are functions of configuration, initialization,
data request and ordering of movements From the description of these sensory
motor groups in DAML+OIL [5,7,4] we have extracted the following entities for
the ontology:

Classes: robot components, sensory motor groups, sensors, effectors

Properties: horizontal field, vertical field, is composed by, initialization, reading,
magnitude, movement, position, type, mazrimum value, minimum
value

Figure 1 shows the hierarchy of classes in the ontology and the edition in OilEd
(DAM+OIL) of the “sensory motor group” class

3 The external environment endogenous modeling task

This task can be considered as the incremental design of an adaptive graph The
nodes of this graph will store “regions of the space” and the arcs represent the
“state of the connectivity” between these nodes [8,6] To represent these regions
we use polygonal curves centered on the robot position, which we have called
“open space polygons” Regions described in this endogenous way are essentially
different as described by an external observer and a correspondence has to be
established between these two descriptions (internal and external) to model and
program specific navigation tasks Given that the number of vertex of these poly
gons is not limited, the endogenous approach enables us to model and program
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Fig. 1. a) Hierarchy of classes in the ontology b) Edition in OilEd of the “sensory
motor group” class

a virtual expansion of the receptive field, updating more vertex than real sen
sors has the robot Thus, sensory resolution can be improved and some lesion
tolerance is intrinsic

In addition to the position of each one of the polygon vertex, the frame node
also stores information concerning the “center of areas” (invariant under small
translations and local rotations), and the “zones of the polygon” that satisfy
certain characteristics These characteristics are used to recognize the possibility
of access to other contiguous areas of open space These zones are defined by
means of concavity measures (wideness and depth of zone)

The contributions to the ontology of this topological and metrical approach
to the build up of an endogenous model of the environment are:

Classes: Graph, node, arc, polygon, obstacle, vertex, center of area, zone

Properties: Wideness of zone, depth of zone, concavity, visited zone status

These entities of the domain knowledge play different input and output roles in
the inferences by means of which the environment modeling task can be decom
posed A more formal description of this task is the “construction and up dating
of a graph” and the following subtasks are considered: Sensory data adaptation,
vertex extraction, polygon modification, zone characterization, nodes connection
and comparison, and map composition To illustrate the decomposition process
we show in figure 2 the inferential scheme corresponding to the subtask “zone
characterization” The inferences “evaluate” and “compose” are primitives [1]
and, consequently, we only need knowledge of each specific domain to make
them operational
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A
Expression

a)
|In_fer‘ence ||Sta,t'ic mle|type|Dynam’ic role| Ontology elem
EVALUATE wide In |zone label name
of zone In |zone position |position
calculus |Out |wide of zone |number
EVALUATE Deep In |zone label name
b) of zone In |zone position |position

calculus |Out |deep of zone |number

COMPOSE In |wide of zone |number

In |deep of zone |number

In |zone position |position

Out |zone zone

Fig. 2. (a) Inferential scheme of the “zone characterization” subtask (b) Summary of
static and dynamic roles and their relationship with ontology’s elements

4 Navigation task

To describe the navigation task we have to consider the restrictions imposed
by the specific robot class (wheeled, in this case) and the specific model of the
environment This model imposes the following conditions:

Each task starts with an empty map (a graph with only one node in which
the robot is situated) From this node we have available all the zones of
passage to non visited nodes, which will constitute the arcs of the graph, if
confirmed

From this initial node, the robot builds up a topological map, adding new
nodes or modifying or deleting old ones, when moving

The robot movement is in charge of a low level control, performing simple
trajectories from the actual position to the center of area of the region and
vice versa, according to the selected “mode of movement”

A supervision subtask sends to the low level control the information needed
to select, calculate and correct these simple trajectories This supervision
subtask uses the status of the topological map as input information to eval
uate the command that, in the current node, has to be sent to the low level
control
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The status of the map graph in each time interval consists of the set of visited
nodes, along with the arcs that connect these nodes each to other or with other
potential nodes still not visited Thus, the endogenous model (the graph) is
adaptive, and always unfinished, to embody structural changes consequent with
the changes introduced in the external environment Metric information is used
to confirm or reject the potential equality (or difference) between two nodes,
which topologically appears as different (or equal), figure 3

Fig. 3. Graph update The robot enters zone 4 coming from zone 3 Then, after “con
sidering” the topological properties of zone 4 “decide” to continue with the pathway
(case a) or to prune and rebuild the rest of the graph (case b)

With these requirements fulfilled, any navigation task can always be reduced
to search strategies in a graph (mainly “depth first search”) These strategies are
used to select subgraphs (pathways) that correspond to the robot navigation
trajectories in the real environment Later, these pathways are decomposed in
terms of low level commands Target navigation, surveillance tasks and auto
matic sweep of large surfaces are, among others, some of the global tasks of nav
igation, which can be reformulated in terms of search algorithms Consequently,
we can identify a set of common subtasks at an intermediate level between the
main behavior planning task and the low level control systems Some of these
subtasks are also reused in others, as shown in the dependency diagram of Fig
4 We will give here a brief informal description of them The decomposition in
other subtasks and inferences is very easy and clear due to the mainly algorithmic
nature of these subtasks

{ST0} “Adjacent node path’ This subtask is used to go from current
node to an adjacent node (known or supposed) The supervisor sends the
low level set point or preferred heading that is just the angle toward the
adjacent node
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Fig. 4. Set of recurrent subtasks included in the generic navigation task

{STO}

{ST1} “Route” To go from the current node to another arbitrary known
node in the graph following a known path, just go to the first node in the
path next to the current node using {ST0} Once completed the first step,
just repeat the same procedure but with a path reduced in one node This
will lead to the last node in the path

{ST2} “Exploration’” An exhaustive exploration of the known graph until
all accessible nodes are visited (similar to escape from mazes strategies)
uses the following procedure: If the current node already have "exits" not
visited, then select one of them and use its direction as set point {ST0}
The efficiency of the walk depends on the criteria used in the selection of
the exit: first on the right (labyrinths strategy), the nearest to one preferred
direction (deep advance strategy), the nearest toward a specific point or
metric coordinates (approximation strategy) If the current node does not
have pending "exits", then search in the graph the known node with pending
exits nearest to the current one, and then compute the path (arc sequence)
optimum to reach it {ST1} Once in the new node, apply again the same
procedure There may be other algorithms to explore a graph minimizing
the number of passes over the same node, but they are complex (require
extra memory and a stack, etc ) and they cannot guarantee success if the
map changes during the exploration

{ST3} “In-node move”: To go to an specific point inside the current node
(not the center of area), the supervisor gives the direction and the distance
of the that point as the set point for the low level control

{ST4} “Node sweep” To do a full sweep of the current node, the su
pervisor gives consecutively the points {ST3} to build a trail that coves
(depending the size of the robot) all the accessible space in the node

Implementation

The implementation has been done as a natural consequence of the ontology and
the operationalization of the inferences The data structures were defined with
C++ classes following directly the ontology obtained in the previous stages of
design The Standard Template Library was used to implement all the container
type data structures found in the entities grouping (sensor set, sensory motor
group, polygon, etc ) Remarkably, the recursive nature of the “sensory motor
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group” has a direct projection onto the class definition, which implements this
entity It includes a STL multi map container member for the components of the
“sensory motor group” Also, the Graph Template Library was used to implement
the graph data structures and their algorithms

All the functions, for management and processing related with the objects
defined in the ontology, are included as part of the classes which implement these
objects The objects directly related with each specific robot are implemented
as adapter functions, which provide the control interface with the robot

The control structures needed for the organization of the different tasks run
ning, require a parallel execution system that is not always available for systems
on board the robots and that usually have more complex programming Hence,
the execution time sharing for the parallel processes in a mono processor sys
tem was implemented with the GNU Pth (GNU Portable Thread Library) The
GNU Pth provides no preemptive threads in the user space (out of the kernel)
with time shared based on priority and the communication between the running
threads is done through shared memory structures in the same program The
threads used in the implementation correspond to simultaneous tasks in the low
level control, high level and supervision
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Abstract. In this paper we consider one of the big challenges when
conslrucling modular behavior architectures for the control of real syslems, thal
is, how to decide which module or combination of modules takes control of the
actuators in order to implement the bebavior the robotl must perform when
confronted with a perceptual situation. The problem is addressed from the
perspeclive of combinations of ANNs, each implementing a behavior, that
interact through the modulation of their outputs. This approach is demonsirated
using a three way predator-prey-food problem where the behavior of the
individual should change depending on its energetic situation. The behavior
archileclure is incrementally evolved.

1. Introduction

According to Harvey [11] when designing a behavior based architecture in a bottom
up fashion [4][2] several problems have to be considered. On one hand, the
decomposition of a robot control system into subparts is not always evident
Furthermore, the interactions between modules are more complex than direct links.
Some of them occur through the environment and, as the complexity of the system
grows, the interactions between modules grow exponentially. Thus, as the desired
complexity increases, it is more difficult to design the sysiems.

To address the problem of designing complex behavioral systems different
options are possible, from a single module that includes all the necessary mappings
between the sensors and actuators, that is, a monolithic approach, to all kinds of multi
module architectures. For obvious reasons, a monolithic approach is not practical in
systems that must grow in time and where one would like to have reusable
components, Consequently, in our work we must look towards multi-module
architectures, that is, the global behavior is decomposed into a set of simpler ones,
cach implemented in its own controller, and a method generated to interconneet them
in such a way that a final behavior is presented to the actuators.,

There are many approaches to the implementation of multi-module architectures:
hierarchical, distributed, hybrid, but the main problem is how to regulate which
modules have access to the actuators and in what proportion. Even more important,
how can we obtain this global actuation in such a way that the results occurring in
situations that have not been previously seen are meaningful?

In hierarchical modular architectures, the global behavior is decomposed, as
necessary, into lower level behaviors that will be implemented in particular

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 169-176, 2003,
(©) Springer-Verlag Berlin Heidelberg 2003



170 J. A Becerra etal

controllers. The higher-level conirollers can take information from the sensors or
from low-level controllers, and depending on the architecture, act over the actuators
or select a lower level controller for activation. The advantage of these methods is that
the behaviors can be obtained individually and then the interconnection between them
can be established. Also, it is possible to reuse the behaviors obtained when
implementing higher-level behaviors. The problem that arises is that the
decomposition is not clear in every case, as it implies a specific knowledge of what
sub-behaviors must be employed. This, in general, implics a greater participation of
the designer in the process of oblaining a global controller, Examples are the
subsumption architecture of Brooks [4] and the use of different hierarchical
architectures of Colombetti, Dorigo and Borghi [5], where the individual modules are
classifier systems.

The second possibility is that of distributed architectures, where there are no
hicrarchies and all the controllers compete at the same level for control of the
actvators each instant of time, leading to less participation of the designer, They also
preserve the level of behavior reuse. However, as a drawback, they induce a higher
level of difficulty when obtaining complex behaviors, Distributed architectures are
exemplified by the motor schema theory of Arbib [1] and Arkin [2], that explain the
behavior in terms of the concurrent control of many activities, where there is no
arbitration and each behavior contributes in varying degrees to the robot’s overall
response. As an example of distributed architectures obtained through evolution, in
[13] the authors use an incremental distributed architecture, starting from a group of
pre-established behavior modules or with learning capacity, to encode, in the
genotype of incremental length, the *“activation network™ between the modules. The
architecture is incremental in the sense that, if new modules are added, the current
activation network is preserved, so that genetic operations over that network are not
allowed. This greatly restricts the solutions that could be obtained.

An alternative classification of control architectures, introduced by Pfeifer and
Scheier [12], when obtaining an emergent behavior from a set of modules or basic
processes is to differentiate between competitive and cooperative coordination. In the
former only one process writes its output to the actuators each moment of time; the
others are inhibited or not used. Examples are the subsumption architecture [4],
sequencing, in which process outputs arc sent to the actvators in a temporal sequence;
or the winner-take-all strategy, in which processes compete against others to win the
control of the actuators (Urzelai et. al [13]). In cooperative coordination, the outputs
of two of more processes that control the same actuators are combined into a single
output to be sent to the actuators, usually through summation with different degrees,
as the previously commented case of motor schemas [1][2].

One way to bridge the gap between hierarchical architectures, usually
competitive due to the enabling-disabling nature of the top level controllers and the
ability 1o have different behaviors contribuling 1o the same oulpul in a given instant of
time as presented in cooperative architectures, usually distributed, is to make use of
the concept of modulation which would allow behaviors to interact without
consiraints and thus obtain a greater coherence degree and continuity in the global
operation of the multi-behavior architecture. In that line, we are going to consider the
application of output modulation as a way to increase the power of hierarchical
structures (and generalizing them), to realize a graceful and continuous transition
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between behaviors and as a powerful tool to be able to include within the architecture
controllers that were obtained for other problems, robots or operational conditions and
which through the adaptation of their outputs can be put to good use.

In. our work we have started from the procedure for incrementally obtaining
multi-ANN based behavior architectures developed in [3], and contemplated the
possibility of obtaining complex modulated behaviors by allowing the higher level
modules to make use of the lower level ones through modulation in addition to the
possibility we had already contemplated of using activation/inhibition. In the
following sections we provide a brief overview of the modulation possibilities,
particularized in the multi-behavior neural control, the procedure for obtaining multi
module architectures developed by our group and how modulation was introduced. In
the results section we present some examples in the predator-prey-food game and
finally, in section 5 we provide some conclusions.

2. Modulation

This concept has not been employed often in the literature on autonomous robot
behavior controllers, and mostly at the individual ANN level. Among the authors that
have done some work in this ling, we can cite Husbands and col, [7], who use their
“cag network™, in which the nodes in a spatially distributed network can emit “gases™
that modulate intringic properties of nodes and connections in a concentrate dependent
fashion. This procedure imitates the diffusing of nitric oxide, which acts as a
neurotransmitier, participating in the biological world in different modulation
processes. The authors apply this neural controller to a diseriminate behavior between
two different objects, needing fewer generations in the evolution, typically an order of
magnitude less, to obtain similar results than those obtained with binary nodes in the
neural controller. Ishiguro and col. [8] present a similar approach in which the
network nodes emit neuromodulators (their effect spreads slower and lasts longer
respect to neurotransmitters), but now specific receptors are used to locate their effect
in a synapse or in a node. The authors use the modulating structure for a walk
behavior with a simulated organism in a 2-dimensional world.

The previous examples use modulation within a single ANN. From the point of
view of multi-module architectures, some work has been carried out by Meyer and
col. [10], who considers modulation examples in the control of a Khepera robot. The
authors first evolve a neural module to move avoiding obstacles with medium-light
conditions, and afterwards evolve a second module that, depending on the ambient
light intensity, modulates the first one through connections to its neural nodes, to
continue with the correct behavior. The authors present similar examples of obstacle-
avoidance and locomotion for a hexapod simulated robot, in which a first module
generates a straight line locomotion behavior, and an additional controller, obtained in
a second stage, modulates the leg movements secured by the first controller and make
it possible for the robot to turn in the presence of an obstacle and to avoid it.

In the same line, there is a paper by Duro et al. [6] which establishes a base for a
direct modulator-modulated structure in which a network or networks modulate the
behavior of other ANNs —modulated networks—, influencing their connection weights,
in particular, directly establishing their values. Their networks were applied to 2-D
pattern recognition under different rotations, or to the gradual modification of
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functional forms. This approach applied to the modulation of behaviors permits a
gradual transition of bebaviors, determining, throughout the modulation, the final
function the modulated network is carrying out.

Taking into account that the concept of modulating the operation of an ANN
implies adapting the values that result from it through some external action, from a
systematic poini of view, modulating structures can be classified into three primitive
groups: structures that act on the input, structures that act on the network nodes or
synapses and structures that act on the outputs of the network, Most of the work
presented above can be framed on the first two classes, that is, structures that act on
the input to the modulated network and which we will call sensory modulation and
structures that act on the nodes and synapses which may be referred to as functional
modulation, Functional modulation is the most powerful of the three as it permits
actually modifying the function the network is implementing, However, it presents
many implementation problems, especially due to exponential growth of the
modulating networks as the modulated networks grow. In addition, the modulated
networks or, in general, behavior modules have to contemplate their modulation by
others, which precludes the use of legacy controllers. On the other hand, sensorial or
output modulation take the modulated controller as a black box and the modulator just
acts over its inputs or outputs in order to force the desired behavior or its adaptation.

3. Generation of hierarchical multi-module architectures with
modulation

The objective of the procedure is to combine, in a practical way, the advantages of a
monolithic approach and a higrarchical modular structure so that complex behaviors
can be generated automatically but taking into account the experience accumulated
through the implementation of previous behaviors.

In particular, using this method (figure 1} a designer provides the system with
whatever behaviors he has or decides that may be useful. This initial set doesn’t need
to be complete and may include many unnecessary behaviors, When obtaining the
higher level controller, the evolution process will select those lower level behaviors
from the initial set that are useful in order to perform the task assigned and will ignore
the rest. Also, if some part of the global behavior cannot be obtained through the
interconnection of the available modules, a new monolithic module that handles this
part will be co-¢volved with the global controller

In a first step, a designer must identify sub-behaviors that may be useful to
generate the global behavior required. The designer doesn’t need to be exhaustive or
concise, i.e. there is no problem if useless behaviors are included in this preliminary
set. The selection and interconnection of these behaviors are carried out by means of
an additional higher-level ANN that is evolved, which differs from the lower level
ones in that its output does not always act over the actuators; it mostly selects the
adequate lower level behavior. There is nothing in this architecture to limit the
number of levels to two.

Using this structure, the controllers may be used in multiple composite behaviors
without duplicities. As new behaviors are evolved, this evolution becomes faster and
simpler due to the fact that a lot of experience in the form of previously evolved
behaviors is available. To prevent the problem of the designers having to be
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exhaustive in their determination of all the Praviously
necessary lower level behaviors, we have S
included the possibility of cooperatively
coevolving lower and higher-level behaviors.
That is, a higher-level behavior may be evolved
by itself using previously evolved lower level
behaviors, or it may be coevolved with part of
the lower level behaviors and use the previously
evolved ones. This way, when the designer is
faced with a problem where he is only able to
identify part of the behaviors that may be
involved, the unidentified ones will be evolved at
the same time as the higher-level controller,
which makes the evolution of complex behaviors
a lot easier for the designer.

One aspect of this architecture that must be
considered is how bhigher level controllers
interact with the lower level ones. Traditionally,
this has been done through activation / inhibition ~ Figure 1. Schematic of the
connections, where one high level controller can ~ operation of the automatic
only activate one lower level controller.  behavior architecture evolver.
Consequently, in the end, a single lower level
module had control over a given actuator. Here we have extended this architecture to
encompass a more general kind of arbitration by means of modulation. Now all of the
lower level controllers sum their outputs to each actuator and the higher level one is in
charge of modulating to what extent cach controller influences the global behavior.
Consequently, more formally, the controller is made up of a series of nodes/modules
(ANNSs) organized as a directed graph without cycles so that the controller logia flows
from a root node to the leaf nodes, although an equivalent structure can be achieved
where all the nodes may be simultaneously executed by layers.

Thus, given a node X of the controller: it is an ancestor of a module Y if there is a
path from X to Y. It is a descendant of Y if there is a path from Y to X. It is a direct
descendant if there is a path of length 1 from Y to X. It will be called a Root node
(denoted as R) if it has no ancestors. It is an actuator node (4) if its outputs establish
values for the actnators. It is a selector node (S) if its output selects one of its
descendents as the branch to follow, shortcircuiting the other branches. We will say
that it is a modulating node (M) if its outputs modify (through a product) the outputs
of its descendent nodes of type A. The modulations propagate through the controller
hierarchy until they reach the actuator nodes in such a way that if between R and 4
there is more than one M that modulates one output of A4, the resulting modulating
value will be the product of the individual modulations in the path. Assuming that M
wishes to modulate the values of n actuators, its number of oulputs must necessarily
be n*number of direct descendents, as the modulation propagated to each descendent
is usually different. When more than one node 4 provides values for the same
actuator, the actuator receives the sum of these values. It must be emphasized that M
does not necessarily modulate all the actuators over which the set of nodes acts, just
any subset of them.




174 1. A. Becerra et al.

This approach presents some advantages in terms of being able to establish a
continuous range of behaviors for the transitions between those determined by the
individual controllers. That is, the range of behaviors the robot may present is not
only those that can be implemented with the lower level modules, but also their
combinations. Doing this implies a set of new problems to consider which have to do
with how to obtain meaningful resulting behaviors from the modulation of the outputs
of several modules.

4. Some experiments
072

We have tested our examples using SEVEN

[3]. an environment that integrates the 067 W

simulation of different robot platforms with

the evolulion processes, using the simulation 062

module of a Pioncer 2-DX.

In the behavior we have considered the 057
robot musl reach an energy source radiating

posilive energy (prey) while avoiding a source o2 e —

that radiales negative energy (predator), At the —— Average thess
same time, cach step of the robot in the world R — % = &
has an associated encrgetic cost. Depending on T

the relationship between these three energetic
factors, the optimal strategy for the robot will
be different. We have provided an energetic
model for the environment where the initial energy of the robot is 0, and at the
beginning of cach evaluation a random energy cost per step is chosen. Depending on
the distance of the robot Lo the positive energy source it gains a level of energy each
step. Depending on the distance from the robot 1o the predator the robot loses five
times more than it gains al the same distance from the prey.

Initially, we have made use of two existing behavior modules, one that causes the
robot to escape (rom the predator and a difTerent one that causes it to go towards the
prey. We have run SEVEN in order to obtain a modulating neural module (with three
inputs that correspond to virtual sensors of distance to prey and predator, and one to
an internal energy level; and four outputs that modulate the linear and angular
velocity of the two low level controllers). The evolutionary part of seven consisted of
a macroevolutionary algorithm [9] for 100 generations of 100 individuals and 300 life
steps for each evaluvation of an individual. The evolution was carried out in three
different worlds to obtain a robust behavior. Each individual is initially evaluated 6
times per fitness determination, but the evolutionary algorithm includes a mechanism
that makes the number of evaluations increase if the value is not consistent (it
oscillates too much from evaluation to evaluation). In fact, in figure 2 we display a
graph of the fithess of the best individual during evolution and in the first generations,
due to the low mumber of runs per fitness evaluation we can se¢ how this fitness
oscillates (lack of information) and the mechanism automatically increases this
number of evaluations (6->12->18->24) until stability in the fitness is obtained.

In this example we can see how from two opposite low level modules we obtain a
series of gradual behaviors that allow the robot to easily adapt its behavior to the

Figure 2. Best and average
fitness.
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Figure 3. Trajectorics of the robot with different energetic cost per step, from left
to right: 20, 100, 200, 300, and 400.

circumstances. Thus, for instance, if the energy expenditure for each movement of the
robot is so high that it makes irrelevant the influence of the negative energy source,
the robot will move straight towards the prey. On the other hand, if this expenditure is
low, it will tend to go towards the prey laking a roundaboul route to avoid the
predator. Summarizing, in this environment, the more energy starved the robot is, the
more risk it will take to get to the food source.

For example, in figure 3, we have considered only two extreme cases in the
evolution, those corresponding to 20 and 400 consumption. The figure shows the
trajectories the robot follows, beginning in the bottom part, avoiding the predator in
the center and reaching the food at the top, for that two extreme cases and for several
values of the parameter among the two extremes. In fact, for intermediate values of
the energy expenditure per step taken in the
world of 100, 200 and 300 the behavior
obtained is intermediate between the extremes. 18
We can see in figure 4 how the modulation of 14
angular velocities is carried out in both low 1,4 1
level modules for the left case in picture 3 1.2
(evolution always leads to the maximum value 14
for linear velocity). Angular velocity — OF Sk proy gl Vel
modulation for “go to prey” is always the 04 | e
maximum value and the controller only plays 02
with. angular velocity modulation for “escape 0 -
from predator” to achieve the result. It is o 50 100 150
interesting to note that through the addition of .
intermediate evaluations a designer can  Figure 4. Modulation values

conform how the transition between the Provided by the M module for
extremes should look like. the two behaviours for one of the

runs of fig 3 (cost per step 20).

—— Escape from predator
angular vel. modulation

5. Conclusions

The addition of modulation capabilities 1o a multi-module hierarchical behavior
architecture greatly enhances the capabilities of this types of architecturgs to obtain
behaviors and behavior transitions. It basically allows the architecture to obtain new
ranges of behaviors using the same modules, even modules that were obtained for the
same or different robots without considering modulation. In addition, the networks
obtained are capable of interpolating behaviors for cases that are not present during
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the evolution phase following some sensorial or internal state criterion., Furthermore,
this formal structure with M and § modules permits obtaining any behavior in an
incremental manner, and easily adapting them to new circumstances or modifications
of the robots without having to start from scratch.
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Abstract. In this paper a method for solving the inverse kinematics of
an humanoid robot based on artificial neural networks is presented The
input of the network is the desired positions and orientations of one foot
with respect to the other foot The output is the joint coordinates that
make it possible to reach the goal configuration of the robot leg To get a
good set of sample data to train the neural network the direct kinematics
of the robot needs to be developed, so to formulate the relationship
between the joint variables and the position and orientation of the robot
Once this goal has been achieved, we need to establish the criteria we
are going to use to choose from the range of possible joint configurations
that fit with a particular foot position of the robot These criteria will
be used to filter all the possible configurations and retain the ones that
make the robot configurations more stable in the training set

1 Introduction

Legged robots have been one of the main topics in advanced robotic research
Projects addressing legged robots usually study the stability and mobility of
these mechanisms in a range of environmental conditions for applications where
wheeled robots are unsuitable The biological inspiration of this kind of robots
is also an important topic

Recent advances in mechanical and electronic robot components and the
challenge of creating an anthropomorphic model of the human body have made it
possible to develop humanoid robots This work has materialized into successful
projects, such as the Honda humanoids, the Waseda humanoid robots and the
MIT Leg Lab robots

Lately the main interest has focused on getting the robot to remain stable as
it walks in a straight line Two methods are usually used for this purpose The
first and most widely used method aims to maintain the projection of the center
of masses (COM) of the robot inside the area inscribed by the feet that are in
contact with the ground The COM represents the unique point in an object or
system which can be used to describe the system’s response to external forces

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 177-184, 2003.
(© Springer-Verlag Berlin Heidelberg 2003
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and torques The concept of COM is an average of the masses factored by the
distances from a reference point This is known as static balance

The second method, also referred to as dynamic balance, uses the zero mo
ment point (ZMP), which is defined as the point on the ground around which
the sum of all the moments of the active forces equal zero [1] If the ZMP is
within the convex hull of all contact points between the feet and the ground, the
biped robot is stable and will not fall over [2, 3]

Nevertheless, linear walking is not the only type of movement the biped robot
will need in order to explore the real world It also needs to turn around, lift one
foot, move sideways, step backwards, etc , and the problems involved in these
movements could be quite different from those of linear walking

In this paper, we propose a method for obtaining the relative positions and
orientations of a robot’s foot to achieve the above mentioned movements The
method can be extended to other walking schemes

To achieve this kind of one step movement, the new foot coordinates must
be supplied to the control system, which will be able to determine the way the
leg should move in order to place the foot in the new position and orientation
For this purpose, it will be necessary to compute the inverse kinematics of the
legged robot

The proposed method for solving the inverse kinematics considers the use
of an artificial neural network This has several advantages For example, the
proposed method makes the development of an analytical solution, practically
unapproachable due to the high degree of joint configurations redundancy un
necesary [4] Furthermore, the solutions obtained are adaptive and could be
implemented in hardware using the appropriate electronic device [5]

A lot of research has been done on training neural networks to resolve the
inverse kinematics of a robot arm Self organizing maps have been widely used
for encoding the sample data on a network of nodes to preserve neighborhoods
Martinetz et al [6] propose a method to be applied to manipulators with no
redundant degrees of freedom or with a redundancy resolved at training time,
where a single solution along a single branch is available at run time Jordan and
Rumelhart [7] suggest first training a network to model the forward kinematics
and then prepending another network to learn the identity, where the weights of
the forward model are unchanged The prepended network is able to learn the
inverse Other alternatives, like recurrent neural networks [8], are also used to
learn the inverse kinematics of redundant manipulators

Kurematsu et al [9] use a Hopfield type neural network to solve the inverse
kinematics of a simplified biped robot The joint positions are obtained from the
position of the center of gravity and the position of the toes is calculated from
the equation of an inverted pendulum

The remainder of the paper is organized as follows First, the model of the
humanoid robot and the geometric space configuration are considered Then,
the stability criteria and constraints for reaching stable robot postures in the
training set are examined Next, we discuss the topology, algorithms and results
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obtained with the artificial neural nerwork Finally, the conclusions and further
work are presented

2 Humanoid Robot Model

The model of the robot we are going to consider is based on the PINO humanoid
robot [10] The basic configuration is made up of two legs and the hip Each leg
is composed of six degrees of freedom, which are distributed as follows: two for
the ankle one rotational on the pitch axis and the other one rotational on the
roll axis , one for the knee rotational on the pitch and three for the hip
each of them rotational on each of the axes

The total height of the robot is 280 mm The links dimensions considered
are 113, 65 and 102 mm for the links between the ground and the ankle, the
ankle and the knee, and the knee and the hip respectively The hip length is
200 mm [11] A diagram of the robot legs with the dimensions of each segment
is shown in Fig 1

zyarv

g
pitch 280mm

x roll

178mm

113mm

Fig. 1. Model of the humanoid robot with the position and orientation of the rotational
joints; the global coordinate frame considered is also represented

The direct kinematics of the robot as regards what the relative position and
orientation of one foot from the other is can be solved easily considering our
model as a robotic chain of links interconnected to one another by joints The
first link, the base coordinate frame, is the right foot of the robot We assume it
to be fixed to the ground for a given final position or movement, where the robot
global coordinate frame will be placed The last link is the left foot, which will
be free to move The assignment of the coordinate frames to the robot joints is
ilustrated in Fig 2

Obviously, to consider the positions or movements in the inverse case, that
is, when the left foot is fixed to the ground and the right foot is able to move,
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Fig. 2. Coordinate frames associated to the robot joints

the coordinate frames must be assigned similarly This does not lead to any im
portant conclusions concerning the proposed method and will not be developed
at this stage of the research

The position and orientation of the left with respect to the right foot will be
denoted by the homogeneous coordinate transformation matrix:

RIR RI
RITLF = [ OLF €LF:| - RITRO X ROTR1 (aRl) X X RGTLG(GLG) X

Loy (01,) x  x D1Tp,(01,) x PoTor (1)

where ®/ Ry denotes the rotation matrix of the left foot with respect to the right
foot coordinate frame, ®/p;r denotes the position matrix of the left foot with
respect to the right foot coordinate frame and each T} denotes the homogeneous
coordinate transformation matrix from link ¢ to link j

3 Stability Criteria and Constraints

As mentioned above, the redundancy of the degrees of freedom will mean that
different joint configurations can produce the same feet position Therefore, the
criteria we will use to choose which configurations will be used as training data
for the neural network need to be established Ideally, we want the network to
learn the most stable position from the range of all the possible solutions As we
are considering only the final posture of the robot, we are working with static
balance: the robot would be more stable the closes the vertical projection of the
COM is to the center of the support polygon formed by the feet The height
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of the COM will also affect system stability, as the system will more stable the
lower the COM However, we are not interested in postures that place the hip
too low, as we want the postures of the robot to be as natural as possible

For our simulation we are considering the distribution of the mass to be
uniform for every link We also consider that every link has a symmetrical shape
The COM of each link will then be placed at the geometric center of the link As
this applies to each robot link, we can determine the global COM of the model
using:

1 N
Tem = M ZZ; m;Tq
1 N

1 N
Zem = M § miz;
i=1

Based on the model and direct kinematics described above, a set of angle
and position pairs has been generated to be used as training data for the neural
network These positions are uniformly distributed across the coordinate range
in question The range of angle positions for each joint is shown in Table 1, and
Fig 3 shows the final positions of the free foot

Table 1. Range of angle positions for each joint

[6i] Min [Max[| 6; [ Min [Max]
6] 30°| 0 [[6-] 45°] 0
62| 30°130° ||6s| O |30°
B3| 0 |90°| 6| 45°| 30°
64| 30°|30° ||f10] O |90°
fs| 0 |30°|/611] 45°|30°
fs| 45°] 0 ||f12| 45°] 0

At this first stage of the research, the generated postures of the robot are
subject to some restrictions The first constraint is that the two feet will always
be in full contact with flat ground The second constraint is that the knees will
not be bent and the angles of the roll axis rotational joint at the hips are fixed
The artificial neural network will then learn robot postures along the roll and
pitch axes, as it takes steps

4 Artificial Neural Network

The first step is to decide which type of neural network is more suitable for this
problem, then try out different parameter values like: number of neurons in each
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Fig. 3. Final positions of the free foot in the training set

layer, transfer functions, size of the set of data to train the network, training
algorithm to be used, and so on

After testing different kinds of artificial neural network architectures, the
one we considered best suited is a two layer backpropagation network Properly
trained backpropagation networks tend to give reasonable responses when pre
sented with inputs that they have never seen Characteristically, a new input will
lead to an output similar to the correct output for input vectors used in training
that are similar to the new input being presented This generalization property
makes it possible to train a network on a representative set of input target pairs
and get good results without training the network on all possible input output
pairs

The generated training set provides the required representative data In fact,
we have trained the network with very different sized sets of input target pairs
and the difference in the error obtained with 1000 pairs and 8000 pairs is negli
gible, whereas the time it takes to train the network with the bigger set of pairs
increases considerably

The network architecture that is most commonly used with the backpropa
gation algorithm is the multilayer feedforward network In this case, two layers
are needed

Fig 4 shows the network architecture a;, the output of the hidden layer,
is the logsig transfer function applied to the result of the product IWy; (input
weight matrix) by p; (input array of 10 elements: (z,y, z) coordinates and the
lengths of the 7 segments of the robot) added to by (biases array for the hidden
layer) as, the output of the output layer, is the purelin transfer function applied
to the result of the product LW ; (layer weight matrix) by a; added to b2 (biases
array for the output layer)

After trying out several configurations, the hidden layer contains 35 neurons
Fewer neurons will lead to a larger number of algorithm executions to get the
same error rate If the number of neurons is over 75, the number of execution
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Fig. 4. Neural network architecture

epochs increases and execution execution increases as well The output layer has
12 neurons, one for each angle or degree of freedom of the humanoid robot

The transfer function for the output layer has to be a purelin function, be
cause the outputs can take any value After trying out the purelin, tansig and
logsig functions, the logsig function was chosen because it achieves a lower error
rate For the purelin function, the error goal 0 001 cannot even be reached For
the tansig and logsig functions, the error goal 0 001 is reached

After testing the network with several training algorithms appropriate for
backpropagation variable learning rate, resilient backpropagation, conjugate
gradient, quasi Newton, and Levenberg Marquardt (LM for short) LM was
selected

LM is the fastest training algorithm for networks of moderate size In fact,
32 epochs are needed to reach the error goal 0 001 By comparison, the epochs
needed to reach an error goal of 0 01, ten times greater than the above, using
the variable learning rate algorithm, is six orders of magnitude

Setting the sum squared error goal to 0 001 and moving a training set of 1000
pairs of input targets, the errors obtained simulating the network with a set of
75 pairs of input targets, different from the ones used during the training stage,
are as follows:

| | Joint coordinates (degrees))

Average error 00193
Max error 0 3094

Obviously, errors in joint coordinates do not represent the real error in the
final position of the free foot The next table gives a summary of the average
and maximum error for each axis Note that, the average error is less than and
the maximum error is close 1 millimeter

| |Roll (mm)|Pitch (mm)]Yaw (mm)|

Average error| 01005 01799 0 0833
Max error 0 7150 11030 06160
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5 Conclusions and Further Work

A method for solving the inverse kinematics of a humanoid robot has been
presented The method is based on an artificial neural network and makes it
unnecessary to develop an analytical solution for the inverse problem, which
is practically unapproachable because of the redundancy in the robot joints
The proposed neural architecture for solving the inverse kinematics is able to
approximate, at a low error rate, the learning samples and to generalise this
knowledge to new robot postures The error in the roll, pitch and yaw axes are
close to 1 millimeter, less than the 1% considering the leg height

The next stage of our work will be to generalise the robot leg postures to
maintain positions and orientations of the free foot off of the ground These new
postures will enable the robot to reach zones at different levels using both feet or
even stand in stable postures on one foot Also, the possible impact of changing
the fixed foot will be considered
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Abstract. In this paper a control scheme is proposed for anticiparory and dis-
crete evenl sensory molor driven. The control system elaborales a sensory-
motor program based on its internal data and a high level objective. The global
system implements several biological models in each one of its subsystems,
One of the novelties of this work is the structure of the sensory-motor algo-
rithms which are based on cell distributions of the sensorial spaces. Indeed, the
correspondence between cells and the sensorial spaces is distributed by Koho-
nen maps. This control scheme has been tested on a robotic platform consti-
tuted by an industrial robot and a stereohead. More relevant results are pre-
sented and analyzed in this paper,

1 Imtroduction

Today, a lot of work has been made to achieve the performance of movement, and
skills of the humans in reaching, grasping and manipulation tasks. It is important to
emphasize the models of the control system in humans developed by Grossberg [1],
Bullock [2], Greve [3] and Guenther [4]. These models were adapted by Guerrero-
Gonzilez, Pedreiio-Molina and Lopez-Coronade [5]. for robotics platforms formed by
a robotic hand, arm and a sterechead. Flexibility, adaptability, real time response and
learning capabilities were demonstrated with that platform. Initially, these authors
implemented the DIRECT model for spatial positicning. This model is characterized
for scveral control loops, based on visual information and propioceptive information.
One of the difficulties in this work was the necessity to have a totally well-mapped
spatial-motor and motor-spatial informaticn, also the close-loops produce slow re-
sponses in the positioning tasks. So the proposed model uses previous learned infor-
mation for anticipatory planning an action program. In this way, the actions are pro-
duced quickly without a close-loop, and after the movement, an assessment of the task
is made which permits to update the learning information of the neural controllers.

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 185-192, 2003.
(C) Springer-Verlag Berlin Heidelberg 2003



186 Juan L. Pedrefio-Molina et al.

2 Characteristics and Benefits of the Proposed Control Scheme

The proposed controller implement several neuro-biological models proposed in the
CNS research group of the Boston University, which are the base of the real time
control system proposed. This controller, also implements Kohonen maps for autono-
mous organization of the neural structures of the neurocontroller. This control archi-
tecture for reaching carries out the cinematic control of a redundant robot arm guided
by the visual information given by acquisition system of the LINCE! siereohead. The
most important characteristic is that the neurocontroller does not need the robotic
model of the experimental platform, and therefore, does not need to calibrate the sys-
tenm. All the necessary knowledge of the robotic platform is learned by means of ac-
tion — reaction cycles from visval-motor (rials, This neural architecture has been de-
veloped integrating a set of neural networks of some discovered biological functions
carried out by the animal neueal systen. This architecture is characterized by:

Integration of multiple algorithms. This architecture integrates different algorithms
which execute concrete tasks. The consistency of the communication between these
algorithms warrants the global robustness of the architecture.

Parallel. The architecture is able to execute muldple algorithms, and simultane-
ously each algorithm is executed in parallel.

Relocation of resources, dynamically. With the purpose of facilitating the image
processing, the system is able to lead the visual sensors in order to find a better
point of view which alleviates the visval processing load.

Active. The global system has active perception capability.

Reactive. It means the capability to be data-driven by environment changes.
Predictive behaviour. The final position is reached in one anticipatory movement.

In the structure of neurocontroller, several real-time concurrent processes are de-
veloped for the performance of the different tasks intervening in the final reaching
operation. This architecture contains three main modules, shown in figure 1, which
correspond with the interconnected processes: spatial internal representation module,
stereohead controller and robet arm controller.

3 Sensory-Motor Coordination Neural Structure

The structure of the proposed model is based on two interconnected neural models
which in a sequential way, project the 3D final position (sensorial information) of the
object to be grasped over the joint positiens (spatial information) of the robot arm
end-effector. This task is made in a predictive way. The base of the control scheme is
to discretize with random positions the 3D workspace of the robot arm in small cells
in whose centre the precise position of the robot joints are well known, by means of
the propioceptive information and a previous learning phase. Then, the non-

LLINCE Stereohead has been entirely developed by NEUROCOR Research Group, Spain
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supervised neural model based on Kohonen maps starts a competitive algorithm to
select the winner cell and so to obtain, in this first step, the nearest position of the arm
in which the reaching error is minimum. That is the centre of the winner cell.

Fig 1. This scheme shows the scene for the control system. The 3D space is divided into small
learning cells. So, the system obtains several sensorial-motor coordination maps in order to
achieve precise reaching operations in open-loop mode,
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Fig. 2. The scheme of the neurocontroller (left) is formed by two interconnected neural models
for mapping the 3D workspace (non-supervised model) and for compensating the spatial error
between the current and desired final spatial position (supervised AVITE model). In the
scheme of neurocontroller learning phase (right} a multi-dimension neuron weights matrix is
generated by means of the contribution of the sensory-motor associative maps generated in
each cell of the Kohonen map.

By means of a second learning phase, one neural weight map is obtained for each
cell. IU'1l permit a fast projection of the difference vector (DV) in visual coordinates
between the current and desired position of the end-effector over the incremental
angular positions of the robot arm. Once the centre of the cell has been reached, a
supervised neural model based on AVITE (Adaptive Vector Integration To End Point)
architecture is executed in order to reduce the 3D visual distance inside that cell with
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high precision and fast operation. The general performance of the proposed neural
model and block scheme of the learning module are represented in figure 2.

In this neural model, the vision system of the sterechead detects the position of the
object to be grasped. The internal representation of that position will be the input to
the cell selector module. By means of a competitive algorithm, this module calculates
the cell in whose workspace, the target is located. The projection of the visual position
of the centre of the cell, over the arm joint positions is achieved with the centre of cell
visual projection module. Once the non-supervised model has been executed, the
dif erence between the centre of the cell and the desired position, in visual coordinates
(DV), is estimated by means of the distance estimator module. Then, the distance
reduction by means of robot arm movements is made by the DV compensation mod-
ule. Finally, the produced error is used to update the nevron weights of the AVITE
model. Tt'll permits to detect if an unexpected situation happens or if a block in some
Joint of the robot arm is produced.

In a fiest learning level, an ERG (Endogenous Random Generator) module carries
out movements of the robot arm along the 3D workspace. The non-supervised neural
model creates nen-uniform cells by means of the displacement of initial positions of
centroids toward final positions in which the possibility distribution of robot arm posi-
tion is higher. Then, the final neuron weights are obtained from each cell bay means of
a new ERG phase but, in this case, it is only catried out inside the workspace of each
cell. Each cell generates a neuron weights matrix with a dimension equal to the size of
sensorial coordinates (X, v, z) by the size of spatial coordinates {mumber of degrees of
freedom of the robot arm). So, the dimension of W matrix will be Nx3xD, being N,
the number of the Kohonen map cells and D, the robot arm d.o.f.

3.1 Non-supervise Generation of Cells

The non-supervised neural model implemented in the proposed architecture is based
on Kohonen maps and it is oriented to workspace discretization. Each 3D region will
be different and will be characterized by the position of its centroid and the Voronoi
frontiers. For learning sequence initially, N centroids wy, are placed in random posi-
tions.Then, the robot arm movements from the ERG module gives, by means of the
visual detection algorithm, the 3D position of the end-effector in each movement. It'll
be represented by & vector. Taking D the number of d.o.f. of the robot, each position
will be represented by the vector (6, 6, .... &p). In each trial, the winner centroid
wijk® is selected. It'll correspond to the nearest to end-effector position. Then, the
valve of each weight associated to that centroids, will be updated by means of next
expression:

Wy (£ +1) = wy, (0 +% . [91, (1) = Wy (t)] (1)

The process will be repeated T times until the convergence of the neuren weights of
the Kohonen map was reached. The accuracy inverse cinematic of the robot in the
centre of the cells is calculated by and adjusting algorithm. It moves the calculated
ncuron weights toward the ncarcst position of the training phasc in which the joing
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position is knewn, Finally, the 3D Voronoi frontiers are generated over the map. In
the operation phase, when a target position is detected. the algorithm calculates by
computing the minimal distance. the cell in which it 1s placed. Then iCll project that
scnsorial position over the spatial position of the rebot arm, by means of the propio-
cepiive information learned by the ERG module, The next step will be to compensate
the DV between the calculated current position of the robot armi and the desired posi-
tion is sensorial coordinates.

3.2 Neural Associative Maps for Sensory-Motor Transformation

The second neural model is dedicated to make that error compensation. Each cell has
an independent behaviour of the others, that is, if one cell is excited the others are
inhibits, Each cell implements the spatial — rotation transformation. In order o comrol
the robot arn, the neurocontioller must abtain the propioceptive data from the joints
and visual information alse according 1o the AVITE learning medlel from which is
inspired. Figure 3 shows the scheme of leaming system.
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Desired final l
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Fig. 3. Learning cell algorithm, The ¢lements of the cell learning algorithm are: TPVs (desired
spatial position of the arm}, PPVs (spatial position of the call centre). PPVm {angular position
of robot arm jointsy, DVs (difference between TPVs and PPVs) and DVm (result of the trons-
Tormation between spaiial and rotalion incremenis), The cenire of the cell slores Lhe spatial
coordinales and the motor coordinales 1n that point.

When a cell is exeited, the centre of the cell applics its content into PPVm and
PT'Vs vector. The DVs vector caleulares the difference berween the centre of the cell
and the desired position. The DVs is transformed into the DVm through a set of neu-
rons, The resulting increments are integrated into the PPVm. The learning phase is
based 1n the knowledge acquired in aclion-reacion cyveles. During (his phase, random
incremems are inroduced in the DVm veetor, the sysiem produees these movements
and its spatial eftect is taken over the DVs vector, updating the neuron weights by:
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2)
ik [n + l] =Zj [rz]+;1 | DVm; —Zzﬁk [n + []- DVs; |-DVs;
S
The expression for error position compensation produced by the DV will be:
A =Z-AS ©)

where A vector computes the incremental values to be added to the current posi-
tion of the robot arm in spatial coordinates, and AS stores the DV in visual coordi-
nates. The final reaching operation is separated in two movements. The gross process
is carried out by means of mapping of three-dimensional spatial positions of prefixed
points (centres of cells) and the end-effector position of the arm. The fine approxima-
tion is carried out by means of implemented AVITE model for learning the mapping
between increments of arm joints and difference of position between present position
(end-effector position) and desired position (target visual position).

4 Robotic Installation and Experimental Results

The implementation of the proposed system has been carried out in both simulation
and real robotic installation, formed by the LINCE stereohead and a commercial ABB
robot arm. In order to verify the capabilities of the proposed neural algorithm, the
results have been analyzed.

*
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Fig. 4. This picture shows the iteration number of the non-supervised algorithm when
the 3D centroid weight reach the convergence of final value of a random cell for 500
trials of learning position of the robot arm and 40 for the iterations of the non-
supervised algorithm. Star symbols at the end of the training indicate the corrected
position of the weight in order to give the nearest position in which the inverse cine-
matic is known.

The first set of trials has been focused to the generation of the 3D cells with different
learning parameters. Figure 4 shows the evolution of the neuron weights of one ran-



Sensory-Motor Control Scheme Based on Kohonen Maps and AVITE Model 191

dom cell and figure 5 shows the 3D Voronoi regions projected over XY and XZ
planes.

Fig. 5. Results of the implemented algorithm for 3D Voronoi regions generation, represented
by 2D projections: XY for right picture and XZ for the left one. The selected parameters have
been N=2( and 500 learning positions of the robot arm. The number of cells is greater in spa-
tial coordinates where the robot arm has a higher possibility of being configured.

The implemented neural model for cells generation starts from an initial parameter
N indicating the final number of cells in which the workspace will be segmented. This
parameter in no critical for the accuracy of a reaching operation. However, a high
value for N implies a greater time for the computing of the Kohonen map, but the
number of cells which will have the same value for some neuron weights will be
higher. To test the performance of the AVITE supervised algorithm for compensating
the DV in visual coordinates by means of calculating the incremental position for the
motor commands. a learning phase in each cell is carried out. The result will be a 3x5
matrix of neuron weights Z for each cell. In the real experiments, a 5 d.o.f configura-
tion for the robot arm has been selected.
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Fig. 6. On the left, the final position distribution of the centroids of the Kohonen map
is represented. On the right the results for the AVITE learning phase is shown.

Figure 6 shows the final position of the centre of the cells and the end-effector spa-
tial points resulting from the learning phase. Finally, results obtained from real plat-
form have show errors about 2% in visual coordinates in cells near the normal work-
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space of the robot arm. The final position for the robot arm is obtained in two steps
but executed in only one. For each cell, random movements of the robot arm joint
positions are generated inside the Voronoi region of the cell. The weights matrix is
obtained from the mapping between the incremental spatial positions and the pro-
duced incremental visual positions.

4 Conclusions

In this paper a neural architecture based on human biological behaviour has been
presented and the obtained results have been analyzed for robotic reaching applica-
tions with a head-arm system. Open-loop behaviour for reaching operations allows to
carry out precise and fast reaching operations and the possibility of remote execution,
due to it needn’t visval feedback during the reaching movement. The 3D spatial seg-
mentation of the robot arm workspace is solved by means of a non-supervised neural
algorithm based on Kohonen maps. In the same process of cells generation the
propicceptive information is learned. The produced error in the reaching operation
using the position of the cells is compensated by means of an AVITE (Vector Associa-
tive Map) adaptive architecture which projects the difference vector of visual position
into incremental joint positions of the robot arm. The obtained results have demon-
strated that final error in reaching applications can be very low, taking into account
the robustness and fast operation of the model.
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Abstract. This paper addresses the problem of characterizing robot
grasps for unmodeled objects We propose a set of intrinsic object fea
tures that are computed from the object image and the geometry of
the robot hand These features are validated by feeding them to neural
networks which are trained with experimental data obtained with a hu
manoid robot The results suggest that our features are actually suitable
for predicting the reliability of a grip

1 Introduction

For a humanoid robot to be truly autonomous in every day environments, it
must be capable of performing a set of basic fundamental tasks such as vision
based grasping of unknown objects Our emphasis has been on exploiting the
use of on line visual sensing, in contrast to previous approaches which typically
assume that a parameterized model of the entire object is known before grasp
planning begins When such a model exists, there is a well founded corpus of
analytical methods for grasp analysis and synthesis that are computationally
expensive but could be applied off line [2] A critical point in our approach is
the selection of the intrinsic features that can be extracted from an object image
and that would ideally be necessary and sufficient to completely characterize a
particular grip

In this paper we propose such a set of features and use them as inputs for
an artificial neural network The net is trained by using real data measuring the
success of a grasp execution which were gathered from experiments conducted on
a humanoid three finger robot hand The results suggest that our feature space
is good enough to characterize a grasp configuration and predict its reliability
An important additional contribution is the fact that we use both features that
depend on the object image and also on the particular kinematic configuration
of the hand, whereas previous work described in the literature ignores the hand
geometry by focusing only on the object shape Our experiments show that the
features dependent on the hand are critical for a better prediction

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 193-200, 2003.
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Thumb

Fig 1: Barrett Hand kinematics The hand has a thumb and two opposing fingers that
spread symmetrically along the axis defined by the thumb

2 Background

In the case of planar three finger grasps, current approaches will typically yield
a large set of triplets of contact points on the object contour Out of the infinite
geometric possibilities, this set is obtained by filtering out those triplets not
meeting certain criteria [5,6] However, only one grip can be finally executed
and an adequate characterization of the grips is called for in order to be able
to predict their success chances and adjust the hand accelerations accordingly
during the execution of the grasp and subsequent movements

2.1 Feature space

In a previous work [3,4], a set of criteria that assess different aspects of grip
quality were defined and merged, in order to produce a global quality value used
to choose the grip to execute Six of these criteria depend on the kinematics of
a three fingered Barrett Hand [1] (Fig 1) We claim that these criteria can be
used to define a feature space with the purpose of characterizing robot grasps
according to their reliability

All features were designed to have similar ranges More precisely, they are
implemented so as the best grips correspond with the lower values, with an
ideal theoretical best value of 0 Also, a preprocessing stage has been performed
based on physical and numerical considerations This consists in a normalization
dependent on the distributions and ranges of each feature, so that a middle
quality grip for a certain feature is expected to have a quality value of 1

2.2 Feature description

In the following description of the features, the mathematical formulas and the
physical aspects which drove the implementation are omitted The interested



Validation of Features for Characterizing Robot Grasps 195

reader is referred to the description of the original quality criteria [3]

Features independent from the hand geometry

POINT ARRANGEMENT It Assesses the equilibrium of the grip comparing the
grasping triangle (given by the contact points of the fingers on the object
contour) to an equilateral one

TRIANGLE SIZE It considers the area of the grasping triangle The larger the
area, the more stable the grip is

CONTACT CURVATURE A concave surface is a better place to put a finger for
grasping purposes than a convex one This feature takes into account both
the curvature of the three grasping zones and the expected positioning error
for the fingers on the object

FORCE EQUILIBRIUM An equilibrated grip should have its three forces roughly
equally separated by 120° angles Sub optimal situations are penalized

Focus CENTERING This feature aims to minimize the effect of gravitational
and inertial forces endorsing grasps with low distance between the force focus
and the centre of mass of the object

Features dependent on the hand geometry

FORCE LINE Assess the deviations of the real forces from the ideal condition of
being perpendicular to the contour at the grasping points, in order to reduce
the risk of finger sliding along the side of the object

REAL FOCUS DEVIATION According to this feature, the quality of a grasp
depends on the distance between the ideal focus (intersection point of the
ideal normal forces) and the real focus of the grip (intersection point of
the real forces) This evaluates the risk of compromising the force closure
condition of the grip

FINGER EXTENSION This feature evaluates the differences in the finger exten
sions when grasping the object, as fingers with the same extensions minimize
the risk of unwanted torques, as observed in our experiments

FINGER LIMIT When trying to grip large objects, there is an extension range
for which the fingers can still perform the grip, but less safely This feature
evaluate the grips comparing the extension of the fingers to this critical
range

REAL FORCE EQUILIBRIUM Implementation of the force equilibrium feature
described above for the real situation, in which the directions of the real
forces are used instead of the ideal ones

REAL FOCUS CENTERING Implementation of the focus centering feature for
the real situation, in which the real force focus is used instead of the ideal
one

As an example, we describe here with more detail the implementation of one
of the features, the REAL FOCUS DEVIATION The theoretical starting point is
that the further the real focus is from the ideal one, the higher the risk is that
it lies outside the closure zone of the grasp, thus affecting the overall stability
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of the grip The distance D between the two points is shown in Fig 2 The
implementation of the feature is: QQ = n*f 73

The denominator of the fraction is the normalization value The optimum
value for this criterion is 0, which is obtained when the real focus coincides with
the theoretical one, whilst the maximum depends on the finger extensions and
the deviation of their forces from the normal to the contour The normalization
value is thus the maximum finger extension 7 multiplied by the friction threshold

i (theoretical maximum deviation of the real forces), all divided by 2

Fig 2: REAL FOCUS DEVIATION

3 Methodology

In this section we describe the system setup, and the protocol followed to gather
the experimental data

3.1 Experimental Setup: the UMass Torso

Our experiments have been implemented using the UMass Torso This humanoid
robot (Fig 3) consists of two Whole Arm Manipulators from Barrett Technolo
gies, two Barrett Hands with tactile sensors and a BiSight stereo head

The stereo vision system estimates the two dimensional location of the tar
get object on the table, and provides a monocular image for surface curvature
analysis (see [5] for more details) Once a grip is selected (consisting of contact
locations and a hand posture), the hand is preshaped and positioned above the
object It moves down, closes the fingers so that the object is grasped, lifted and
transported to a designated location
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Fig 3: The UMass Torso A humanoid robotic system at the Laboratory for Perceptual
Robotics in the University of Massachusetts

3.2 Experimental protocol

A set of real objects has been built for this experiment Their main features are
that they are planar objects with a constant height made of an homogeneous
material Moreover, the colors of the object have been selected to simplify the
image processing An important feature is that their shape is unknown for the
system The only programmed assumptions about the objects is that they are
planar The rest of the information, in particular the shape and location, is
obtained from the images

In order to perform the experiments, a single object is placed on a table
within the robot workspace Using the stereo visual information the robot lo
cates the object and computes a set of feasible grasp configurations One of the
configurations is selected, either manually by a human operator, or automatically
by the robot, and executed

If the robot has been able to lift the object safely, a set of stability tests
are applied in sequence These are aimed at measuring how stable is the current
hold of the object They consist of three consecutive shaking movements of the
hand which are executed with an increasing acceleration After each movement
the tactile sensors are used to check whether the object has been drop off

This protocol provides us with a qualitative measure of the success of a grasp
Thus, an experiment may result in five different reliability classes: E indicates
that the system was not even able of lifting the object at all; D, C, B indicate
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Fig 4: The four objects used in the experiments

that the object was dropped, respectively, during the first, second, or third series
of shaking movements; finally A means the object did not fall and was returned
successfully to its initial position on the table

A particular execution of a grasp configuration can be influenced by many
unpredictable factors Consequently, each configuration was executed a suffi
ciently large number of times, by varying the location and orientation in the
presentation of the object In this way, statistically significant conclusions can
be reached

The number of feasible grips that are computed for a single object is usually
large, varying from several dozens to more than one hundred For each object a
set of configurations has been selected This selection has been done trying to
choose a sample of all the possible configurations of an object

The data used in the research we report here correspond to four objects,
depicted in Fig 4 All objects are made of the same material, so that they
have similar weight and the same friction coefficient in their contact with the
hand Each configuration has been executed 12 times, 4 times for three different
orientations of the object

4 ANN implementation

Two two layer feedforward backpropagation networks have been designed in or
der to assign a new grip to one of the 5 reliability classes The inputs of the
networks are the features described above The first network (which is called No
Hand) has 5 inputs, all corresponding to features independent from the hand
The second network (Hand) has 9 inputs, that are the first 3 features of the first
group and the 6 features related to the hand geometry and kinematics

After the procedure of setting the network parameters, a cross validation test
has been performed on both networks The 416 available data have been divided
in 6 subsets maintaining the proportion between the classes This allowed to
obtain a statistically significant result despite the high noise which affected the
data The networks were trained with the Rprop (resilient backpropagation)
algorithm [7]
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Table 1: Performance comparison

Error distance| Random No-Hand Hand
0 (correct) 29.1 46.9| + 55.8| +
1 34.6 29.5| 138 157 31.6| 155| 161
2 17.4 13.0| 56| 74| 81| 33| 48
3 12.1 70| 32| 38| 3.3| 14| 19
4 6.8 3.6 14| 22| 1.2| 02| 10

In the above table results are classified according to the distance between the pre
dicted and the real class The distance between two consecutive classes is defined as
1, that between A and C as 2, etc The error percentages are shown for the theoret
ical probability (Random), and the classification obtained with the two different nets
(considering and not considering hand features) Percentages of false positive and false
negative are distinguished

5 Results

The most significant results can be seen in Table 1 It can be verified that the
No Hand net does learn to classify new grips The improvement in the percentage
of correct classifications, with respect to the random case, is of 18 points (61% of
growth) Nevertheless, the Hand net clearly improve this performance, carrying
the number of correct classifications up to nearly 56%, with a further 19% growth
with respect to the No Hand case This shows that the additional features, those
related to the hand, are consistent with the grip reliability

From a practical point of view, when performing a strongly stochastic action
like grasping a real object with a robotic hand, an error between two neighbour
classes (distance 1) can be considered acceptable In fact, it means that the
reliability of the grasp is only slightly different from the predicted one Thus,
we can distinguish between acceptable (distance 1) and heavy errors (distance
2, 3 and 4) Summing the number of heavy errors we obtain 36 3% for the
random case, 23 6% for the No Hand case, and only 12 6% for the Hand case,
correspondent to the 87 4% of nearly correct predictions

Another interesting aspect is the difference between false positive and false
negative classifications In our case, false positive classifications are more critical,
as in these cases we assign a grip a higher reliability than the real ones In Table
1 false positive and false negative errors are compared, and it can be seen that
the false positive classifications, which we want to avoid, are less frequent than
false negative ones, both for the No Hand and the Hand net

It must be noted that the above results have been obtained even though the
available data were far from optimal First they were too few Second, they were
very noisy due to uncontrollable errors in sensing, image processing and motor
control Finally, the data were very unequally distributed across the classes More
precisely, the low quality classes D and E strongly prevail on the others For this
reason it was more difficult to train the net to classify an input as belonging to
classes A, B and C
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6 Conclusions

We have presented a contribution to a methodology for computing and execut
ing reliable grasps for unmodeled objects using only visual sensing as input We
have proposed a set of intrinsic features that adequately characterize a grip
To verify the goodness of this characterization two neural networks have been
implemented They accepted as inputs the features, and give as outputs the reli
ability class of the grips Training data were obtained from practical experiments
with a humanoid robot We used both features that depend on the object image
and also on the particular kinematic configuration of the hand Our experiments
showed that the latter are critical for a better prediction, since the results were
significantly better for the net in which the features involving the hand geometry
were used
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Abstract. The paper proposes a method for visual based self-localisation of a
mobile agent in indoor environment. The images acquired by the camera
constitute an implicit topological representation of the environment. The
environment is a priori unknown and so the implemented architecture is entirely
unsupervised. To compare the performance of some self-organising neural
networks, a similar neural network architecture of both Self-Organizing Map
(SOM) and Growing Neural Gas (GNG) has been realized. Extensive
simulations are provided to characterise the effectiveness of the GNG model in
recognition speed, classification tasks and in particular topology preserving as
compared to the SOM model. This behaviour depends on the following fact: a
network (GNG) that adds nodes into map space can approximate the input
space more accurately than a network with a predefined structure and size
(SOM). The work shows that the GNG network is able to correctly reconstruct
the envirenment topological map.

1 Introduction

The preservation of neighbourhood relations, better known as topology preservation,
is a very useful property of self-organizing networks and has attracted a great deal of
interest [5], [8], [11]. A mapping preserves neighbourhood relations if nearby points
in input space remain close in the map space. In general, a network can only performs
a perfectly topology preserving mapping if the dimensionality of the map space
reflects the dimensionality of the input space [7].

Then, the self-organising networks are usually considered as topology preserving
models, since it is a consequence of the competitive learning: similar patterns are
mapped into adjacent neurons and neighbouring neurons activate or code similar
patterns (topology preserving feature maps) [2]. However it is not true in a great
number of cases. Martinetz and Schulten [9] have formally defined what are
Topology Representing Networks and its relationship with computational geometry
structures as the Voronoi Diagram and the Delaunay triangulation. Then, several
models are not preserving topology networks, for instance, Self-Organizing Map
(SOM) of Kohonen [6], with a fixed dimensionality.

Then the self-organising network that better preserve topology is the Growing Neural
Gas (GNG) of Fritzke [3], with variable dimension. In this case, the topology is not
previously defined but it is adapted during the learning phase.

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 201-208, 2003.
(© Springer-Verlag Berlin Heidelberg 2003
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In this paper we describe our application on robot self-localisation using images from
a digital camera. So, to verify the performances in robotic field of some self-
organising network models, we realise a similar architecture by using: in a first case
the SOM of Kohonen; in a second case the GNG of Fritzke. Particularly, we compare
the results considering the two different models, making a point of the preserving
topology property that characterises the networks with variable dimensionality. The
result is that the GNG network is better than the SOM network for representing the
environment topological map. Then, similar input patterns from an input space are
projected into nodes that are close to each other in the output map, and conversely,
nodes that are adjacent in the output map decode similar input patterns [10].

We use the images as an implicit representation of the environment. The topological
map consists in a set of images connected by links on a graph. Consequently the
environment is characterised by a topological map that is used to qualitatively detect
the position of the robot. The learning algorithm of proposed architecture detects the
occurrence of unknown data and automatically adapts the structure of the network to
the learning of these new data.

2 Introduction to the neural networks used

Self-Organizing networks are normally considered as Topology preserving of an input
space and this is viewed as a consequence of the competitive learning. However, by
following recent definition of topology preservation, we can say that not every self-
organising model has this quality [9].

2.1 The Self-Organising Map (SOM)

The self-organising map of Kohonen [6] is one of the best-known and most popular
neural networks in the literature. The SOM consists of a set of competitive units that
form a lattice with a topological neighbourhood function. The algorithm itself, which
is inspired by sensory mappings found in the brain, is relatively simple. The lattice of
map nodes are each connected via adaptable weight vectors to each element of the
input vector. The SOM algorithm performs competitive learning, but instead of just
the winning node being adapted, nodes that are close to the winner in the map space
(neighbours} are also adapted, although to a lesser extent.

This means that nodes that are close together in the lattice respond to similar inputs,
so that the set of local neighbourhoods self-organises to produce a global ordering.
The dimension of the map space and the number of nodes in the network are chosen
in advance, and typically the map have one- or two-dimensions. In the one-
dimensional case the map is organised to form a continuous ring of neurons. In the
two-dimensional case the map is been bent to form a matrix of neurons.

For a given input, the distance between the input and each of nodes in the map field is
calculated usually as Euclidean distance. The node with the minimum distance is
selected as the winner and the weight for that node and its neighbours in the map field
are updated. In the SOM the network structure and dimensionality must be decided
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before the learning (fixed dimensionality). This constraints the resulting mappings
and the accuracy of the output.

So, the SOM have only partially the topology preserving property: a neighbour
neurons corresponds to neighbour input vectors, but no vice versa. A real topology
preserving, may be obtained by models with variable dimension.

2.2 The Growing Neural Gas (GNG)

The GNG is an incremental neural network. The incremental character of this model,
avoids the necessity to previously specify the network size [2]. It can be described as
a graph consisting of nodes, each of which has an associated weight vector (reference
vector), and by defining the node’s position in the data space and a set of edges
between the nodes and its neighbours. During the learning phase, new nodes are
introduced into the network till a maximal number of nodes is achieved. The GNG
starts with two nodes, randomly localized in the data space, connected by an edge. A
new node is introduced into a network after a predefined number of iterations, A
(adaptation steps), defined by the user. The new node has to be slowly introduced into
the network structure, in order to lieve enough time for redidtributing the nodes over
the darta space. For each data object the winner (the closest node) and the closest node
of the winner, are determined. These two nodes are connected by an edge and with
each edge an age variable is associated. At each learning step, the age of all edge
emanating from the winner are increased by one. When the edge is created its age is
set 1o zero. Edges exceeding a maximal age and any nodes having no emanating edge
are removed. In this way the topology of the network is modified. The neighbourhood
of the winner is limited to its topological neighbours, in other words, nodes connected
by edge with a winner. In GNG all topological neighbours are updated in the same
way, and the squared distance to the input data is accumulated for the winner [1].

This network is able to learn high dimensional input spaces, and to satisfy in every
situation topology preserving property. This is because its topology is not previously
defined, but they adapt it during the learning [2].

3 The implemented architecture

The realised system simulates the behaviour of a mobile robot, that is able to know
and to classify the images acquired from a visual sensor, fixed on robot body. Our
system uses a single sensor, that is an omni-directional digital camera that provides
the description of the environment. This camera acquires the images with colour
depth of 24 bits.

The choice of the environment to test the realised architecture is very important to
verify the system effective ability. Then the choice environment is without chromatic
characteristics and with not bright colours, a priori unknown, and in particular it
consists in a typical indoor environment: two different corridors, where the system
has to recognise the right zone of a specific corridor.
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In the first time, we extract the frame from the videos relative to the two corridors.
After we reduce the dimensions of the images through bilinear mean of the colours.
The images are reduced in a bitmap format of 32x24 pixels and then every pixel of
the images is separated into RGB (Red Green Blue) components. The components
have a value between O and 255.

To verify the performances in robotic field of two self-organising network models, the
following architecture has been realized using both the SOM and the GNG networks
with the same structure. In all the examples, the output map of the SOM is a one-
dimensional chain.

— The first layer consists of three neural networks, one tor each component RGB, and
it has to identify the space of the possible vectors, classifying the images according
to levels of Red, Green or Blue about the individual pixels.

— The second layer consists of a single neural network. It receives in input the weight
vectors of three winner units; one for each network relative to the first layer. Then,
the layer simultaneously processes three colours levels, The output of the second
layer is the winner unit and so the reply of the system.

In the second layer the nodes number is equal to the number of parts in which we

divided the corridor. During the training phase, each node correspond to a determined

part, depending on the resemblance to the training set data. The network also
establishes the length of the corridor parts associated to the same node.

Then the network receives again in input the same training set and now the system

determines the images group that has the same output, including uncertain zones with

heuristic methods. In this way the system discriminates the images belonging to a

specific part of the corridor and then it explicates the correspondence nodes-parts.

The training set used for the learning consists of the 80% of the images about the

different locations that the system had to identify. To verify the real performance of

the recognition algorithm, we uses the other 20% of images for the test.

During the test, the system associated each input image to an appropriate winner unit,

In other word, the system correctly replies if the output of the system is the node that

identifies the corridor part from which the image is previously acquired.

4 Experimental results

The behaviour of the implemented model is checked with some simulation’s. In order
to study the image recognition capability and the topology preservation capability, we
have chosen networks with different characteristic, according to the number of units
during the learning process and to the characteristics of the input. We have tested our
method on real data images obtained from a digital camera, mounted on the top of the
mobile platform. The environment consisted in two corridors, everyone with different
characteristics. For the two corridors we have performed the learning of different
input manifold, according to the images dimension and to the nodes number. The
following presentation considers the best case for each corridor.
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4.1 First corridor

The length of the first corridor is approximately 36 meters. During the run 1000 video
sequences are taken, corresponding to 1000 different pose. The training set consists of
800 images, whereas the test set consists of 200 images. The images are rather similar
and they do not show particular bright colours.

To evaluate the performances of the two self-organising networks we have chosen the
same number of nodes in the network of the second layer. The number of nodes is 18.
This choice depends by the length of the corridor and so the subdivision of the
corridor in 18 parts there is. The time necessary to recognition each image is 0.065
seconds, using the SOM. The time is considerably reduced if we consider the same
corridor using the GNG network. In fact, the time to test the architecture using GNG
network is 0.037 seconds for each image.

The figure 1 compares the percentage of acknowledgement of the test images for each
part of the corridor. We can see that the percentage of recognition has high value in
either case, so both models are able to identify the images in a given distribution. The
GNG model, however, in each zone has the best percentage.

So, the percentage of the acknowledgement of the all data set, during the test is 93,5%
for the recognition using the SOM. While using the GNG, the percentage is 99,5%. In
a global point of view, the GNG model acknowledges all the test images better than
the SOM, although either value are rather high.

CORRIDOR 1

e
T =

ABCDEFGHIJKLMNOPAQR

Fig. 1. Comparison of the percentage of recognition in each part between SOM and GNG

Another important aspect that concerns the topology preserving property is
considered. So as final result, we want to obtain that the edges between the nodes in
the last layer matches the topological map of the corridor. In this way, we can
reconstruct the topology of the environment through the reply of the network, since
each node identifies a particular zone of the corridor.

The following figure 2 compares the graph in output and its connections in two
architectures (one with SOM networks and the other with GNG networks). The
corridor is effectively and correctly reconstructed if the letters in the figure are linked
in alphabetical order.

The triangles identify the connections between the nodes of the adapted SOM
network. In this case the topology of the corridor in the last part of the corridor is only
respected. In fact, in the initial part the nodes connect zones not nearby.
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The squares identify the topological representation of the corridor, considering the
GNG networks. We can see that the system now is able to connect correctly the
neighbouring parts of the corridor, and then the preserving topology property is rather
well respected. The stars identify some mistake, when the arcs of the graph also
connect not neighbour parts of the corridor.

CORRIDOR 1

CDEFGHI JKLMNOPOQR

Fig. 2. Comparison on the topology preservation between SOM and GNG

4.2 Second corridor

The length of the second corridor is approximately 15 meters. During the run 900
video sequences are taken corresponding to 900 different pose. The training set is
created from 750 images while the system testing is carried out on 150 different
images.

The images of the last environment are more coloured and clearer than the others.
Since this corridor is the most short, in the network of the second layer of the
architecture, for either self-organising networks, we have considered 10 nodes. So the
corridor is divided in 10 parts, in each zone the images are rather similar.

The time necessary to acknowledge each image is 0.048 seconds, using the SOM.
While the time to test the identical architecture using GNG network is 0.035 seconds
for each image.

CORRIDOR 2

|
‘ISOM DGNGI
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Fig. 3. Comparison of the percentage of recognition in each part between SOM and GNG
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In the figure 3 we compare the percentage of recognition of the test images in each
part of the corridor. We can see that the percentage of acknowledgement is 100% in
each part, when in the architecture we consider the GNG networks. And so in this
case we have a global recognition of 100%. Loosely speaking all the images are
perfectly clustered and recognized. If we use SOM networks we have a smallest
percentage to correctly classify the images. The total percentage is 90.6%. The GNG
network has the best percentage, whether locally or globally.

CORRIDOR 2

—d—S0M
—8—CGNG
®  GNG (ermen

Fig. 4. Comparison on the topology preservation between SOM and GNG

By observing the figure 4, we can see that the connections between the nodes of the
second layer network, respect rather well the topology of the second corridor, when
the architecture consists of GNG network (squares). In this case the system
acknowledges all the test images, and it is able to respect neighbourhood relationships
in the zones of the corridor (figure 4). Then, the corridor is completely reconstructed
and the topology is preserved. The arcs connect correctly neighbouring parts in the
topological map of the corridor. The stars identify some erroneous connections for
this particular situation.

The triangles represent the output nodes of the system when we consider the SOM
model. As we can see the parts of the corridor are not very well connected, the letters
in alphabetic order are not linked. In this experiment, it is not possible to recognize
the topological map of the analysed environment. The links between the nodes do not
reflect the connections between the adjacent parts of corridor.

5 Conclusion

The aim of this paper was to present an application of the topology preserving
capabilities of two different self-organising networks. We have shown that the
network with a variable topology (GNG) adapts better to any one of the inputs
manifolds than network with a predetermined topology (SOM). We have presented a
preliminary work on the use of artificial vision in a self-localisation schema for a
mobile robot. The proposed approach, well suited for an office like environments,
used an inexpensive camera with standard hardware. To compare the effectiveness of
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the two models, an unsupervised architecture has been realized using both the SOM
and the GNG, which have the same structure.

Experimental results are presented to show a good classification accuracy of the
proposed architecture, in either case. In fact, both the SOM and GNG have been
particularly successful in data recognition tasks, although the GNG network assures
the best results and in a few time.

The simulations show that the pre-defined output map structure of SOM loose the
topology preserving property; in fact the connections between the nodes of the
adapted network does not reflect the sequence of different zones in which the corridor
is divided. While, the GNG algorithm adjusts to the topological structure of a given
input manitold and forms, always a perfectly topology preserving mapping. In fact, in
this case the system not only optimally recognizes the images in ¢ach corridor, but it
is able to reconstruct the topological map of each environment. In other words, the
nodes and their connections reconstruct the corridor, since there is a correspondence
“nodes-pieces”. This property is very important for the blind navigation. When a
mobile agent navigates in a unknown environment, the proposed architecture allows
o automatic represent the topological map of the environment and so to support the
moving agent. So, while the agent navigates in the blind environment it can perform
an assessment of his localisation.
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Abstract. This paper presents a neural design which is able to pro-
vide the necessary reactive navigation and attention skills for 3D em-
bodied agents (virtual humanoids or characters). Based on Grossberg’s
neural model of conditioning [6], as recently implemented by Chang
and Gaudiando [7], and according to the Adaptative Resonance The-
ory (ART) and the neuroscientific concepts associated, the neural design
introduced has been divided in two main phases. Firstly, an environment-
categorization phase, where an on-line pattern recognition and catego-
rization of the current agent sensory input data is carried out by a self
organizing neural network, which will finally provide the agent’s short
term memory layer(STM). Secondly, and based on the classical condi-
tioning paradigm, the model will associate the interesting STM states,
from the navigation or attention points of view, to finally simulate these
necessary skills for 3D characters or humanoids. Finally, we will show
some experimental navigational results, through the integration of the
model presented in 3D virtual environments.

1 Introduction

Intelligent Robotics and Intelligent Virtual Environments(IVE) share the lack of
designing agents capable of finding paths free of obstacles in order to satisfy their
high level goals. Furthermore, one of the main tasks of any mobil agent, including
humans, is navigation. In the majority of applications where 3D embodied agents
are required, such as games or real time graphic simulations, this navigation
problem is normally solved using any plausible global search technique, which is
normally applied under classical static environmental assumptions [9]. A more
reduced set of contributions in this field considers navigation as a local agent
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problem, simulating a realistic information flow from the environment to the
agent, and easily computed through the classical sense/think/act agent cycle.

From robotics, Latombe et al. have combined 2D path-planning techniques
with a rule-based system for modelling memory and synthetic vision/perception
in virtual human simulations[4].

Tu and Terzopoulos implemented a realistic simulation of autonomous arti-
ficial fish combining a raycasting vision system with physical-based locomotion
[5]. This system has been also applied to 3D virtual humans [12].

Noser et al. presented a synthetic vision system that uses object-false color-
ing and dynamic octrees to represent the visual memory of the character who
navigates combining global and local techniques|[2].

As nowadays, the increasing graphic realism of 3D characters has generated
corresponding expectations in terms of character’s behaviour (including the low-
level ones), our main research interest is to provide for the adequated AI for-
malisms in order to reproduce and display the neccesary intelligence related to
the skills cited.

In 3D environments, agents can perfectly access to the complete visual data
base, so local sensorization is not really a requirement. However, local meth-
ods are clearly more appropriate for managing the necessary information flow
to simulate reactive behaviours, such as navigation in dynamic environments or
visual attention. For instance, the process of filtering visual sensory information
and selecting the most interest objects from the environment to attend, that
is, visual attention would be a globally untractable problem for complex envi-
ronments. Furthermore, global navigation techniques for 3D intelligent virtual
agents (IVAs) present the following problems:

— Reactivity: During navigation, the agent’s target could change, for instance
it could detect a virtual friend, or escape from a new enemy. Dynamic virtual
environment simulations, where obstacles or agents could appear anytime,
suggest the avoidance of global path calculations.

— Uncertainty: The agents could not have global information about their en-
vironment. This must be a requirement in virtual humans, which must only
remember the places previously visited, in order to perform realistic simula-
tions, such as in supermarkets, etc.

— Realism: Depending on the environment discretization (2D-grid, quadtrees,
octrees) the global path obtained will contain the set of cell-centroids, which
the agent must visit to finally achieve its position goal. The visualization of
this path will have a low realism degree and normally an extra path-smooth
phase will be also required.

Bearing this in mind, and although low-level navigation and attention be-
haviours for 3D characters depend on the specific application, we can identify
these essential requirements:

— Reachability: For any goal position, the agent must be able to reach it au-
tonomously.
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Collision Avoidance: Agents must reach their goal positions without colliding

with any obstacle or agent.

Replanning: Goal position can change during navigation so flexible naviga-

tion will be also required.

— Lifelike paths: Optimization criteria considered typically in global naviga-
tion algorithms, (minimum distance/energy), must be blended with local
information in order to achieve lifelike paths instead of minimum ones.

— Lifelike attention: In every simulation cycle the agent must attend to in-

teresting objects/agents, according to their properties (ej.: type, size, color,

speed, direction, ...) .

The rest of this paper is organized as follows, firstly we will present the
sensory agent system and the feedforward scheme introduced as the basis of the
neural design proposed. Then we will explain this design focussing mainly on, the
on-line environment categorization performed by a FuzzyArt Neural Network,
and the conditioning machanisms introduced later. Finally we will also show the
experimental navigation results obtained during simulation time, which have
demonstrated a good potential for scaling the neural model up.

2 The sensory agent system

Intelligent robots or virtual characters with a set of sensors and memory skills
must be able to explore unknown environments, and incrementally build their
own internal model of the world. In this way, the main information channel
between the environment and the agent, should be provided by the sensory agent
system.Furthermore, 3D humanoids must take this into account, simulating a
realistic information flow from the environment to the agent, instead of creating
omniscient agents.

As we know, synthetic vision differs from vision computations for real robots,
since we can skip all of the problems of distance detection, pattern recognition,
and noisy images [4]. This allow us to implement a reasonable model of visual
information flow that operates in real time systems. We are considering virtual
vision sensors as a simple pyramidical culling volume from the agent point of
view. According to this, in each agent’s simulation cycle, every object or agent
accepted by its vision cull-test, that is, the visible objects and agents, will shape
an observation vector within semantic information relating to the object/agent
(direction, distance, size, color, ...). In order to introduce high level information
to be used by the planner system [11], we have also included relevant information
about its state, for instance door (open/closed) (Figure 1). This semantic-vector
approach is similar to Latombe’s perception-based navigation system, where
visual observations are simulated using an output vector provided by the vision
module as well [4]. As Figure 1 shows, each observation corresponds to a couple
of vectors, that is, the rays that cover completely the obstacle from the agent’s
point of view. This information will be useful for navigation tasks in two ways,
firstly as the necessary patterns to represent and categorize the environment,
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in order to perceive and detect them in the future, and secondly to inform the
navigation system about the directions that will drive the agent to a collision
situation.

Virtual Update &
Environment Rendering

Perior !¢

angular velocity vectors
(v, v,

navigation ? Vattention )

Synthetic
Vision

Neural Model
observation vectors

o,(table, dir_x, dir_y, dir_z, dst, ..., feature n)
o,(table, dir_x, dir_y, dir_z, dst, ..., feature n)
o,(divider, dir_x, dir_y, dir_z, dst, ..., feature n)
o (divider, dir_x, dir_y, dir_z, dst, ..., feature n)

0,(obj_id, dir_x, dir_y, dir_z, dst, ..., feature n)
o,,(obj_id, dir_x, dir_y, dir_z, dst, ..., feature n)

Fig. 1. Basic agent loop

In the next section we will review the neural model we are using to categorize
the environment, as a generic machanism for the agent’s perception and situation
detection.

3 The Neural Design

The neural design proposed is based on a simple 3-layer feedforward model
presented in [10]. The first layer (goal following) will compute the alignment of
each neuron, as a vector of an angular map, to the goal. Then, in the correction
layer, and according to the sensory information provided, we can reprimand
the neurons which would locate the agent on a collision course. Finally both
contributions are taken into account in the motor layer, which will search for
the neuron with the maximum activation value. As we will see in the results
section, this reactive scheme can be adequate for 3D virtual humans, and let us
consider the possibility of parametrizing several important factors, such as, the
security distance to objects. However, it could fail in some situations (Figure 4),
local minima, etc, so we have complete the correction layer with the following
model.
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3.1 Synthetic Perception and Short Term Memory

Human vision is a complex process where input data is taken from saccadic
eye movements and then processed in different areas of visual and prefrontal
cortex. During this process a high level classification occurs resulting in a number
of categories which will represent the state of the agent’s environment, from
its point of view. The Adaptative Resonance Theory (ART) has been used for
this task as a well known human cognitive information processing model and
according to this model, each agent will have a Fuzzy ART Neural Network for
managing this categorization, which will give the agent the possibility of learning
new categories, or situations to consider, without forgetting familiar ones [6].
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Fig. 2. Neural design for agent attentive navigation

As Carpenter&Grossberg pointed out, the Fuzzy-ART system tries to allo-
cate the current sensory input sample in one of the familiar categories previously
learned. When agreeing with the vigilance parameter, typically included in ART
systems, this sample cannot be committed to any of the current categories, the
model will create a new one. In this first learning step, the observation vectors
(Figure 2) will be sent to the agent which will take a look at its environment for
ascertaining its variability. As a self organizing neural network, this learning step
can be carried out on-line, that is, in real time. Bearing this in mind, the agent
will learn the variability of objects from its environment to finally manage a
finite number of self developed categories which will represent several situations
that the agent is interested in controlling, such us, a new interesting objects/
agents to attend, or a plausible collision situation.

Typically, in ART systems a single input pattern is able to activate only
one category, however, a complete reasoning cycle for 3D IVA’s must imply
the sequential activation of different categories. According to this, the active
categories will be stored in a new layer (STM) which will finally represent the
agent’s short term memory in real time (Figure 2).
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The next problem will consist in finding the right associations between spe-
cific STM states and the 3D agent motor layers, considered as normal angular
velocity vector maps. To achieve this, the model must learn when and how to
map its current STM state into the navigation and attention motor layers. This
process will be based on the classical conditioning paradigm and it will also be
neccesary to consider specific conditioning learning signals in both associations:
STM - navigation layer (CSn) and STM - attention layer(CSa) [7](Figure 2).

In a first mapping (STM-navigation association), the model will help the
correction layer of the basic feedforward scheme to finally control the angular
velocity vector of the agent’s body, so that, the training will be oriented to detect
and associate collision situations with the navigation output vector.

In parallel (currently under construction), a second mapping will simulate
visual human attention. Again, associating the right stimuli, the velocity vector
map considered for the attention layer will control the final character’s head ori-
entation in real time. For a further explanation about the neural model presented
see [10].

4 Experimental Results

The model described has been implmented in C++ and has been integrated with
two kinds of 3D environments, such as, SGI-IrisPerformer API and the Unreal
Tournament 3D virtual environment graphic engine. The first results presented
in [10] was concerned with the basic feedforward model, and no learning was
carried out. This system has been upgraded and tested in several situations, as
Figure 3 shows, where through classical parametrization, this basic model let’s
us consider the possibility to include internal agent variables, such as stress, or
a security factor, in order to help in avoiding any obstacle (Figure 3).
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Fig. 3. Paths obtained in several test situations

Figure 4 in its first loop, shows the behaviour founded without considering
the security factor mentioned, in this situation, when the agent is to close to the
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bounding box of the object represented and no categories has been learned, it
can loose its sensory information and go forward its goal, unfortunately, passing
over the obstacle. As the categorization performed in the STM layer is sensitive
to conflict situations, this let’s us implement the associative learning already
explained, in order to control them properly. This is shown in the second loop
of its 7-step plan when a similar collision situation is faced the second time,
the agent can now recognize it and correct it, avoiding the collision situation
previously learned.

Fig. 4. Learning on-line from past situations

In order to visualize the resultant character’s behaviours, the system has been
also integrated in the Unreal Tournament 3D graphics engine, where basically the
neural model should send via UDP sockets the current position and orientation to
the game engine. These data are managed by several UnrealScripts, the engine’s
scripting lenguage, to finally locate the 3D character in the virtual environment
(Figure 4).

Fig. 5. Paths follwed by the 3D agent in a UT based 3D virtual environment
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5 Conclusions

Neural approaches have been previously introduced in 3D intelligent creatures,
mainly on solving dynamical systems for computer animations [5]. However, the
majority of 3D agent architectures are focused on low cost global techniques to
solve navigation problems and approaches from neuroscience are less frequent in
3D virtual worlds. A new neuromodel approach has been presented for covering
visual attention and navigation for 3D intelligent virtual agents, such us 3D
virtual humans but it could be also adapted to robotics.

According to the results obtained, we expect to undertake new experiments
focussing on navigation reactions, for example avoiding dynamic obstacles or
agents, and finally including the necessary machanisms for visual attention in
3D humanoids.
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Abstract. Neural networks have proven to be very powerful techniques
for solving a wide range of tasks However, the learned concepts are un
readable for humans Some works try to obtain symbolic models from
the networks, once these networks have been trained, allowing to under
stand the model by means of decision trees or rules that are closer to
human understanding The main problem of this approach is that neural
networks output a continuous range of values, so even though a symbolic
technique could be used to work with continuous classes, this output
would still be hard to understand for humans In this work, we present a
system that is able to model a neural network behaviour by discretizing
its outputs with a vector quantization approach, allowing to apply the
symbolic method

1 Introduction

Neural networks (NN) are very useful to solve a wide range of tasks, such as
classification, prediction, optimization, etc In this work, we begin with a NN that
is able to control a robot There are many ways to learn such a NN, from typical
algorithms, like backpropagation [1], to reinforcement learning approaches [2]
or evolutionary computation [3] However, it is very difficult to interpret the
results in order to extract general conclusions on the correctness of the learned
knowledge, its possible drawbacks, or to improve it

The ability to transform a procedural description of the reasoning process of,
for instance, a given control skill into a declarative representation allows to more
easily share knowledge, or to reason about other control behaviors Specifically,
one of our goals is the study of automatic ways of extracting knowledge (models)
from non symbolic representations, such as NN’s This has been already studied
by some authors by analyzing the internal structure of the NN [4] We propose
an alternative that consists on modeling their behavior by observing how they
“solve problems”: what output they generate in response to some inputs So,
the modelling task is mapped to a symbolic classification task, where a classifier
must learn to assign the right action (output of the neural network) to any state
(input of the network) [5]

Nevertheless, NN output is continuous, while symbolic supervised learning
algorithms, like C4 5 [6], typically work with discrete classes Thus, a mapping
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from the initial set of continuous values to a finite (and preferable small) set is
required In this work, we apply a vector quantization technique, the Generalized
Lloyd Algorithm (GLA) [7], to do this map and to automatize this process, that
in other case would have to be done by hand

In this paper, Section 2 presents our learning approach to symbolic modeling
Section 3 describes the GLA algorithm Section 4 describes the way in which
experiments were defined, and presents the obtained results Finally, Section 5
discusses the main conclusions achieved and further research

2 Automatic acquisition of models

The behaviour of a reactive robot can be characterized by its response, (out
puts), to the sensorial information that it receives, (inputs) So this behaviour
can be considered as a relationship between inputs and outputs In terms of a
classification task, this allows to define a class for every possible output Then,
the task of modeling (generating a declarative representation of a robot behav
ior) can be translated into a classification task using symbolic methods, where
the relationship between the inputs and the outputs must be learnt In a previ
ous work we presented results for discrete tasks in which the outputs belonged
to a finite set of values[5] However, the assumption of having a finite set of ac
tions is false in many domains Thus, the work above was extended to apply two
different approaches First, to discretize the output by hand and to use a typical
symbolic classifier (like ¢4 5 [8]) And second, to use a symbolic algorithm that
is able to deal with continuous outputs (like regression trees [9,10]) Both ap
proaches obtain very good results, preseted in [11] However, the first approach
has as main problem of the discretization step, that must be done by hand The
problem of the second approach is, given that the output of the regression tree
is continuous, it is harder to interpret it, so the goal of the work, to model and
to understand the behaviour, may not be achieved In this work we follow the
first approach, but we look for an automatical way to discretize the output This
approach is based on vector quantization methods [12], particulary the GrLA

In this work, we use a NN that controls a robot, and a technique that gener
ates rules, such as ¢4 5, to model the network, i e to model the robot behaviour
The general framework is described in Figure 1 which shows the interrelation be
tween the robot r1, the modeler r, that tries to learn and reason about a model
of r1, the classification technique ¢ used for modeling its behavior, and the ob
tained classifier m (model of r;) This classifier m should model the behavior of
robot r1, in such a way that if one presents the same set of input patterns (sen
sory data) to both 71 and m the error between the output provided by r; and m
should be minimal Furthermore, a vector quantization (VQ) step is introduced
to discretize the r; outputs Next section describes briefly this technique

3 Generalized Lloyd Algorithm (GLA)

The Generalized Lloyd Algorithm [7] is a clustering technique that consists of a
number of iterations, each one recomputing the set of more appropriate partitions
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Fig. 1. Architecture of the modeling of robots behavior

of the input states (vectors), and their centroids The algorithm is shown in
Figure 2 It takes as input a set T" of M input states, and generates as output
the set C' of N new states (quantization levels)

There are two design decisions to be made when using such a technique The
first one is how to choose the initial set of clusters, given that the solution is
highly dependent on it The second one is what to do with empty cells obtained

Generalized Lloyd Algorithm (T, N)

1 Begin with an initial codebook C\
2 Repeat:

(a)

(b)

()
(d)

Given a codebook (set of clusters defined by their centroids) Cr, = {yi;i =
1, , N}, redistribute each vector (state) z € T into one of the clusters in
Cm by selecting the one whose centroid is closer to z (nearest neighbour
rule)

Recompute the centroids for each cluster just created, R, to obtain the new
codebook C, 41, using equation (1):

| RI|

cent(R)[i] = ﬁ S alil (1)

where z; € R, x;[i] is the value of component (attribute) ¢ of vector z;, and
||R|| is the cardinality of R

If an empty cell (cluster) was generated in the previous step, an alternative
code vector assignment is made (instead of the centroid computation)
Compute the average distortion for Cry41, D41

Until the distortion has only changed by a small enough amount since last itera

tion

Fig. 2. The Generalized Lloyd Algorithm
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in step 2(c), given that empty cells are useless Both topics are solved by using
only one cell initial prototype, and increasing this value in different iterations
Empty cells are eliminated and replaced by other ones that result from splitting
non empty ones All these mechanisms are explained in depth in [13]

4 Experimental Setup and Results

This section describes the experimental sequence needed to obtain a symbolic
model m from an agent r; (which is considered as a black box) that can be used
by an agent r» To do so, we have carried out three phases: a robot training
phase for 71, a training phase for obtaining a model m of ri, to be used by r
and the test of model m in a robot simulator

4.1 Robot Trainning

During robot training (r), Uniform Coevolution was used to obtain a NN that
controls the movement of the robot based on a Braitenberg scheme [14] The
robot moves in a bi dimensional world, where there are obstacles with different
shapes Its goal is to move to a goal position in an efficient way, as shown in
Figure 4 1(a) The robot has five sensors shown in figure 4 1(b) Three of them
(the proximity sensors) inform the robot how close obstacles are The next two
measure how far the target location is, and what the angle to that location is
The robot has two wheels that can move at different speeds v; and vy, so the
robot can turn However, for experimental purpose, the speed of wheel v; is fixed,
therefore the NN can only control the wheel v5 The aim of the neural network
learned by Uniform Coevolution is to control 71, that is, to map its sensors into
vo speed We refer the reader to [3] for details about Uniform Coevolution

| Fin | Comexion || Bpcinea | dyudal |

Obstacles
F o Robot Sensorial Inputs
™ 51, 33, 33: Proximity sensor
Goal 54 - Angleto the goal

55 : Distance to the goal
¥y, Vo Velocity wheels
W Weight hetween sensor

i
.

and wheels
Starting Position Path
| Boewlr 19 e B, Origey: & Aekin
(a)Environment View (b) Robot Architecture

Fig. 3. Robot and Environment
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4.2 The Modelling Task

Once the controller for 7, has been learned, the knowledge that tries to model the
behaviour of ry is obtained by a rule modeler after applying the Lloyd algorithm
to discretize the outputs The detailed steps for training ro are as follows:

1 The robot 7, being controlled by the (co)evolved neural network is run
several times At every instant, the readings of the five sensors (inputs) r(¢;)
and the wheel velocities (outputs), ¢(t;) are logged to produce a trace of
the reactive behaviour of the robot From this trace it is straightforward to
obtain a set of examples T' so that ry can learn and model 7,

2 Each instance t; of the set T" is composed by the input, r(¢;), and the output,
¢(t;) From the set T, we extract all the ¢(t;) values, generating the set
T. of possible outputs This set is used as input of the generalized Lloyd
algorithm to obtain a reduced set of values T. Last all the c(t;) values in T'
are discretized based on TC, obtaining T

3 The Set T is used to train ro, which generates modeling knowledge This
knowledge will be obtained using C4 5 [15], a decision tree generator, that
will generate a set of rules that models the robot behaviour That is, 7o
knowledge should predict the output of r1, no matter whether it is the right
or the wrong output Of course, we are also interested in modeling r1’s
mistakes, if any

In this domain, the learning task is the prediction among a range of classes,
based on 5 attributes (sensors data) The number of instances are 976 corre
sponding to six simulations of 1 The classes have been obtained “ad hoc” for
the first experiment, visualizing the distribution of the data, and selecting 11
different values

The aLA has been also used to obtain the classes using different number of
discretization levels (2, 4, 8, 16, 32 and 64) To determine how closely r» knowl
edge models r; behaviour, we carry out ten fold cross validation The closeness
of the performance of both r; and r» is measured as the number of examples in
which the predictions of ry differ to the behaviour of r; for the same sensorial
input, taking into account that, in each case, both outputs are discretized fol
lowing the “ad hoc” classes or the ones generated by GLA Classification results
are summarized in table 4 2 for the “ad hoc” solution, and the seven solutions
obtained by different executions of GLA, for different number of discretization
levels or classes

Approach|“ad hoc”| GLA 2 | GLA 4 | GLA 8 |GLA 16|GLA 32|GLA 64
Accuracy| 89 9% [98 90%|97 30% |93 30%|88 80%|81 80% |70 50%
Table 1. Classification results

While the number of classes is increasing, the accuracy decreases This is
because while the number of classes to differentiate increases, the classification



222 Agapito Ledezma et al.

problem is harder to solve However we will show later that this is not a problem,
and that a high accuracy does not imply a good model

4.3 Testing the Obtained Models

Last, and once the 7 models m; (the hand made solution, and the 6 models with
different number of outputs generated with GLA) have been generated, we tested
them in a robot simulator, SimDAI [16], and we compared the performance of
our model against the robot controlled by the NN in terms of average time
consumed and average distance covered to reach the goal In total there were
50 trials (robot motion) with r; and the 7 models m; Each trial begins from
different places in a bi dimensional world and consists in reaching the goal in an
efficient way

Figure 4 shows average distance covered by each model (including the original
one) to achieve the goal for the 50 trials, while Figure 5 shows the time spent
in running such a distance The original model and the model using “ad hoc”
classes obtain similar results, showing that the last approach is successful

3000

2500 | ]
2000 | ]

1500 | ]

Distance

1000 [ * ]

500 F uo T N

0 10 20 30 40 50 60 70
Number of Classes
Original Behaviour ——

hand-made classes —=—
VQ obtained classess

Fig. 4. Covered distance

When we use the models obtained by discretizing the classes with GLA, we
observe that with only 2 and 4 different classes, results are worse than previous
solutions, as well as when the number of classes is very high (32 and 64 classes)
In the first case, it is because the number of different classes or actions that
the robot can execute is very low, so although the modelling task was very
succesful (as shown in Table 4 2), the learned model is not good In the second
case, despite the fact that the model with 32 classes displays similar results for
average distance with original model, the average time is much worse This is due
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to this model sometimes generates trials where the robot is blocked and does not
move, covering a low distance, but without achieving the goal in the maximum
time set (time < 2000) When 8 and 16 classes are used to discretize the network
output, the model obtained behaves very similarly to the ones obtained by the
original model and by the model with classes discretized by hand

5 Conclusions

Results show that our approach is quite good when modeling simple neural
agents evolved by means of coevolution in a goal seeking obstacle avoiding robot
domain In this paper we have used a machine learning technique, c4 5, to ob
tain the modeling knowledge after applied the Lloyd algorithm to automatically
obtain a small discretized set of classes

To discretize the data is needed when using classification techniques that
require a finite set of classes and when requiring the outputs are easily under
standable by humnas In this work, we have used two approaches to do this
quantification The first one is to do it by hand, so the set of classes is obtained
after an extensive analysis of the data, locating the quantification levels in those
places where clusters were visually identified However, this process can not be
always done by hand For instance, if we had a NN with several outputs, multi
dimensional data should have to be quantified, requiring an automatic method
In this work, we have used a vector quantization method that computes the
quantization levels, allowing to design a model that obtains results very simi
lar to the results obtained by the original model and the model designed with
classes computed by hand (which is very good because of the extensive analysis
required to generate this approach)

In the future we want to extend our approach with the following ideas First,
to test our approach with other obstacle configurations Second, to make some
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agents learn models of other agents so that they can cooperate together Last, in
this experiments, the acquisition of models of other agents is off line However,
it would be very interesting that an agent could learn about other agents by
observing them on line
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Abstract. This paper proposes a very fast method for blindly initial
izing a nonlinear mapping which transforms a sum of random variables
The method provides a surprisingly good approximation even when the
basic assumption is not fully satisfied The method can been used success
fully for initializing nonlinearity in post nonlinear mixtures or in Wiener
system inversion, for improving algorithm speed and convergence

1 Introduction

Blind Separation of independent sources (BSS) is a basic problem in signal pro
cessing, which has been considered intensively in the last fifteen years, mainly
for linear (instantaneous as well as convolutive) mixtures More recently, a few
researchers [1 10] addressed the problem of source separation in nonlinear mix
tures, whose observations are e = f(s) Especially Taleb and Jutten [8] have
studied a special and realistic case of nonlinear mixtures, called post nonlin
ear (PNL) mixtures which are separable As shown in Figure 1, this two stage
system consists of a linear mixing matrix, followed by componentwise nonlinear
distortions It then provides the mixing observations:

ei(t) = fi(z aijs;j(t)) (1)

where s;(t) are the independent sources, e;(t) is the i th observation, a;; denotes
the entries of the unknown mixing matrix A, and f; is the unknown nonlinear
mapping on the component ¢

* This work has been partly funded by the European project BLInd Source Separation
and applications (BLISS, IST 1999 14190), by the Direccié General de Recerca de
la Generalitat de Catalunya under a grant for Integrated Actions ACI2001, and by
the Universitat de Vic under the grant R0912

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 225-232, 2003.
(© Springer-Verlag Berlin Heidelberg 2003
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Fig. 2. A Wiener system counsists of a filter followed by a distortion

The problem of blind inversion of Wiener systems (Fig 2) is equivalent to
the source separation problem in PNL mixtures [11] Its output writes as

e(t) = fFO_h(k)s(t k) (2)
k

where s(t) is the independent and identically distributed (iid) input, e(t) is
the observation, h(k) denotes the entries of the unknown filter H and f is the
unknown nonlinear mapping, assumed invertible and memoryless

Blind separation or inversion of the above models requires first to estimate
the inverse of the nonlinear mapping, and then to inverse the linear part This
can be done by minimizing the mutual information of the inversion structure
output However, it leads to slow and cost consuming algorithms, since the two
parts are in cascade and optimized with the same criterion

In this paper, we propose a simple, very fast and efficient method for roughly
estimating the inverse of the nonlinear mapping Section 2 explains the prin
ciples Section 3 proposes two classes of algorithms and section 4 shows some
experimental results where one use this method for initializing blind inversion
algorithms and improving its speed

2 Principles

2.1 The basic assumption

In the model (1), consider the signal just before the nonlinear mapping For
the i th component in the PNL mixture, The signal z;(t) = 3_; ai;s;(t) is a
weighted sum of random variables According to the Central Limit Theorem, X;
tends toward a Gaussian random variable The nonlinear mapping f; changes
the distribution, and consequently we can assume that the random variable
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— F() () —

Fig. 3. The inversion system

E; = fi(X;) is far from Gaussian Then, we propose to estimate the inverse of
fi, as the nonlinear mapping ¢; which enforces the random variable Z; = g;(E;)
to be Gaussian

Similarly, in the Wiener systems the filtered signal «(t) = ), h(k)s(t k),
just before the nonlinearity, is a weighted sum of random variables According
to the Central Limit Theorem, the random variable X, associated to z(t), tends
to be a Gaussian random variable Of course, the vicinity to a Gaussian variable
depends on the filter, but X is closer to a Gaussian distribution than the distri
bution of the original source S We then propose to approximate the inverse of
f() by the function g( ) such that g(E) is Gaussian

In the next section, since the two problems are very similar, we cancel the
index 4 for simplifying the notations

2.2 Cumulative density function

The simplest approach for computing g; is based on the property of the cumu
lative density function Consider the random variable E, and denote Fg(u) its
cumulative density function:

Fg(u) = Pr(E < u) (3)

where Pr() denotes the probability

The random variable U = Fg(FE) is then uniformly distributed in [0, 1]
Denoting ¢(u) the Gaussian cumulative density function, which transforms a
unit variance Gaussian variable in a uniform random variable in [0, 1], it is clear
that @ '(U) is a unit variance Gaussian random variable

Then, a simple approximation of the inverse g of the nonlinear mapping f is:

g=® 'oFp (4)

2.3 Maximization of Shannon entropy

Consider now the Shannon entropy of the unit variance random variable Z

H(Z) = / logp (u)pz (u)du (5)

where py(u) denotes the probability density function

Since, for unit variance random variable, the Shannon entropy H(Z) is max
imum if Z is Gaussian [12], then g can be estimated so that H(Z) = H(g(E))
is maximum (under the constrain of unit variance)
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Algorithms

Using the previous results, one can propose two simple algorithms for the rough
estimation of the inverse of the nonlinear mapping f The first algorithm (see
Fig 3) is based on the formula (4) derived in Subsection 2 2 The Matlab code
is very simple and very fast

A second algorithm, based on the result on Subsection 2 3, consists in ad
justing a nonlinear mapping ¢ so that the Shannon’s entropy of z is maximum
under the constraint E2* = 1 (see [10] for a similar work) We can parametrize
the nonlinear function g, for example by means of neural networks (multylayer
perceptron), as showed in Fig 4

gle)=x

(D
T

Fig. 4. Multilayer perceptron

A gradient approach can be easily derived for adjusting vector parameters
[h, b, w], in order to optimize the cost function J = maznpw(H(Z)) Although
the second idea is still quite simple, it leads to an algorithm which is much more
complicated and longer to converge than the previous one

Hence, in the following, we only give experimental results with the simplest
and more efficient algorithm based on (4)

4 Experimental results

4.1 Protocol

In order to test the algorithm, we made experiments, using source signals with
different kurtosis

Mixing of variables can be done according to either linear mixtures A or linear
filtering h For simplicity, we only report results with linear filtering according
to (2), but similar results are obtained with (1) [13]
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Ten different filters (low-pass, high-pass or band-pass) have been used for
providing filtered signals with various distributions. Then, we apply the non-
linearity f. We check, as expected by theory, that the algorithm is completely
independent of f since, Vf the function &' o Fg o f transforms the random
variable X to a Gaussian variable Z. If the compensation of the nonlinearity
was perfect, the function ' o F o f should be the identity function. Of course,
it can be rigorously true, only if X is Gaussian.

For testing the algorithm of PNL source separation, we did some experiments
for mixtures of two uniformly distributed random sources. The method used is
the algorithm proposed by Taleb and Jutten [8], denoted TJ. The mixing system

is composed of:
104
A= [0.7 1 } (6)

fi(x) = folz) = 0.1z + tanh(10zx) (7)

This mixture leads to the joint distribution showed in Fig. 5, where the
effect of the nonlinearities is clearly visible (left). In the same figure we can
see the scatter plot after the initialization of nonlinear functions g (center) and
the scatter plot of the initialized outputs y, where the signals are decorrelated
(right). Tt is easy to see qualitatively the initialization provides an estimation
y(t) which is a mixture, simpler than e(t).

Fig. 5. Scatter plot of the observed signals (left), of the signals after initializing non-
linear functions g (center) and of the decorrelated output signals (right).

Despite hard nonlinearities (0.05z + tanh(10zx)) are used in the experiments,
the results obtained with the TJ method are satisfactory. The initialization pro-
cess increases the convergence speed of the algorithm, and sometimes gives a
better result in terms of output SNR (Fig. 6).

4.2 Results

The performance index € of the compensation will be simply the mean square
4
error-:

€= Ex[|(®7" o Fp o f)(X) - X|I] ®)

4 For computing €, x(t) and z(t) = (! o Fg o f)(x(t)) have to be normalized
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Fig. 6. SNR evolution for TJ algorithm with initialization process(solid line) and with
out (dashed line)

which measures the divergence between & ' o F o f and the linear function z

Fig 7 shows the performance index versus the kurtosis of the filtered signals
X, obtained with the different sources and filters One can remark that the
performance is maximum when the signal kurtosis is close to zero, i e X is close
to a Gaussian, and vanishes as the kurtosis moves away from zero

As a result, the efficacy of the method is only related on the distribution of
X, just before the nonlinearity f: closer to the Gaussian the distribution, closer
to zero the error €

In Fig 8 and 9 we show an example of good and poor compensation of the
nonlinear function The good compensation corresponds to 0 0238 kurtosis and
the poor case to 12631

5 Conclusion

In this paper, we propose a very simple and fast method for blindly approxi
mating nonlinear mapping The method is based on the assumption that the
input variable of the nonlinear mapping is Gaussian due to mixture or filtering
The results show the method is robust enough to the Gaussian assumption In
the worst case (see Fig 9), it leads to a rough approximation of the nonlinear
mapping which can be used as initialization value for enhancing BSS or Wiener
algorithms
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Abstract. Independent Component Analysis (ICA) is a method for finding un-
derlying factors from multidimensional statistical data. ICA differs from other
similar methods in that it looks for components that are both statistically inde-
pendent and nongaussian. Blind Source Separation (BSS) consists in recover-
ing unobserved signals from a known set of mixtures. Thus, ICA and BSS are
equivalent when the mixture is assumed to be linear up to possible permuta-
tions and invertible scalings. However, when the mixing model is nonlinear,
additional constraints are needed to assure that independent components corre-
spond to the original signals. In this paper, we propose a simple though effec-
tive method based on estimating the probability densities of the outputs for
solving the BSS problem in linear and nonlinear mixtures making use of ge-
netic algorithms. A post-nonlinear mixture model is assumed so that the solu-
tion space in the nonlinear case is restricted to signals equivalent to the original
ones.

1 Introduction

Independent Component Analysis (ICA) is a method for finding underlying factors or
components from multidimensional or multivariate statistical data [6]. This technique
deals with the problem of transforming a set of observation patterns x, whose compo-
nents are not statistically independent from one another, into a set of patterns y = F(x)
whose components are statistically independent from one another. In linear ICA,
which is the most extensively studied case, the transformation F is restricted to being
linear. Nonlinear ICA allows F to be nonlinear. The principle that guides ICA is in-
dependence, i.e. the components y; should be statistically independent, meaning that
the value of any of the components gives no information on the values of the other
components.

The majority of the methods for performing ICA use an objective function, also
called contrast function [4], which measures the degree of dependence of the compo-
nents of estimated sources. A contrast function is a mapping y from the set of prob-

ability densities { p.,xeRY } to R satisfying the following requirements:
i. w(p,) does not change if the components of x; are permuted.
ii. w(p,) is invariant to invertible scaling.

iii. If x has independent components, then ¥ (p, )<y(p,), VA invertible.

J. Mira (Ed.): IWANN 2003, LNCS 2687, pp. 233-240, 2003.
(© Springer-Verlag Berlin Heidelberg 2003
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Thus, a good measure of dependence must be a function which has an absolute
minimum which is reached only when the components are independent. When the
mixture model is assumed to be linear (Linear ICA) the solution space is relatively
constrained, therefore linear ICA methods do not need to be based on strict depend-
ence measures. For example, some of these methods, which give rather good results
in appropriate situations, are based only on cumulants up to the fourth order.

Nonlinear ICA, on the other hand, is rather unconstrained, and normally demands
a good dependence measure. Various dependence measures have been proposed for
this problem. Rojas et al [13] proposed a contrast function which approximate the
mutual information of the estimated components. Mutual information gives a rigorous
justification for the heuristic principle of nongaussianity and also serves as a unifying
framework for many estimation principles, in particular maximum likelihood (ML)
and maximization of nongaussianity.

Mutual information 7 between the elements of a multidimensional variable y is de-
fined as:

I(yl’ y27"'ayn) = ZH(yi) _H(yla yZ""’yn) . (1)
i=1

The interpretation of mutual information is easily derived from Equation (1): how
much information does one random variable tell about another one? Certainly, con-
sidering the case of two variables (y,, y;), the information that y, tell us about y; (I(y;,
y,) is the reduction in uncertainty about y; due to the knowledge of y, . In the case that
all components y; ..... y, are independent, the joint entropy is equal to the sum of the
marginal entropies. Therefore, mutual information will be zero. In the rest of the
cases (not independent components), the sum of marginal entropies will be higher
than the joint entropy, leading thus to a positive value of mutual information.

Mutual information complies with the conditions given above for a contrast func-
tion: it does not change with permutations and scalings and reaches a minimum if and
only if the components are independent. Unfortunately, to exactly compute entropies
we need to know the analytical expression of the probability density function (PDF)
which is generally not available in practical applications of BSS.

In this paper, we propose a simple approximation of mutual information based on
estimating the PDF through discretization of the output space by histograms. The
space of solutions will be explored through the use of a Genetic Algorithm, which it
is also an important innovation in the field of ICA, due to the tendency of using adap-
tive approaches for this problem. The paper is organized as follows: linear and
nonlinear mixing models for BSS will be shown in Section 2, together with their
assumptions and restrictions. In Section 3, the genetic algorithm approach to BSS
will be introduced, drawing special attention to the construction of the fitness func-
tion based on density estimation. Section 4 shows some experimental results over
linear and nonlinear mixtures. Finally, a conclusion and remarks on future work fin-
ish the paper.
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2 Blind Source Separation Mixing Models

The simplest BSS model assumes the existence of n independent signals s,..., s, and
the observation of x,,..., x, instantaneous linear mixtures (see Fig. la). This linear
model is represented by the following equation:

x(1)=A4-s(1). (2)

where A is some unknown nxn matrix of real coefficients.

In the linear case we need to make the following tolerable assumptions, so the
“blindness” of the method may be questioned [8]:

i The sources are statistically independent of one another. This is the main
assumption of most of the BSS algorithms.

ii. The matrix A is assumed to be invertible (i.e. non-singular)

iii. The sources have at most one Gaussian distribution.

Under this assumption we want to obtain a matrix W (separating matrix) whose
output y(¢) would be an estimate of the sources s():

YO =W-x@). 3)

Unfortunately, in many real world situations the linear assumption is an approxi-
mation of nonlinear phenomena [9]. For several situations, the linear assumption may
lead to incorrect solutions. Hence, researchers in BSS have started addressing the
nonlinear mixing models ([12], [14], [15]). A fundamental difficulty in nonlinear ICA
is that is highly non-unique without some extra constraints, therefore finding inde-
pendent components does not lead us necessarily to the original sources [7].

Source separation in the nonlinear case is, in general, impossible. Consequently, in
this work, we assumed the so called post-nonlinear model [14] (see Fig.1b). The
sources are first mixed linearly and, after that, a set of nonlinear distortions (f) is
applied in each channel to get the final observations (x):

x() = f(4-52)).
y(O)=W-g(x()).

For this model, the indeterminacies are the same as for the basic linear instantane-
ous mixing model: invertible scaling and permutation. The post-nonlinearity assump-
tion is reasonable in many signal processing applications where the nonlinearities are
introduced by sensors and preamplifiers.
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Fig. 1 Linear (1.a) and post-nonlinear (1.b) mixing and demixing models.
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3 Genetic Algorithm to Approximate Mutual Information.

3.1 Entropy Approximation.

From Equation 1, we observed that minimizing mutual information was equivalent to
obtaining estimations as independent as possible. The main difficulty was that in
practical applications the probability density functions of the sources nor the estima-
tions will be available. Thus, we propose to approximate densities through the discre-
tization of the estimated signals building histograms and then calculating their joint
and marginal entropies. In this way, we define a number of bins m that cover the
selected estimation space and then we calculate how many points of the signal fall in
each of the bins (B, i=1,...,m). Finally, we easily approximate marginal entropies

using the following formula:

n #B #B
3 () log, ;(y). 5)

H() ==Y p(y,) log,p(3) = -

i=1 Jj=1

where #S denotes cardinality of set S, n is the number of points of estimation y, and B;
is the set of points which fall in the j” bin.

The same method can be applied for computing the joint entropies of all the esti-
mated signals:

2 e #B[][Z...[)(y) #B[][z...f,(y)
H(yls-nsyp):ZH(yf |y[719"-9y1) = _ZZZ nl log, n‘ : (6)
i=1

i=liy=1 i =l

where p is the number of components which need to be approximated.

Therefore, substituting entropies in Equation 1 by approximations of Equations 5
and 6, we obtain a contrast function which will reach its minimum value when the
estimations are independent. The final step will be designing an algorithm that mini-
mizes this contrast function, escaping from local minima. To this end, a well known
paradigm is described in next section: genetic algorithms.

3.2 Genetic Algorithm.

Genetic Algorithms (GAs) are nowadays one of the most popular stochastic optimiza-
tion techniques. They are inspired by the natural genetics and biological evolutionary
process. The GA evaluates a population and generates a new one iteratively, with
each successive population referred to as a generation. Given the current generation at
iteration 7, G(t), the GA generates a new generation, G(7+1), based on the previous
generation, applying a set of genetic operations. The GA uses three basic operators to
manipulate the genetic composition of a population: reproduction, crossover and
mutation [5].
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A genetic algorithm is characterized by the following features:

= A scheme for encoding solutions to a problem in the form of a chromosome
(chromosomal representation).

= An initialization procedure for the population of chromosomes.

= A fitness or evaluation function which indicates the fitness or aptitude of each
chromosome relative to the others in the current set of chromosomes (referred
to as population).

= Genetic operators which are used to manipulate the composition of the popula-
tion.

= A set of parameters that provide the initial settings for the algorithm: the popu-
lation size and probabilities employed by the genetic operators.

Encoding Scheme.

1. Linear mixture: the genes of the chromosome will correspond to the coeffi-
cients of the separating matrix W (see Equation 3)
ii. PNL mixture: the genes will represent the coefficients of the odd polynomi-

als which approximate the family of nonlinearities g (see Equation 4). The
linear part of this model will be approximated by a well-known method such
as JADE [3].
Initialization Procedure. Both polynomial and matrix coefficients which form part
of the chromosome are randomly initialized.
Fitness Function. The key point in the performance of a GA is the definition of the
fitness function. In this case, the fitness function that we want maximize will be pre-
cisely the inverse of the approximation of mutual information given in Equations 5
and 6:

Fitness(y) = L = :
I(J’) iH(yl)—H(ylsyZ"’yp) (7)

i=1

This fitness function will not change from the linear to the post-nonlinear case due
to the fact that in both circumstances, the objective of finding independent compo-
nents as equivalent to the desired sources does not change.

Genetic Operators. Typical crossover and mutation operators will be used for the
manipulation of the current population in each iteration of the GA. The crossover
operator is “Simple One-point Crossover”. The mutation operator is “Non-Uniform
Mutation” [10]. This operator presents the advantage, when compared to the classical
uniform mutation operator, of performing less significant changes to the genes of the
chromosome as the number of generations grows. This property makes the explora-
tion-exploitation trade-off be more favor