Lecture Notes in Computer Science

Commenced Publication in 1973
Founding and Former Series Editors:
Gerhard Goos, Juris Hartmanis, and Jan van Leeuwen

Editorial Board

David Hutchison
Lancaster University, UK

Takeo Kanade

Carnegie Mellon University, Pittsburgh, PA, USA
Josef Kittler

University of Surrey, Guildford, UK

Jon M. Kleinberg
Cornell University, Ithaca, NY, USA

Friedemann Mattern
ETH Zurich, Switzerland

John C. Mitchell
Stanford University, CA, USA

Moni Naor
Weizmann Institute of Science, Rehovot, Israel

Oscar Nierstrasz

University of Bern, Switzerland
C. Pandu Rangan

Indian Institute of Technology, Madras, India
Bernhard Steffen

University of Dortmund, Germany
Madhu Sudan

Massachusetts Institute of Technology, MA, USA
Demetri Terzopoulos

University of California, Los Angeles, CA, USA
Doug Tygar

University of California, Berkeley, CA, USA
Moshe Y. Vardi

Rice University, Houston, TX, USA
Gerhard Weikum

Max-Planck Institute of Computer Science, Saarbruecken, Germany

4299



Steve Renals Samy Bengio
Jonathan G. Fiscus (Eds.)

Machine Learning for
Multimodal Interaction

Third International Workshop, MLMI 2006
Bethesda, MD, USA, May 1-4, 2006
Revised Selected Papers

@ Springer



Volume Editors

Steve Renals

University of Edinburgh

The Centre for Speech Technology Research
Edinburgh EH8 9LW, UK

E-mail: s.renals@ed.ac.uk

Samy Bengio

IDIAP Research Institute

CP 592, Rue du Simplon, 4, 1920 Martigny, Switzerland
E-mail: bengio@idiap.ch

Jonathan G. Fiscus

National Institute of Standards and Technology (NIST)
100 Bureau Drive, Gaithersburg, MD 20899-8940, USA
E-mail: jfiscus @nist.gov

Library of Congress Control Number: 2006938909

CR Subject Classification (1998): H.5.2-3, H.5,1.2.6,1.2.10,1.2, 1.7, K.4, 1.4

LNCS Sublibrary: SL 3 — Information Systems and Application, incl. Internet/Web
and HCI

ISSN 0302-9743
ISBN-10 3-540-69267-3 Springer Berlin Heidelberg New York
ISBN-13 978-3-540-69267-6 Springer Berlin Heidelberg New York

This work is subject to copyright. All rights are reserved, whether the whole or part of the material is
concerned, specifically the rights of translation, reprinting, re-use of illustrations, recitation, broadcasting,
reproduction on microfilms or in any other way, and storage in data banks. Duplication of this publication
or parts thereof is permitted only under the provisions of the German Copyright Law of September 9, 1965,
in its current version, and permission for use must always be obtained from Springer. Violations are liable
to prosecution under the German Copyright Law.

Springer is a part of Springer Science+Business Media
springer.com

© Springer-Verlag Berlin Heidelberg 2006
Printed in Germany

Typesetting: Camera-ready by author, data conversion by Scientific Publishing Services, Chennai, India
Printed on acid-free paper SPIN: 11965152 06/3142 543210



Preface

This book contains a selection of refereed papers presented at the 3rd Workshop
on Machine Learning for Multimodal Interaction (MLMI 2006), held in Bethesda
MD, USA during May 1-4, 2006.

The workshop was organized and sponsored jointly by the US National In-
stitute for Standards and Technology (NIST), three projects supported by the
European Commission (Information Society Technologies priority of the sixth
Framework Programme)—the AMI and CHIL Integrated Projects, and the PAS-
CAL Network of Excellence—and the Swiss National Science Foundation na-
tional research collaboration, IM2.

In addition to the main workshop, MLMI 2006 was co-located with the 4th
NIST Meeting Recognition Workshop. This workshop was centered on the Rich
Transcription 2006 Spring Meeting Recognition (RT-06) evaluation of speech
technologies within the meeting domain. Building on the success of previous
evaluations in this domain, the RT-06 evaluation continued evaluation tasks in
the areas of speech-to-text, who-spoke-when, and speech activity detection.

The conference program featured invited talks, full papers (subject to care-
ful peer review, by at least three reviewers), and posters (accepted on the basis
of abstracts) covering a wide range of areas related to machine learning ap-
plied to multimodal interaction—and more specifically to multimodal meeting
processing, as addressed by the various sponsoring projects. These areas in-
cluded human-human communication modeling, speech and visual processing,
multimodal processing, fusion and fission, human—computer interaction, and the
modeling of discourse and dialog, with an emphasis on the application of ma-
chine learning. Out of the submitted full papers, about 50% were accepted for
publication in the present volume, after authors had been invited to take re-
view comments and conference feedback into account. The workshop featured
invited talks from Roderick Murray-Smith (University of Glasgow), Tsuhan Chen
(Carnegie Mellon University) and David McNeill (University of Chicago), and
a special session on projects in the area of multimodal interaction including
presentations on the VACE, CHIL and AMI projects.

Based on the successes of the first three MLMI workshops, and to strengthen
and broaden the base of this workshop series, the MLMI standing committee
was formed. The initial membership comprises Samy Bengio (IDIAP), Hervé
Bourlard (IDIAP and EPFL), Tsuhan Chen (Carnegie Mellon University), John
Garofolo (NIST), Mary Harper (Purdue University), Sharon Oviatt (Natural
Interaction Systems), Steve Renals (Edinburgh University), Rainer Stiefelhagen
(Universitat Karlsruhe), and Alex Waibel (Carnegie Mellon University and Uni-
versitit Karlsruhe). The committee will provide a permanent link across MLMI
workshops. MLMI 2007, the fourth workshop in the series, will take place in



VI Preface

Brno, Czech Republic during June 28-30, 2007, directly after ACL—2007, which
takes place in Prague.

Finally, we take this opportunity to thank our Programme Committee mem-
bers, the sponsoring projects and funding agencies, and those responsible for
the excellent management and organization of the workshop and the follow-up
details resulting in the present book.

October 2006 Steve Renals
Samy Bengio
Jonathan Fiscus
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Model-Based, Multimodal Interaction in
Document Browsing

Parisa Eslambolchilar! and Roderick Murray-Smith!+2

! Hamilton Institute, National University of Ireland, Maynooth, Co.Kildare, Ireland
parisa.eslambolchilar@nuim.ie
2 Department of Computing Science, Glasgow University, Glasgow, Scotland
rod@dcs.gla.ac.uk

Abstract. In this paper we introduce a dynamic system approach to
the design of multimodal interactive systems. We use an example where
we support human behavior in browsing a document, by adapting the
dynamics of navigation and the visual feedback (using a focus-in-context
(F+C) method) to support the current inferred task. We also demon-
strate non-speech audio feedback, based on a language model. We argue
that to design interaction we need models of key aspects of the process,
here for example, we need models for the dynamic system, language
model and sonification. We show how the user’s intention is coupled to
the visualization technique via the dynamic model, and how the focus-
in-context method couples details in context to audio samples via the
language identification system. We present probabilistic audio feedback
as an example of a multimodal approach to sensing different languages
in a multilingual text. This general approach is well suited to mobile and
wearable applications, and shared displays.

1 Introduction

In [1I], McCullough writes about the need to simultaneously engage both a hu-
man’s brain and hands, that media have to be dense enough to give the im-
pression of a universe of possibilities. In this paper we present a continuous
interaction, dynamic simulation approach which leads naturally to the sort of
organic, rich interaction desired by McCullough. It also provides the potential
for a solid, systematic way to develop future multimodal interaction systems.

We use tools to control, interact and operate on the physical objects rather
than using our bare hands [2]. Instrumental Interaction [3] is an interaction model
that operationalizes the computer-as-tool paradigm and extends human powers:
a piece of technology, or applied intelligence for overcoming the limitations of
the body and controlling information flow [1J.

Continuous control is at the very heart of tool usage in the interaction between
the human and computer as a tool [I]. It differs from discrete interaction in that
it occurs over a period of time, in which there is an ongoing relevant exchange
of information between user and system at a relatively high rate, somewhat
akin to vision/audio/haptic interfaces which we may not model appropriately

S. Renals, S. Bengio, and J. Fiscus (Eds.): MLMI 2006, LNCS 4299, pp. 1 2006.
© Springer-Verlag Berlin Heidelberg 2006



2 P. Eslambolchilar and R. Murray-Smith

as a series of discrete events [4]. It is also closely related to the development of
dynamic systems since in these systems we can control what we perceive and we
are dependent on the display of feedback (either visual, audio or haptic) to help
us pursue our potentially constantly changing goals. Furthermore, feedback may
influence an uncertain user’s actions as more information becomes available [5].

In order to address the behavioral issues early in the design stage, formal
modeling techniques for real-time systems supported by powerful analysis tools
could be considered and for calibration and refinement issues, a more general
framework that can guide the modeling approach is needed.

In this paper, as an illustration of how this approach can support multimodal
interaction, we use the example of browsing and sensing multilingual texts. Here
the focus-in-context method and the adaptive dynamics are coupled with soni-
fication, based on a probabilistic language model, which can be linked to a wide
range of inputs and feedback/display mechanisms.

2 Continuous Interaction and Text Browsing

Our interaction model is an example of continuous interaction which means the
user is in constant and tightly coupled interaction with the computing system
over a period of time. Here, we use control theory as a formal framework for
analysis and design of continuous interaction, multimodal feedback and overall
system dynamics.

Focus-in-context methods are useful for displaying information in context and
can be applied to various objects [GJ7I8/9UT0]. As our integrated system benefits
from an Elastic Presentation Framework (EPF) [I1], the presentation has an
elastic nature. Elastic is a positive word that implies adjusting shape in a resilient
manner, which means these materials can always revert to their original shape
with ease. One popular way of describing a conceptual model [12] in terms of
interaction metaphors [3] is based on an analogy with something in the physical
world. Figure [ is illustrating a conceptual model, a floating elastic ball in the
water, for a fisheye lens. So in this analogy, changes in the height of the center
of the ball outside the water, y(t), adjusts the degree of magnification (DOM)
and is function of time ¢(¢). If we show the radius of the ball with R (maximum
DOM), then

DOM(t) = R —y(t) 1)

When we apply an external force, f., we push the ball down in the water (not
more than its radius) so the DOM decreases and when we release the force the
DOM starts to increase (not more than its radius, see Figure [I). So the DOM
is a variable which is continuously controlled by external force (mouse or tilting
angles) and speed of movement. From Newton’s second law of motion we can
write the equation in vertical direction:

mij(t) = fy — ky(t) (2)
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tR

(a) Left-A floating ball in the water. Right- A
fully magnified fisheye lens.

Fe
/ External Force

(b) Left-The ball after applying external force and
pushing it down in the water. Right- The DOM de-
creases as soon as the user starts to scroll.

Fig. 1. Interpreting Fisheye Lens as a floating ball

k is the damping factor caused by water resistance, and the effect of gravity and
the weight of ball is negligible. In the horizontal direction we can write:

ma = fp — kv or
_fa K
o= -, (3)

where v and a represent velocity and acceleration and & is the damping factor
caused by water resistance. We may assume f; is a function of f, and velocity
(this assumption will couple rates of change in DOM to speed of movement, as
well as input) as below:

fy:sz_bU (4)

Where ¢ and b are coefficients. After substituting f, in (2) we can rewrite it as
below:

c b k

e - ) )

From classical textbooks in control theory [I3] we can represent the mathe-
matical model of our physical system as a set of input, output and state variables
related by first-order differential equations in a state-space model. If we introduce
z as position then velocity and acceleration will be first and second derivatives
of the position respectively. The chosen state variables are z; () as position of
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Fig. 2. Four discrete states of control mode in text-browsing example and transitions
among them

cursor, 22 (1) as velocity, z3(t) as rate of change of the DOM and u as f;. So state
variables can be written as below:

Z1(t) = v = 29(t) (6)
xg(t):azijz_—k 2(t)+% (7)
alt) = (0) = () + —aslt) + () Q

£ 010 o 0
i | =0=£0 |+ L |u (9)
T 0&& <

This matrix reproduces the standard second-order dynamics of a mass-spring-
damper system which we used previously [I4]. Also this has many parameters
that can be tuned, usually as a series of interacting, but essentially separate
equations. Here, a 2 degree of freedom input can control both velocity and mag-
nification factor so it proves a simple dynamic model can be tuned for different
interactive models and generate different behaviors in controlling the task (next
section). For example, the focus-targeting problem [I5] can easily be solved in
state-space representation by tuning c¢ in matrix A or the ‘hunting effect’ prob-
lem [I5] when the user overshoots the target due to the system increasing the
DOM as the user slows, becomes a matter of tuning the dynamics of the system
by changing the entries in the A matrix (For more information refer to [14]).

3 User Behavioral Models

In the 60’s and 70’s William Powers suggested [I6/17] that many kinds of behav-
ior can be described as control systems, and he argued that behavior is not output
but, is the control of perception. In the model-based text browser example, the
user’s input, mouse data, controls what s/he perceives via focus-in-context and
sonification feedback. In this example we assume the user is acting in one of four
different modes: no-action, reading, searching and targeting.

Figure[3illustrates the general framework. Figure shows the classification
of the user behaviour being used to switch the control mode. This mode is
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Document

1
. . 1 1 . .
Dynamics Focus-in- Language Sonification
Usf' [’[ (s1) ]’I [Context 2, [Model (S3) ,[ (s4)
1 1

User

Controller

r(' ) Dynamics of | !
State

From S21 to S4
v s
1 H 1
1 : 1
' '
1 L 1
N anguages '
1 1
b o o - -

Fig. 3. (a) A general probabilistic framework of the model-based behavior system.
(b) A Bayesian classifier classifies the user’s input. Its output and the user’s input
come to the controller and change the dynamics (state variables). (c¢) State variables
coupled to the focus-in-context change the size and shape of lens. (d),(e) The language
identification method infers the most probable language inside the window around the
lens and its output probabilities are fed to the audio synthesis algorithm.

then coupled to the visualization parameters, as shown in Figure where
the control mode changes the size and shape of the lens, and the controller
provides the DOM, position and speed of the lens. For example, in reading
mode the controller adjusts the DOM to stay in the maximum level, but as
a long horizontal lens, while if the user 'breaks out’ into general searching, the
DOM is decreased smoothly to a lower level. This prevents the targeting problem
[15] in focus-in-context techniques.
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3.1 Detecting State Transitions

Figure [2 illustrates the possible state transitions. Initially, the user is in the no-
action state. Depending on the input behaviour, the user can either go to the
reading or the searching mode. A qualitative description of the automatic mode
transitions is given below: In the reading mode, the user is making continuous
increasing changes in z direction (left-to-right) and small changes in y direction
(not more than height of a line) and at the end of the line makes a sudden
change from right-to-left in « direction. If the changes in y direction are more
than height of the line the system switches the mode to the searching mode.

After finding the target, the user slows down or stops scrolling until the lens
is over the target point (targeting mode), or can return to the no-action mode
directly.

A general technique for implementing this is to use a probabilistic classification
of the likelihood of being in one of these four browsing behaviors according the
joint probability of the input and output time-series. From Bayes’ law, we write
this as below:

P(Mode)P(X | Mode)
P(X)

P(Mode | X) = (10)

where X is an appropriate window of previous inputs and possibly also outputs.

P(X | Mode) can be identified from experimental data collected from test users
using standard density estimation models.

3.2 Changing Meaning of Inputs

Given the inferred user task, the controller behaviour should be designed to
support the user by enabling them to complete the task with as little effort as
possible. This can include changing the interpretation of the inputs to being
reference values, rather than direct control actions. Taking our inspiration from
modern aircraft controllers, which have different interpretations of aircraft con-
trols depending on flight mode (e.g. take off, altitude-hold, attitude-hold etc.),
and which blend seamlessly between modes. See [I8] for examples. For example,
if the classifier infers that the user is in reading mode, then the controller auto-
matically scrolls the lens from left to right and moves to the next line smoothly,
rather than the user having to do this. Any left—right movement of the mouse now
controls the reference reading speed that the reading mode controller is trying to
achieve. Similarly other modes can reinterpret control inputs as browsing speed,
or as position acquisition control while zooming in to a point of interest after
browsing. This means that as the user performs the various tasks they switch
between control modes automatically, and their inputs have different meanings,
but that the transitions are always smooth and natural, and the user is often
not even aware that their movements are having a different effect in the different
modes.
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4 Language Identification System

Language classification consists of two major stages. From Figure ] we see at the
top we have the modeling stage. During this stage, the language-specific features
of a text are learned and stored in a model. First, as can be seen on the upper
left-hand side in this figure, the distinctive features for each language in a multi-
lingual corpus are determined and stored in a language model. Later, seen on the
upper right-hand side, the features of a specific text are determined and stored
in a document model. In this application a language model based on partial
predictive matching [19] is used to calculate the probability of letter, I, through
a conditional probability distribution P(letter | prefiz), which specifies the view
about future possible value of [, conditional upon the truth of that particular
description prefizx on a per-word basis. Then a tree with probability information
is generated from a corpus [20]. In our application these trees are built from
short texts collected from BBC and Le Monde news web-sites in English and
French (only few paragraphs). For simplicity no grammar or word-level model
is used, although this would be likely to improve performance significantly [21].
At the bottom of the Figure [ the classification stage is shown. During this
stage, a word (the user is pointing to) of an untrained text in a document is
compared to these trained language models. The language model which is the
most similar to the language of this word is then selected, and represents the
language of the word the user has pointed to. The actual comparison method
depends on the classification technique used.

Language
Corpus
Generate
Models
Language I

Models

Input
Documents

o

Languages II

Fig. 4. The major stages of language identification system.(Top-left) The distinctive
features for each language in a multilingual corpus are determined and stored in a
language model tree. (Top-right) The word the user is pointing to in an untrained
text is compared to the language models during the classification stage. The language
model, which is the most similar to this word is then selected.
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Language Prediction
Prediction in this application is done using Bayes’ Law to infer the most probable
language given text from a document.

P(Language)P(Word | Language)

P(Language | Word) = PWord)

(11)

The document we have considered in this applications contains sentences and
paragraphs both in English and French. When the user is scrolling over the
text the application provides a virtual window (with the size of the lens’ width,
which is dynamic and adapts with any change to the DOM) around the cursor
(Figure[3)). Then the probabilistic language models calculate the probabilities of
all words in the window in each language. For example, for only two words, wl
and w2 in the window, we have:

P(Language | wl,w2) = P(wl,w2 | Language).P(Language)/P(wl,w2)
(12)
As we have made the simplifying assumption that words in the window are
independent, we can write the generalized form of equation (I2)) as below:

P(Language | Window) = H
i=1
nis window size, Vi=1ton w; € Window (13)

P(w; | Language)
P(w;)

P(Language)

So, we infer the language from a number of words from a document contained
by the fisheye lens. The most probable language for any part of the text can be
estimated as accurately as desired by making the window (or Drop-Off function’s
width in the fisheye lens [22]) sufficiently small.

5 Language Model and Granular Synthesis Feedback

As an intuitive model of the sonification process, we can imagine the words in
the text to be embossed on the surface. Similar to [23] we simulate this model
in our implementation by drawing an audio sample and placing that in an audio
buffer, as each word belongs to a certain class of language “hits” the lens. This
technique is a form of granular synthesis; [24] gives other examples of granular
synthesis in interaction contexts. A real world analogy would be the perception
of continuous levels of radiation via frequency of discrete pulses from a Geiger
counter; here the continuous variable is the word flow rate in a specific language.

At a higher rate-of-scroll the acoustic response of the system, e.g. sampling
frequency and volume of the audio sample decreases and provides the sense of
distance to the text. At lower rates-of-scroll the sampling frequency and volume
of the audio increases and the user feels he is getting closer to the text. Also,
the volume and audio frequency are inversely related to the rate of scroll, so the
audio texture as we pass over the text gives both an impression of the language
of the text, as well as the speed at which we are passing it.
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Similar to [24], the sonification technique can be extended to language recog-
nition. We can sonify a probabilistic language recognizer by associating each
language model with a source waveform, and each model’s output probability
then directly maps to the probability of drawing a grain from the source cor-
responding to that model (Figures and . The temporal distribution
of grains inside the source waveforms maps to the probability of the language
of the words inside the virtual window. The overall grain density is dynamic
throughout the sonification when the user scrolls over the text. In practice, dur-
ing the searching mode this produces a sound that’s unclear when text features
are blurred and the DOM is in the minimum level, and it means the information
entropy inside the virtual window around the cursor is high. This features re-
solve to a clear, distinct sound as system’s mode switches to the targeting. The
sonification’s primary effect is to display the current goal distribution’s entropy,
i.e. language, audio and text content.

The concept of entropy in information theory describes the level of uncertainty
of a random variable. An alternative way to look at this is to talk about how
much information is carried by the signal. For example, in an English text,
encoded as a string of letters, spaces, and punctuation the signal is a string
of characters. The letter frequency for different characters is different, and we
cannot perfectly predict what the next character will be in the string: it is, to
some degree, ‘random’. Entropy is a measure of this randomness, suggested by
Shannon [25].

So model-based behavior in this task couples the user’s input (speed of scroll)
to the visualization technique via the dynamics and the focus-in-context method
couples detail-in-context to audio samples via the language identification system

(Figure .

6 Example Use of Working System

We developed a document viewer using the EPF library [22] for the focus-in-context
method to browse a PDF, PS or DOC file which have been converted to an im-
age (Bitmap) file. The document we presented was a 5 pages scientific document
in English and a paragraph, a figure caption and few sentences written in French.
The interaction is controlled via a mouse. The results in Figurehighlight the
different navigation styles of the different interfaces and input methods. In the
focus-in-context implementations the user had smooth navigation, which also
included smooth changes in the DOM (See Figure . If the velocity rises
above a threshold DOM smoothly decreases and the reading mode switches au-
tomatically to searching mode, for instance in Figure this has happened
around t= 7, 11 and 14 seconds. So the velocity of the input device provides
a smooth switch between different modes of control. Figure presents how
the DOM changes when the user has found the French sections in the docu-
ment, stopped for a brief check and clicked over the text. The French sections
are around pixels: 150, 190, 270, 330, and 420 and we see the user has found the
most of sonically highlighted sections.
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(a) The user’s trace in the text browser
example. The user starts the scrolling
from top-left corner (beginning of the
document) and scrolls down. The search-
ing behavior becomes targeting and then
reading behavior.
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(b) Change in the DOM and velocity (c¢) Change in the DOM versus position
versus time. in finding French sections around pixels
120,190, 270, 330, and 420.

Fig. 5. Plot of logged data in searching French sections by one of users. Note that the
presented document in (b) and (c) is different from the document in (a).

7 Conclusions and Future Work

In this paper we presented a novel approach to designing interaction between the
user and the system. This approach is a model-based interactive method for brows-
ing a multilingual text based on a language model, focus-in-context method and
continuous interaction interface. We presented a floating ball model as an example
of how the dynamic approach can be used creatively to design interaction, and sug-
gest new metaphors. The state-space, dynamic system representation coupled the
user’s intention to the visualization technique via only the two degree of freedom
mouse input, allowing the user to switch smoothly among reading, targeting and
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searching modes by only moving the mouse. A probabilistic language model was
used for online classification of the focus content in a multilingual input document.

Our probabilistic audio feedback based on granular synthesis is an example
of a multimodal approach to sense different languages in the document. The
focus-in-context method representing this document coupled details in context
to audio samples via the language identification system. So the system could
provide both visual and audio feedback to the user.

A motivating factor behind the approach in this paper is that we can in the
long-term, potentially develop the dynamic systems simulation approach as a
systematic approach to creating designs which can shape interaction and provide
rich multimodal feedback, in the same way that has been successful in other
areas of computing, where physics and model-based approaches revolutionized
the field, such as ray tracing algorithms in computer graphics [26].

More refinement of the prototype system would be required, and a thorough
usability study needed to determine the practical applicability of the specific in-
terface described here, but some initial observations are made below. Initial in-
formal evaluation of the implementation of sensing multilingual texts on a laptop
instrumented with a mouse and headphone were positive, and users felt that this
provided an intuitive solution to the problem of finding information in a particular
language in a multilingual text without reading the text. Sonifying each language
in the document gave users a sense of their motion through the document, which
allowed them to continue their interaction while being involved in other tasks. The
system allowed users to browse the document and locate targets (here the idea was
searching and locating French written parts of the document) without looking at
the screen. Supporting intermittent interaction, where a user can spend varying
amounts of attention on interaction while carrying on with other activities, is very
important for usable interaction, while on the move, making this approach inter-
esting for use in mobile phones and small screen devices.
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Abstract. The Speech Group and Smart Spaces Lab of National Insti-
tute of Standards and Technology’s Information Technology Laboratory
have collaborated to collect a second phase of meetings in the NIST Meet-
ing Data Collection Laboratory. The meeting laboratory, which was used
to collect a 15 hour pilot corpus beginning in 2001, was updated with
7 HDV cameras and new head microphones for participants to collect
a twenty hour corpus to support ARDA’s Video Analysis and Content
Exploitation (VACE) program. For the second phase of data collection,
a strong emphasis was placed on high resolution video along with video
calibration to enable various visual processing applications such as three
dimensional person tracking. This paper documents the evolution of the
meeting room to its current form and describes the key components of
the phase II corpus.

1 Introduction

Huge efforts are being expended in mining information in newswire, news broad-
casts, and conversational speech and in developing interfaces to metadata ex-
tracted in these domains. However, until recently, little has been done to address
such applications in the more challenging and equally important meeting domain.

The development of smart meeting room core technologies that can auto-
matically recognize and extract important information from multi-media sensor
inputs will provide an invaluable resource for a variety of business, academic,
and government applications. Beside core applications that form the first tier
for corpus collection and management, such metadata will provide the basis
for second-tier meeting applications that can automatically process, categorize,
and index meetings. Third-tier applications will provide a context-aware collab-
orative interface between live meeting participants, remote participants, meet-
ing archives and vast online resources. Given that the necessary core meeting
recognition technologies are in a fledgling state, it is essential that these first
tier technologies be developed before the higher tier applications can be made
useful.

The meeting domain has several important properties not found in other
domains and that are not currently being focused on in other research programs:

S. Renals, S. Bengio, and J. Fiscus (Eds.): MLMI 2006, LNCS 4299, pp. 13 2006.
© Springer-Verlag Berlin Heidelberg 2006
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— Multiple Forums and Vocabularies: Meeting forums range from very informal
to highly structured. Likewise, meeting vocabularies vary widely depending
on both the meeting topic and degree of shared context among the partici-
pants.

— Highly-Interactive/Simultaneous Speech: The speech found in informal meet-
ings is spontaneous and highly interactive across multiple participants and
contains frequent interruptions and overlapping speech. This poses great
challenges to speech recognition technologies that are typically tailored for
single speaker speech streams.

— Multiple Distant Microphones: Meetings are typically recorded with multi-
ple distant microphones. Speech recognition systems generally work quite
poorly with distant microphones. Moreover, techniques have yet to be devel-
oped which efficiently integrate input from multiple microphones and take
advantage of their positioning to improve recognition quality.

— Multiple Camera Views: Meetings are often recorded with multiple cam-
eras with different and sometimes overlapping views. Much like the multi-
microphone challenge above, this permits/challenges the technology to inte-
grate data from multiple video inputs to enhance the metadata that can be
extracted from the meeting and improve recognition quality.

— Multi-Media Information Integration: It is impossible to develop a com-
plete understanding of meetings without analyzing a number of different
signal types simultaneously: audio, video and other information sources (de-
vices/resources with which participants interact).

In this article we present the NATIONAL INSTITUTE OF STANDARDS AND
TECHNOLOGY MEETING ROOM Project whose role is to facilitate such work.
First we present the orignal room used for our Pilot Corpus, then we detail the
more complex room that is used in our second Corpus.

2 Corpus 01’s MEETING RooMm

2.1 About the Room

Starting in 2001, NIST constructed a Meeting Data Collection Laboratory to
collect corpora to support meeting domain research, development, and evalua-
tion. The lab is equipped to look and sound like a conventional meeting room.
As such, sensors have been inconspicuously placed and noisy processors have
been located outside of the room. The background noise level in the room has
been measured at 42 dB A-weighted (with the video projector turned off).

The room is about 22 x 22 feet (6.7 X 6.7 meters) and can be configured
for a variety of meeting forums (conference, round table, class room). However,
to support the initial multi-microphone experiments, all of the meetings in the
pilot corpus were collected using a single conference table configuration.

The Data Collection Lab contained a variety of microphones and several video
cameras all collected using the NIST Smart Data Flow 1 architecture [II2], was
developed by the NIST Smart Spaces Laboratory. The architecture streamed and
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captured all of the sensor data from all microphones and cameras on multiple
separate data collection systems in a Smart Data format (SMD). This format
adds a time stamp for each piece of data collected (one for each video frame, .. .),
making it possible to have data streams synchronized to within a few milliseconds
of one another, and enabling a post resynchronization of multimedia sources to
one another.

2.2 Sensor Setup

Placed inside the room were 5 cameras and 200 microphones (as can be seen in
Fig. ).

The cameras (Sony EVI-D30 motorized Pan/Tilt/Zoom NTSC analog video
cameras) were mounted to the wall. Four of these cameras had stationary views of
the conference table. The fifth camera was floating and used to follow a particular
participant, view the whiteboard or the conference table itself, depending on the
meeting forum. Data from the cameras were collected using an analog NTSC-
based video frame grabber (Linux Media Labs 33) at 720x480 pixels and 29.97
frames per second, giving an MJPEG data composed of two interlaced JPEGs
for each frame collected. Each frame was recorded separately as one entry in the
NIST SMD file corresponding to the meeting and video camera being recorded.

The microphones in the room were made of two types of hardware:

1. One 24-channel 48-kHz/24-bit A/D (RME Hammerfall), on a single system

(refered to as cots), used to record up to 23 channels :

(a) Sixteen channels of wireless personal microphones so that participants
were free to move about the room. The wireless system consisted of Shure
UAS845 antenna distribution system, Shure Ul body pack transmitter,
and Shure U4D dual wireless receivers. Each of up to eight participants
was equipped with two microphones, a noise-canceling Shure WCM-16
hypercardioid electret condenser headset, and a Shure WL-185 cardioid
electret condenser lapel microphone attached to the wireless tansmitter
packs.

(b) 7 channels used by 4 different microphones placed on the conference
table: 3 Audio Technica AT841a omni-directional condenser boundary
mics (positioned at the center and ends of the table), and an Audio
Technica AT854R 4-channel condenser boundary microphone (placed at
the center of the table. All those microphones are fed into a Presonus
MB80 preamplifier with stereo summing bus.

All 24 channels of the cots system were synchronized using an ADAT
system (RME ADI-8 Pro 8-channel ADAT/TDIF AD/DA converter), and
recorded into a NIST SMD format into one file corresponding to the meeting
being recorded.

2. Three 64-channel (59 active) 22,050Hz/16-bit NIST Smart Spaces Lab Mark-

IT linear array microphones. These microphone arrays were added to support

! The AT854R is unusual in that it contains 4 separate cardioid boundary mics, to-
gether covering 360 degrees.
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far field recognition experiments. Three prototype were positioned on pole
mounts against the north, east and west walls of the room. Each array chan-
nel was collected by a distant A/D in a PC located under the raised floor.
Unfortunately, these computers suffered from a variety of technical problems
from the under-floor environment and we were unable to collect enough us-
able array data for distribution.

The Data Collection Facility also recorded the room’s PC/projection screen
using Camtasia Studio[3] (at 5 frames per second in a proprietary format). Un-
fortunately, this capability was added late in the pilot data collection cycle, so
it was used in only a few of the pilot corpus meetings
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Fig. 1. Top view of MEETING RooMm 01

2.3 Data Distribution

The data were made ready for distribution so that all camera-captured video
was converted to MPEG-2 for distribution. A synchronized audio channel was at-
tached to the video; the left channel was a gain-normalized mix of all the recorded
headset microphones and the right channel was a gain-normalized mix of all the
recorded distant microphones. The Camtasia video screen capture recordings
were also converted to MPEG2 for distribution. The individual head, lapel and
table microphones were SPHERE-encoded, down-sampled to 16-kHz/16-bit and
gain-normalized for distribution in single-channel files.
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The NIST MEETING RoOM PILOT CORPUS consists of 19 meetings, for a
total of 15 hours per channel recorded between 2001 and 2003. In total, the
multi-sensor data comes to 266 hours of audio [4] and 77 hours of video [5].

3 Corpus 02’ s MEETING RooM

3.1 Physical Environment Changes

The room itself is the same as one used in the original Corpus. The meetings in
this Corpus have used some new layouts:

1. The conference configuration: same table layout as used for all meetings in
Corpus 01 (the room and its new sensors can be seen in Fig. [2).

2. The classroom configuration: all the student tables are facing the west wall,
where the white board is, and the teacher’s table is next to the white board
facing his students.

3. The discussion configuration: four tables are configured in a U shape, with
the bottom and longuest part of the U toward the east wall, so that all
participants have a view of the white board.

The room is now equipped with two different light systems (incandescent and
fluorescent). Most of the meetings in this corpus have been recorded within the
fluorescent light system environment, few of them with the incandescent light
system, and some with both.

The ceiling projector (Proxima 6850+) has been replaced by a model (NEC
GT6000) with both higher contrast and higher resolution. The A-weighted level
of the room without the projector is 39.6dB, with the projector on, it becomes
43dB.

3.2 Sensor Changes

— The cameras in the room have been upgraded from MJPEG frame grabbed
NTSC video frames to 7 Firewire captured MPEG2, using the JVC GR HD1
cameras. These cameras are digital HDV camcorders, recording 1280x720p
MPEG2 TS, with GOP size of 6, at NTSC’s 29.97fps, in a 16:9 aspect ratio,
using 19.7 Mbps to transport the stream containing both an internal mi-
crophone and the video. Although these cameras provide us with far better
video resolution and picture details, they are not Pan/Tilt/Zoom remote
controlled. Therefore in order to have one camera focusing on a particular
subject we had to use a positionner (Quickset QPT-15XD), and it is usually
following the person seated at the corner of the southwest table. Camera 4,
in Fig. @ is looking down from the ceiling onto the southwest table, and is
focused at the table level in order to give a proper view of that participant’s
hands.

— Microphone arrays are not present for this corpus. The SmartSpace’s new
generation Mk-III Microphone Array is available, but they are still being
upgraded and will be integrated in the next corpus.
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— The cots sound recording equipment has stayed the same (RME Hamerfall
captured ADAT synchronized wired and wireless microphones), except the
head microphones which have been upgraded to Countryman Isomax E6
Directional EarSet Microphone for Shure Wireless (Model #E6DW5BSL).
These head microphones are much smaller than the previous ones and do not
obstruct the view of the participants’ lips on the video. It is now possible
to record up to 16 participants, all wearing head microphones (in Corpus
01, and when we record 8 or fewer participants, they wore both head and
lapel microphones). To avoid participants encountering problems with the
wireless packs (i.e. turning microphones off by mistake), the wireless battery
packs have been placed in fanny packs.

3.3 Methodology Changes

Room and Meeting Artifacts. In this Corpus we have added a few room
and corpus artifacts:

— A passport style photograph of each participant is taken, prior to recording.

— Posters, presentation boards and other text rich boards are placed on the
walls, and replaced between meetings.

— Participants wear ID badge with fake names and different color schemes.

— As in Corpus 01, projector displayed computer screens are recorded using
Camtasia Studio[3].
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Camera Calibration. Camera calibration has been introduced in this corpus
to integrate more information, accuracy and reliability to the video data. It
provides information such as camera focus points, zoom values, and relative
positions in the MEETING RooMm .

This corpus includes camera calibrations for every meeting using the camera
calibration techniques developed by Bouguet [6]. The calibration has two main
steps:

1. The intrinsic computation is the result of over 12 pictures taken by each
camera with a planar checkerboard —of 14 rows and 20 columns, where each
square measures 30x30mm— placed in full view on the camera frame. This
computation provides each camera with its focal length, principal point, skew
coefficient, and distortion coefficients.

2. The extrinsic calibration consists of taking one picture of another checker-
board —of 7 rows and 5 columns, where each square measures 90x90mm-— in
the same fixed position for all the cameras. Then using this picture and the
results of the intrinsic calibrations for each camera, the relative position of
the camera in the room is obtained. Information about the location of the
board in the room is required to obtain accurate depth information.

Quality Control Checklists. Checklists have been created to ensure the qual-
ity of each recording. The checklists provide details on what needs to be done
to successfully record a meeting, and includes :

— the day before the meeting: the full recording system is checked, the room
is set for the type of meeting requested by the participants, cameras are
checked anc calibrated, etc.

— the day of the meeting :

e before the participants arrive: prepare the microphone packs, final room
checks,etc.

e before collecting, with participants in the room: take still photographs of
participants, give them fake ID badges, provide them with instructions
and details on the project,etc.

e collect data.

e after collection: name the meeting, compute synchronization values, com-
pute intrinsic and extrinsic calibration,etc.

— after 5 business days have passecﬂ, the data are made available in a
distribution-ready format.

Record and Review Station. The main challenge of recording so many sen-
sors in parallel is being able to continuously check the status of all cameras and
microphones.

2 Human Subject Agreement gives participants 5 business days to review the data and
inform us that they would like to have a portion of the meeting removed. Participants
can also withdraw consent for the entire meeting.
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Like the Pilot Corpus, we decided to use a software based solution relying on
the SMART DATA FLOW to provide the recording operator with the means of see-
ing all 7 camera views as well as volume meters for all 24 individual microphones.
Fig. B shows a screenshot of the “Review Station”.

Each individual microphone volume meter has three color states to indicate
the sound volume. The recording operator can listen to two individual channels
being recorded (one on each ear), as well as control the output volume.

All 7 video views are presented at a reduced size; the real video size for such a
frame is 1280x720, the reduced-size main camera is seen at 960x540 and the other
6 camera views are seen at 320x180. The user chooses the camera displayed on
the main view. Since it is not possible to display all camera views at full spee(ﬁ,
only T frames (5 per second) are displayed. The operator can select the main
camera view to show in full resolution of 1280x720 at full frame speed (NTSC’s
29.971ps).

In order to achieve this capture process, each individual sensor is captured on
its own computer, interconnected with the SMART DATA FLow (Figure [ shows
the capture map) :

— For each of the 7 cameras, a Firewire MPEG2 RAW wvideo capture client
provides a multiplexed audio and video MPEG2 TS flow to the RAW MPEG?2
TS Demuzer which in turn splits the audio and video, writes frame-per-frame
compressed MPEG2 ES video to SMD files, and transmit an I Frame only
and all Frames flows.

— For the RME capture client, all 24 channels are captured multiplexed. This
data is stored to disk in SMD files, and made available as data provided
to both a RME Volume client (which creates the data used to draw the
volume meter), and a RME Stereo Eztraction client (whose role is to use
the command feedback from the Record Station to extract two channels
and provide them to the Stereo Audio Play client for audio playback of the
selected channels).

— The Review Station receives most flows generated and displays them onto
the screen on the command-and-control interface shown in Fig. [Bl

Data are collected onto each individual capture system hard drive at 8 to 10
GB per hour per video camera and about 12 GB per hour for the RME audio
capture client. We therefore record about 82GB of data per hour.

3.4 Corpus 02’s Details

Preparation for Data Release. Once the meetings are captured to hard
drives in the SMD format, they are first resynchronizedd, then trimmed to con-
tain only the meeting itself. Data are then made distribution-ready:

3 Having to transfer and decode 7 full speed 1280x720 cameras on an RGB surface
would require extensive bandwidth and processing power.

4 The full resynchronization process, and associated tools are described in another
article[7], soon to be published. Check the SMART SpPACE [I5] and MEETING
RoowM [16] websites for information.



™1

™HZ

™3

Polycon

The NIST Meeting Room Corpus 2 Phase 1

Lapel 1

Lapel 2

Lapel 3

Lapel 4

Lapel 5 HeadMix.

<ol >

Lapel 6 ~ Both = Right

Lapel 7

Lapel 8

Fig. 3. Record Station Screenshot

[ ]

Firewire MPEG2 RAW-video capture:
clfcameral

[]

RAW MPEG2 TS Demuxer
clfcameral

[ ]

Firewire MPEG2 RAW-video-capture:
c2.fcamera2

[ ]

RAW MP
c2

2 TS Demuxer
ameraz

—m
A0

'

Firewire MPEG2 RAW.video capture:
. .c3.fcamera3

D

RAW MPEG2 TS Demuxer:

. .c3.fcamera3

n

Firewire MPEGZ RAW: video capture
cAfcamerad

D

RAW MPEG2 T5 Demuxer

1 c4fcamerad | |

n

Firewire MPEG2 RAW.video capture:
. .c5.fcamerab

D

RAW MPEG2 TS Demuxer:
. .c5.f camera5

derdlimy

RME Audic Capture
default f cofp L.

1.
 Station (MROZ)
reviewstation

[

RME volume
defailft] cots1

RME sterec-ext]tion

Stereo audio Play
default/ reviewstation -

L]

Firewire MPEG2 RAW.-video capture:
c6./camerat

[ ]

RAW MPEG2 TS Demuxer
c6./camerag

[ ]

Firewire MPEG2 RAW-video-capture
c7.fcamera?

[ ]

RAW MPEG2 TS Demuxer
7 camera?

Fig. 4. Corpus 02 Capture Map

21



22 M. Michel, J. Ajot, and J. Fiscus

— For the video, this process involves multiplexing the trimmed MPEG2 video
stream (result of the TS to ES demultiplex, at 1280x720, 16:9 aspect ra-
tio, 29.97fps, 18.3Mbps) and the MPEG2 Audio Stream (Stereo, 48kHz,
256kbps) composed of an 80% gain normalized stereo mix of the head mi-
crophones on the left channel, and a volume normalized mix of the table
microphones (not including the quad microphones) on the right channel.

— For the audio, each individual channel (head, lapel, omni, quad, ...) is con-
verted from its 48kHz, 24 bit, linear PCM source format to 16kHz, 16 bit,
linear PCM-sampled audio SPHERE-formatted files. A 50% gain normaliza-
tion is applied to each channel.

Meeting Information. We took a different approach to selecting meetings
to record for Corpus 02. We contracted with Enterprise Solutions Inc., a man-
agement consulting firm, and UserWorks Inc., a usability testing firm, to find
groups willing to record naturally occurring, goal oriented meetings in our meet-
ing room. This collaboration provided several meeting topics that theretofore
had not been recorded as part of the meeting domain.

Meeting details will be posted on the MEETING ROOM website[16].

4 Conclusion

In this article, we have presented both the MEETING RooM used in Corpus 01
and Corpus 02. We have detailed the differences in :

— Hardware: use of 720/30p HDV video cameras and head microphones that
do not obstruct the participant’s lips.

— Software: creation and evolution of capture clients and review station to
insure proper use of new hardware.

— Methodology: with the creation of checklists insuring quality control during
recording and processing of collected data, as well as camera calibration
information.

Meetings details will be made available on the MEETING RoOOM website[16].

In the future we intend to introduce participant localization information, use
the finalized version of the SMART SPACE MK-IIT mod 1 microphone arrays and
go from 720p to 1080i HDV cameras.
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Abstract. The project Augmented Multi-party Interaction (AMI) is
concerned with the development of meeting browsers and remote meet-
ing assistants for instrumented meeting rooms — and the required com-
ponent technologies R&D themes: group dynamics, audio, visual, and
multimodal processing, content abstraction, and human-computer inter-
action. The audio-visual processing workpackage within AMI addresses
the automatic recognition from audio, video, and combined audio-video
streams, that have been recorded during meetings. In this article we
describe the progress that has been made in the first two years of the
project. We show how the large problem of audio-visual processing in
meetings can be split into seven questions, like “Who is acting during
the meeting?”. We then show which algorithms and methods have been
developed and evaluated for the automatic answering of these questions.

1 Introduction

Large parts of our working days are consumed by meetings and conferences.
Unfortunately a lot of them are neither efficient, nor especially successful. In a
recent study [12] people were asked to select emotion terms that they thought
would be frequently perceived in a meeting. The top answer — mentioned from
more than two third of the participants — was “boring”; furthermore nearly one
third mentioned “annoyed” as a frequently perceived emotion. This implies that
many people feel meetings are nothing else, but flogging a dead horse.

* This work was partly supported by the European Union 6th FWP IST Integrated
Project AMI (Augmented Multi-party Interaction, FP6-506811).

S. Renals, S. Bengio, and J. Fiscus (Eds.): MLMI 2006, LNCS 4299, pp. 24-[35], 2006.
© Springer-Verlag Berlin Heidelberg 2006
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Things get from bad to worse if transcriptions are required to recapitulate de-
cisions or to share information with people who have not attended the meeting.
There are different types of meeting transcriptions: they can either be written
by a person involved in the meeting and are therefore often not exhaustive and
usually from the particular perspective of this person. Sometimes they are only
hand-written drafts that can not easily be shared. The second type are profes-
sional minutes, written by a person especially chosen to minute the meeting,
usually not involved in the meeting. They require a lot of effort, but are usually
detailed and can be shared (if somebody indeed takes the time to read over
them). The third and most common transcript is no transcript at all.

Projects, like the ICSI meeting project [I4], Computers in the human inter-
action loop (CHIL) [29], or Augmented Multi-party Interaction (AMI) [7] try to
overcome these drawbacks of meetings, lectures, and conferences. They deal with
the automatic transcription, analysis, and summarisation of multi-party interac-
tions and aim to both improve the efficiency, as well as to allow a later recapitu-
lation of the meeting content, e.g with a meeting browser [30]. The project AMI
is especially concerned with the development of meeting browsers and remote
meeting assistants for instrumented meeting rooms — and the required compo-
nent technologies R&D themes: group dynamics, audio, visual, and multimodal
processing, content abstraction, and human-computer interaction.“Smart meet-
ing rooms” are equipped with audio-visual recording equipment and a huge range
of data is captured during the meetings. A corpus of 100 hours of meetings is
collected with a variety of microphones, video cameras, electronic pens, presen-
tation slide and whiteboard capture devices. For technical reasons the meetings
in the corpus are formed by a group of four persons.

The first step for the analysis of this data is the processing of the raw audio-
visual stream. This involves various challenging tasks. In the AMI project we
address the audio-visual recognition problems by formulating seven questions:

What has been said during the meeting?

What events and keywords occur in the meeting?
Who and where are the persons in the meeting?
Who in the meeting is acting or speaking?

How do people act in the meeting?

What are the participants’ emotions in the meeting?
Where or what is the focus of attention in meetings?

N ol

The audio-visual processing workpackage within the AMI project aims to
develop algorithms that can automatically answer each of these questions from
the raw audio-visual streams. The answers can then be used either directly during
or after the meeting (e.g. in a meeting browser), or as an input for a higher level
analysis (e.g. summarisation). In this article we describe the progress that has
been made in the first two AMI project years towards the automatic recognition
from audio-visual streams, and thus towards answering the questions. Each of
the next chapters discusses algorithms, methods, and evaluation standards for
one of the seven questions and summarises the experiences we made.
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2  What Has Been Said During the Meeting?

Meetings are an audio visual experience by nature, information is presented for
example in the form of presentation slides, drawings on boards, and of course by
verbal communication. The latter forms the backbone of most meetings. The au-
tomatic transcription of speech in meetings is of crucial importance for meeting
analysis, content analysis, summarisation, and analysis of dialogue structure.
Widespread work on automatic speech recognition (ASR) in meetings started
with yearly performance evaluations held by the U.S. National Institute of Stan-
dards and Technology (NIST) [27]. This work was initially facilitated by the
collection of the ICSI meeting corpus [14]. Additional meeting resources were
made available from NIST, Interactive System Labs (ISL) [4] and the Linguistic
Data Consortium (LDC), and more recently, the AMI project[7].

The objectives for work in ASR in meetings are to develop state-of-the-art
speech recognition technology for meeting transcription; to enable research into
meeting relevant topics into ASR; to provide a common working base for re-
searchers; and to enable downstream processing by providing automatically an-
notated and transcribed data. All of these objectives require a common and
standardised evaluation scheme and unified testing procedures. For ASR in gen-
eral evaluations by word error rate measurement according to NIST protocols is
standard. A more critical issue is the task definition with respect to input media
and objective system output.

To ensure that the technologies under development are state of the art we
participated in international evaluations of ASR systems for meeting transcrip-
tion [27]. World-leading research groups in ASR enter this competition which
aims to provide a comparison between different approaches by provision of stan-
dardised common data sets, an evaluation schedule, and by organisation of a
workshop to ensure information exchange. AMI has successfully competed in
the NIST RT05s STT evaluations [27], yielding very competitive results on both
conference meeting and lecture room transcription [10, [IT]. AMI specific eval-
uations are performed on AMI data alone. As all microphone conditions are
available for the complete corpus no special targeted sub-sets are defined. In the
course of our next development cycle we will implement a larger development
test set (planning of this set had an input on data collection) that will cover all
aspects of the corpus in terms of meeting room, scenario and speaker coverage.

Table [[ shows WER, results for the 2005 AMI meeting transcription system.
The high deletion rate is a main contributor to the error rate. The associated
results on rt05seval MDM are also shown in Table[Il again with relatively high
deletion rates. Particularly poor performance on VT data has a considerable
impact on performance (only two distant microphones).

In summary, in the last two years we have defined an evaluation framework
that is generic, flexible, comparable, and that allows us to conduct research
and development in a stable environment. We have built a system that is very
competitive and performs exceptionally well on AMI data. We can focus our
attention on extending our work to the full AMI corpus and the specific problems
to be faced there. Further a research infrastructure is in place that allows all
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Table 1. WER in % on rt05seval THM, respectively MDM

TOT Sub Del Ins Fem Male AMI ISL ICSI NIST VT

rt05seval IHM  30.6 14.7 12.5 3.4 30.6 25.9 30.9 24.6 30.7 37.9 28.9
rt05seval MDM 42.0 25.5 13.0 3.5 42.0 42.0 35.1 37.1 38.4 41.5 51.1

partners to work on subtasks without the need to build large and labour-intensive
systems or work on oversimplified configurations.

Our research results also give a better understanding of many interesting
questions such as the distant microphone problem, the segmentation problem,
the use of language, or the presence of many accents. Our investigations highlight
where major improvements in performance can be obtained.

3 What Events and Keywords Occur in the Meeting?

Acoustic event and keyword spotting (KWS) are important techniques for fast
access to information in meetings. Here we will concentrate on KWS: the goal is
to find the keyword and its in speech data including its position and confidence.
In AMI we compared three approaches to KWS. They are based on a comparison
of two likelihoods: that of the keyword and the likelihood of a background model.

In the acoustic approach, phoneme-state posteriors are first estimated using
a system based on neural networks with split temporal context [2I]. The mod-
els of keywords are assembled from phoneme models and run against a back-
ground model (a simple phoneme loop). The difference of two log-likelihoods at
the outputs of these models forms the score. It is advantageous to pre-generate
the phoneme-state posteriors. The actual decoding is then very fast. We have
further accelerated the decoding by pruning the phoneme-state posterior ma-
trices by masking them using phoneme lattices discussed below. Then the de-
coding runs about 0.01 x RT on a Pentium 4 machine. KWS in LVCSR lattices
greps the keywords in lattices generated by a large vocabulary continuous speech
recognition system (LVCSR, Sect. [2]). The confidence of each keyword is the dif-
ference of the log-likelihood of the path on which the keyword lays and the
log-likelihood of the optimal path. The KWS in phoneme lattices is a hybrid
approach. First, phoneme lattices are generated. This is in fact equivalent to
narrowing the acoustic search space. The phonetic form of the keyword is then
grepped in such lattices and the confidence of keywords is given by the acoustic
likelihoods of individual phonemes, again normalised by the optimal path in the
lattice.

A detailed description of the different systems, features, and a comparison
of neural networks and GMMs in acoustic KWS can be found in [25]. Table
presents results of the three approaches on three test-sets. The sets are carefully
defined on the ICSI meeting database [14]. While “Test 17”7 contains 17 common
words, the sets “Test 1 and 10” concentrate on rare words occurring at most
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Table 2. Comparison of Figure-of-Merit (FOM) measure (in %) of KWS approaches

Test set  Acoustic Word lattice Phoneme lattice

Test 17 64.46 66.95 60.03
Test 10 72.49 66.37 64.1
Test 1 74.95 61.33 69.3

one, respectively ten times in the test set. The results confirmed our previous
assumptions about the advantages and drawbacks of the different approaches:

LVCSR-KWS is fast (lattices can be efficiently indexed) and accurate, however
only for common words. We see a clear degradation of performance for the sets
“Test 1 and 10”. We should take into account that less common words (such as
technical terms and proper names) carry most of the information and are likely
to be searched by the users. LVCSR-KWS has therefore to be completed by a
method unconstrained by the recognition vocabulary. Acoustic KWS is relatively
precise (the precision increases with the length of the keyword) and any word can
be searched provided its phonetic form can be estimated. This approach is ideal
for on-line KWS in remote meeting assistants, but even with the mentioned high
speed of 0.01 x RT, it is not suitable for browsing huge archives, as it needs to
process all the acoustic (or at least posterior probabilities) data. Phoneme lattice
KWS is a reasonable compromise in terms of accuracy and speed. Currently, our
work on indexing phoneme lattices using tri-phoneme sequences is advancing and
preliminary results show a good accuracy /speed trade-off for rare words.

With the acoustic keyword spotter, an on-line demo system was implemented.
This system uses a new closed-form based algorithm for speaker segmentation
which takes into account time information of cross-correlation functions, values
of its maxima, and energy differences as features to identify and segment speaker
turns [I6]. As for LVCSR spotting, it was completed by an indexation and search
engine [§] and integrated into the AMI multimodal browser JFerret [30].

Future work includes improvement of the core algorithms and on KWS en-
hanced by semantic categories.

4 Who and Where Are the Persons in the Meeting?

To browse meetings and relate different meetings to each other it is important
to know, who was actually in the meeting. In this section we first address the
problem of identifying persons and then track them through the meeting. Once
identified, we aim to track the persons location through the meeting room. The
location of each meeting participant at each time instance is rather uninteresting
for a later comprehension of a meeting. It is very unlikely that a user will browse
a meeting and ask for the “three dimensional coordinates of participant A at
time instance 03:24:12”. However, while usually not used directly, the correct
coordinates of each person in the meeting are an essential input to various other
meeting analysis tasks, including the focus of attention (Sect. B) and action
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recognition (Sect. [dl). Furthermore these methods rely on very exact coordinates;
wrong coordinates will lead to an error propagation, or in the worst case, to a
termination of subsequent tasks. Thus determining the correct location of each
meeting participant at each time in the meeting is a very crucial task.

An identification of meeting participants is possible from both the face and
the voice. Here we’ll concentrate on the face. During recent international com-
petitions on face authentication [I5], it has been shown that the discriminant
approaches perform very well on manually localised faces. Unfortunately, these
methods are not robust to automatic face localisation (imprecision in translation,
scale and rotation) and their performance degrades. On the opposite, generative
approaches emerged as the most robust methods using automatic face localisa-
tion. This is our main motivation for developing generative algorithms [6] [5]. For
AMI we proposed to train different generative models, such GMMs, 1D-HMMs,
and P2D-HMMs, using MAP training instead of the traditionally used ML crite-
rion. Currently, we are evaluating the algorithms on a face verification task using
the well-known BANCA benchmark database [3]. Our results show that gener-
ative models are providing better results than discriminant models. The best
results are achieved by P2D-HMM. However, it should be noted that P2-HMMs
are also much slower than GMMs. The algorithms have been developed as a
machine vision package for a well-known open source machine learning library
called Torch vision [26]. This package provides basic image processing and fea-
ture extraction algorithms but also several modules for face recognition.

For localisation and tracking of the meeting participants we developed, ap-
plied, and evaluated four different methods. To evaluate these methods we used
the AMI AV16.7 corpus. It consists of 16 meeting room sequences of 1-4 minutes
length with up to four participants, recorded from two camera perspectives. The
sequences contain many challenging phenomena for tracking methods, like per-
son occlusion, cameras blocked by passing people, partial views of backs of heads,
and large variations in the head size. A common evaluation scheme, based on
the procedure defined in [23] and a defined training and test corpus, allows to
compare the advantages and the drawbacks of the different methods.

The trans-dimensional MCMC tracker is based on a hybrid Dynamic Bayesian
Network that simultaneously infers the number of people in the scene and their
body and head locations in a joint state-space formulation [22]. The method per-
forms best when tracking frontal heads in the far field view. The Active Shape
tracker is based on a double layered particle filter framework, which on the one
hand allocates sets of particles on different skin coloured blobs and evaluates
predicted head-shoulder contours on the image data. Especially in scenes with
partial occluded heads the tracking algorithm shows its great performance. The
Kanade-Lucas-Tomasi (KLT) tracking uses an image pyramid in combination
with Newton-Raphson style minimisation to find a most likely position of fea-
tures in a new image [I3]. This method tracks heads correctly in more than 90%
of the video sequences, however hands are often misinterpreted as heads. The
face detector is based on a skin colour blob extraction followed by a movement
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prediction. The face detector is based on the weak classifier compound of a Gabor
wavelet and a decision tree [I9]. The negative aspect of this face detector is the
strong computation dependency on the Gabor wavelet feature evaluation and
therefore it can not be used in real-time applications.

A comparative study of the four different head tracking methods, a detailed
descriptions of the algorithms, and evaluation results can be found in [24].

5 Who in the Meeting Is Acting or Speaking?

The objective of this work is to be able to segment, cluster and recognise the
speakers in a meeting, based on their speech. Speaker information can be in-
cluded in the meeting browser so that the user will have a better understanding
of what is going on and will have a better context of the contents.

Within AMI we developed two approaches. The first uses the acoustic con-
tents of the microphone signal to segment and cluster speakers. This extends
earlier TNO work on speaker recognition (for telephone speech) and speaker
segmentation/clustering (for broadcast news). The system has been evaluated
in the NIST Evaluation on Meeting Data [27]. The evaluation set contained ten
meetings in total, two meetings each from five different sources. One meeting
source was AMI. We participated in both the Speech Activity Detection task
and the Speaker diarisation task. The system obtained very competitive results
in the NIST RT05s evaluation for speech activity detection (the lowest error rate
reported) and our speaker diarisation system performed satisfactorily, given the
technology we used.

The second system is a new closed-form localisation based algorithm which
takes into account time information of cross-correlation functions, values of its
maxima, and energy differences as features to identify and segment speaker
turns [16]. In order to disambiguate timing differences between microphone chan-
nels caused by noise and reverberation, initial cross-correlation functions were
time-smoothed and time-constrained. Finally we used majority voting based
scoring approach to decide about the speaker turns.

The system was tested on challenging data recorded within the AMI project
(ICSI, AMI-pilot, and BUT data) recorded at 16kHz. Achieved results show
that the between-channel timing information brings sufficient information about
speaker turns, especially in case of segmenting heavily cross-talked data. The
achieved frame-level accuracy (for every 10ms) is around 90% for all three data-
bases even thought the degree of the cross-talk (influencing the reliability of
particular hypothesis) varies a lot between different meeting data.

The proposed system has been successfully applied to segment newly created
real meeting-recordings for AMI. Obtained rough speaker-turns (with speech and
silence segmentation based on classical MFCCs classified using neural network
trained on ICSI training data set) are exploited by annotators to create word-
level orthographic transcriptions of new AMI meeting data.
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For demonstration purposes, we also developed a speaker segmentation system
that is able to detect speaker turns in real time. The system has been proposed
together with acoustic based key-word spotter (Sect. Bl). Furthermore, on-line
pre-processing of visual input from the camera, scanning the whole scene using
the hyperbolic mirror has been used.

6 How Do People Act in the Meeting?

We aim to extract visual features from videos and develop methods to use them
for the automatic recognition of important actions and gestures in meetings. We
focus on semantic actions and gestures that indeed happen in meetings and that
can be of potential use to the user of a meeting-browser or as a cue for higher-
level tasks in group analysis. We have defined a set of actions and gestures that
are relevant for meetings, these include hand, body, and head gestures. Examples
are Pointing, writing, standing up, or nodding. Special attention has been paid
to negative signals, i.e. a negative response to a yes-no question usually char-
acterised by a head shake. This kind of gesture contains important information
about the decision making in meetings, but can be very subtle and involve little
head movement, making automatic detection very difficult.

For the gesture segmentation two methods were applied: Bayes Information
Criterion and an Activity Measure approach. As features we used Posio [18] (cf.
Sect. [§) to extract for each person in the meeting the 2D location of the head
and hands, a set of nine 3D joint locations, and a set of ten joint angles. In
addition we performed classification of the segmented data. Due to the temporal
character of gestures we focused on different HMM methods.

The main conclusion regarding the automatic segmentation of gestures in real
meetings is that it still a very challenging problem and the tested approaches
do not give good segmentation performance for whole gestures, mainly due to
the intrinsic structure of the gestures and the noise in the input features. An
alternative approach is to develop segmentation algorithms for gesture parts and
in preliminary evaluations this gave promising results.

Given this segmentation experience, the classification task was performed on
manually segmented video streams. We found that a garbage model improves the
recognition performance significantly. The HMM approaches gave a reasonable
performance. Gestures like standing up (100% recognition rate) and the impor-
tant speech supporting gestures (85%) reached results satisfactory for practical
applications. However the results for the detection of negative signals were not
significantly better than guessing. Detecting gestures such as shaking or nodding
and negative signals is still a challenging problem that requires methods capable
of detecting very subtle head movements.

In summary: important gestures and actions in meetings, such as negative sig-
nals are very hard to detect, as they can be very subtle. The standard algorithms
used for artificial gestures —such as HMMs — can therefore not be applied directly
to the meeting domain. Methods capable of detecting very small movements are
required and have to be investigated in detail.
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7 What Are the Participants Emotions’ in Meetings?

Recent studies [12] on emotions in meetings showed that people are — of course —
not showing all kind of emotions in meetings, but only a rather small subset like
bored, interested, serious, etc. On the other hand some emotions, like sadness, are
very unlikely to appear. Furthermore peoples’ expression of emotions in meetings
is rather subtle compared to artificial emotion databases (see [I7] for a recent
survey). The combination of these two fact makes the detection of emotions
in meetings rather difficult and calls directly for special methods. Similar to
our AMI experience with gestures and actions (Sect. [f]) standard methods for
emotion detection from acted databases can not be directly applied to meetings.

AMI therefore aims to develop special algorithms to estimate the meeting
participants’ emotion from the information of head- and body pose, gestures
and facial expressions. Therefore, the development and enhancement of the cor-
responding algorithms is crucial for emotion recognition by visual input. A de-
scription of activities can be found in Sect. [6l Independently, works are going on
to analyse facial expressions. Very recent investigations are based on an applica-
tion of the AdaBoost [9] algorithm and its variants applied on two-dimensional
Haar- and Gabor-Wavelet coefficients, for localisation of frontal faces and eyes
[28], as well as for classification of facial expressions [I7]. Furthermore, an ap-
proach based on Active Appearance Models is implemented and investigated in
its application to head pose estimation and facial expression analysis.

Evaluation of these — especially to the meeting domain adapted algorithms —
is currently ongoing, showing very promising results. Even though this method
shows high requirements to the computational performance of the applied hard-
ware, the expected results argue for this approach.

8 Where or What Is the Focus of Attention in Meetings?

There are two questions to answer when trying to understand what is going on
during the meeting. However, in view of the difficulty to determine both the
group focus of attention (FOA) and the general FOA of individual people (a
person might have multiple FOA — listening to a speaker while taking notes —,
ground truthing a mental state is difficult), we restricted our investigations to
the visual FOA of people defined as the spatial locus defined by the person’s
gaze, which is indeed one of the primary cue for identify the attentional state of
someone [20]. With this definition, research was conducted into two directions.
In the first direction, the objective is to identify the role played by the FOA in
the dynamics of meetings. Answering such questions will be useful to understand
the relationship between the FOA and other cues (such as speaker turns, cf.
Sect. ) as well as to more precisely identify the interactions between participants
(e.g. by contributing to the recognition of the higher level dialog acts), which in
turn could translate to better FOA recognition algorithms. The second direction
is concerned with the recognition of the FOA. More precisely, given recorded
meeting data streams, can we identify at each instant the FOA of the meeting
participants? Both directions were investigated and are summarised in four tasks.
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Perception of head orientation in a Virtual Environment: This task consists of
assessing how accurately people perceive gaze directions. In a virtual environ-
ment an avatar was positioned at one side of the table. At the other side a
number of balls where placed at eye height for the avatar. Persons where then
asked to predict at which ball the avatar was looking at. As a first result we found
that there is no significant difference for the location of the avatar. Furthermore
no learning effect among the participants has been found. Decreasing the angle
between the balls increases the judgement error. With an azimuth angle between
two persons at one side of the table of 30 degree, as seen from a person at the
other side, an discrimination is possible with an accuracy of 97.57%. This shows
that head orientation can be used as a cue for the FOA.

Identifying speaker amongst meeting participants: In this task AMI investigates,
whether observers use knowledge about differences in head orientation behaviour
between speakers and listeners by asking them to identify the speaker in a four-
person setting. In a thorough study on the role of FOA in meeting conversations,
we showed through the use of a Virtual Environment display that people are in-
deed using the gaze and head pose of participants to assess who is speaking. This
results demonstrate that humans apply knowledge about systematic differences
in head orientation behaviour between speakers and listeners. This shows how
important the FOA in meetings is.

Head pose and head tracking: (cf. Sect. d]) One first step towards determining a
person’s FOA consists of estimating its gaze direction. Then from the geome-
try of the room and the location of the participants, the FOA can normally be
estimated. However, as estimating gaze is difficult (and requires very close-up
views of people to assess the position of the pupil in the eye globe), AMI has
developed, as an approximation, algorithms for tracking the head and estimate
its pose. We formulate the coupled problems of head tracking and head pose
estimation in a Bayesian filtering framework, which is then solved through sam-
pling techniques. Details are given in [2, [T]. Results were evaluated on 8 minutes
of meeting recordings involving a total of 8 people, and the ground truth was
obtain from flock-of-birds (FOB) magnetic sensors. The results are quite good,
with a majority of head pan (resp. tilt) angular errors smaller than 10 (resp.
18) degrees. As expected, we found a variation of results among individuals,
depending on their resemblance with people in the appearance training set.

Recognition of the FOA: In this task, the emphasis is on the recognition of a finite
set F of specific FOA loci. Unlike other works, the set of labels in our setting was
not restricted to the other participants, but included also looking at the table
(e.g. when writing), at a slide screen, and an unfocused label (when looking at
any direction different than those of the other labels). One approach to the FOA
recognition problem that we have followed consists of mapping the head pose
orientations of individual people to FOA labels. This was done by modelling
each FOA with a Gaussian and the unfocus class with a uniform distribution.
Evaluation was conducted on 8 meetings of 8 minutes on average. Fach meeting
involved 4 people, and the FOA of two of them was annotated.
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First, we conducted experiments by using the head-pose pointing vectors ob-
tained from the ground truth FOB readings. We obtained a frame-based classi-
fication rate of 68% and 47%, depending on the person’s position in the smart
meeting room. These numbers are lower than those reported in other works, and
are mainly due to the use of a more complex setting, more labels, and demon-
strate the impact of FOA spatial configurations on the recognition, and the ne-
cessity of exploiting other features/modalities (e.g speaking status) in addition
to the head pose to disambiguate FOA recognition. Furthermore we found that
using the estimated head-pose instead of the ground truth were degrading the
results not so strongly (about 9% decrease, thus much less than the differences
w.r.t. position in the meeting room), which was encouraging given the difficulty
of the task. We also found that there was a large variation of recognition amongst
individuals, which directly calls for adaption approaches like Maximum A Pos-
teriori techniques for the FOA recognition. These adaptation techniques, along
with the use of multimodal observation, will be the topic of current research.

9 Conclusion

In this article we described how audio-visual processing in meeting scenarios can
be addressed with seven questions. We showed, how the project AMI developed
and applied machine learning techniques to answer each of the questions auto-
matically. By addressing the different audio-visual tasks with simple questions
we were able to streamline and coordinate the development process and enable
an easy sharing of data and recogniser outputs among the involved partners.
This led to common evaluation schemes on commonly defined AMI data sets for
each of the tasks and allows us to compare different approaches in a simplified
way. Finally it is worth to mention, that this has been achieved by more than
50 persons from eight institutes in seven countries in the EU and the US.
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Abstract. The participant in a human-to-human communication who
controls the floor bears the burden of moving the communication process
along. Change in control of the floor can happen through a number of
mechanisms, including interruptions, delegation of the floor, and so on.
This paper investigates floor control in multiparty meetings that are
both audio and video taped; hence, we are able to analyze patterns not
only of speech (e.g., discourse markers) but also of visual cues (e.g, eye
gaze exchanges) that are commonly involved in floor control changes.
Identifying who has control of the floor provides an important focus for
information retrieval and summarization of meetings. Additionally, with-
out understanding who has control of the floor, it is impossible to identify
important events such as challenges for the floor. In this paper, we an-
alyze multimodal cues related to floor control in two different meetings
involving five participants each.

1 Introduction

Meetings, which play an important role in daily life, tend to be guided by a set
of principles about who should talk when. Even when multiple participants are
involved, it is fairly uncommon for two people in a meeting to speak at the same
time. An underlying, auto-regulatory mechanism known as ‘floor control’ guides
this tendency in human dialogs and meetings. Normally, only one participant is
actively speaking; however, around floor control transitions, several participants
may vie for the floor and so overlapped speech can occur. The active speaker
holds the floor, and the participants all compete for and cooperate to share the
floor so that a natural and coherent conversation can be achieved.

By increasing our understanding of floor control in meetings, there is a poten-
tial to impact two active research areas: human-like conversational agent design
and automatic meeting analysis. To support natural conversation between em-
bodied conversational agents and humans, it is important that those agents use
human conversational principles related to the distribution of floor control so
that they can speak with appropriate timing. Further, the same embodied cues
(e.g., gesture, speech, and gaze) that are important for creating effective conver-
sational agents (e.g., [4]) are important for understanding floor control and how
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© Springer-Verlag Berlin Heidelberg 2006
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it contributes to revealing the topical flow and interaction patterns that emerge
during meetings. In this paper, we investigate multimodal aspects of floor control
in meetings.

Historically, researchers in conversational analysis have proposed models to
describe the distribution of floor control. One of the most commonly cited models
was developed by Sacks et al. [2I]. A basic principle of this model is that a
conversation is built on turn constructional units (TCUSs), which are typically
complete units with respect to intonation contour, syntax, and semantics. A
TCU may be a complete sentence, a phrase, or just a word. The completion of
a TCU results in a transition relevance place (TRP), which raises the likelihood
that another speaker can take over the floor and start speaking. It is held that
hearers use various cues to predict the end of TCUs.

Most previous research related to floor control coordination has been on di-
alogs. A variety of multimodal cues involving syntax, prosody, gaze, and gesture
have been investigated for turn-taking in dialogs [T 6], [7, T4l [T7, [25]. Syntactic
completion and special phrases, like “you know,” are useful syntactic cues for
turn change [6]. Silent pauses, rises or falls of intonation, variation of speech
rate, final lengthening, and other prosodic patterns are related to turn keeping
or yielding [6, [7, (14} [25]. Gestures can also be used to yield the floor [6]. During
floor transitions, it is common to observe short periods of mutual gaze between
two adjacent turn holders followed by the next holder breaking this mutual gaze,
a pattern called mutual gaze break [1]. This pattern occurs in around 42% of the
turn exchanges [17].

Recently there has been increasing research interest in multiparty meetings.
For example, simulation studies of group discussions have been carried out to
investigate turn-taking models of meetings [I8| [T9]. To support research on au-
tomatic meeting analysis, several audio or multimodal meeting corpora have
been collected, including the ISL audio corpus [3] from Interactive Systems
Laboratory (ISL) of CMU, the ICSI audio corpus [16], the NIST audio-visual
corpus [8], and the AMI audio-visual corpus [I5]. With the availability of these
data resources, researchers have begun to annotate them with various kinds of
events, most commonly dialogue acts (DAs) [10, 22]. They have also begun to
develop methods for detecting these events in meetings using speech and multi-
modal cues (e.g., [9] [15]).

1.1 Owur Focus

Floor control is an important aspect of human-to-human conversation, and it is
likely that multimodal cues involving gesture, speech, and gaze play an important
role for predicting floor control structure. Although research on multimodal cues
for floor control is still at an early stage, the increasing amounts of multimodal
meeting data should stimulate future progress.

To better support work related to floor control in meetings, we have developed
a nomenclature that is focused directly on floor control-related events. Although
researchers have developed annotations that express the role of utterances in
turn management, they do not completely cover the phenomena involved in
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floor control management. Hence, in this paper, we define a new floor control
annotation scheme that builds on the notion of a sentence unit, and then use
the annotations to identify multimodal cues of importance for predicting floor
control related events.

We describe the audio/video meeting corpus used in our investigations in
Section 211 and the annotations that are used for analysis in Section B2l In
Section 2.3, we raise some questions related to floor control in meetings and
present our quantitative results. In Section [ preliminary conclusions based on
our analysis of the data are presented.

2 Meeting Analysis

2.1 Meeting Description

In this paper, we annotated and analyzed two meetings from the VACE multi-
modal meeting corpus [5]. This corpus was collected in a meeting room equipped
with synchronized multichannel audio, video, and motion-tracking recording de-
vices. In these recordings, participants (from 5 to 8 civilian, military, or mixed)
engage in planning exercises. Using a series of audio and video processing tech-
niques, we obtained word transcriptions and prosodic features, as well as 3D
head, torso and hand tracking traces from video tracking and a Vicon motion
capture system, all time synchronized.

The two meetings selected for the current study were named based on their
recoding dates. The Jan07 meeting, recorded on January 7th, involves the ex-
ploitation of a foreign device. In this meeting, 5 military officers from several
different departments (e.g., device testing, intelligence, engineering, user com-
munity (i.e., fighter pilot)) collaborated to plan the best way to evaluate the
capability of the device and exploit it. Each participant represented the per-
spective of his/her department. The Marl8 meeting, recorded on March 18th,
involves the selection of graduate fellowship recipients. In this meeting, 5 faculty
members from Air Force Institute of Technology (AFIT) developed criteria for
selecting 5 awardees from a pool of 15 applicants and then made the selections
based on those criteria. Each participant, after reviewing the qualifications of 3
applicants, gave their opinions about the ranking of their candidates and their
suitability for selection. After an initial round of presentations, the participants
developed selection criteria and ranked all of the candidates accordingly. The
Jan07 and Mar18 meetings differ. The Marl8 participants needed to consult ap-
plication materials during their interactions and also made use of a white board
to organize the selection process. Because these artifacts played an important
role in this meeting, there was much less eye contact among participants than
in the Jan07 meeting.

2.2 Data Preparation and Annotation

The data annotation procedures used in this investigation are depicted in
Figure[Il Details related to each step are provided below.
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Fig. 1. Data flow diagram of our multimodal meeting data annotation procedures

Word/SU Annotation: The meetings in the VACE corpus were human tran-
scribed according to the LDC Quick Transcription (QTR) guidelines and then
time aligned with the audio. Word-level transcriptions do not provide informa-
tion that is available in textual sources, such as punctuation or paragraphs.
Because sentence-level segments provide an important level of granularity for
analysis, we chose to segment the words into sentences and mark the type of
sentence prior to carrying out floor annotation. The importance of structural
information for human comprehension of dialogs has already been demonstrated
and methods have been developed to automatically annotate speech dialogs [13].
Using EARS Metadata Extraction (MDE) annotation specification V6.2, we an-
notated sentence units (SUs). An SU expresses a speaker’s complete thought or
idea. There are four types: statement, question, backchannel, and incomplete.

The original EARS MDE SU annotations were created by LDC using a tool
that was developed to annotate spoken dialogs. As we began this effort, there
was no existing tool optimized to support the five-plus channels that must be
consulted in our meetings in order to accurately annotate SUs. Furthermore,
because we believed that the video cues were vital for our markups, we also
needed access to the video. Hence, to annotate SUs (and subsequently floor
control), we considered a variety of multimodal tools. We ended up choosing
Anvil [I2] for the following reasons: (1) it is an extremely reconfigurable tool
developed to support multimodal annotations; (2) it supports the simultaneous
display of annotations and playback of audio and video segments; (3) because it
uses XML to represent the markups, the tool is able to flexibly support a variety
of markups; (4) markups can be setup for color display, which is attractive
especially for quickly post-editing annotations. For SU annotation, we used four
different colors to differentiate among the SU types, which was quite helpful for
noticing and correcting annotation mistakes.

Initially, we automatically annotated SU boundaries based on a hidden-event
SU language model (LM) trained using the EARS MDE RT04S training data
containing about 480,000 word tokens, and then we displayed this information
using the Anvil interface designed by the first author. This interface displayed
time aligned word transcriptions with the automatic markups and allowed the
annotator to listen to audio and view video corresponding to selected portions
of the transcripts in order to create gold SU annotations. Using this interface,
the second author manually corrected SU boundary errors and added SU type
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to each SU for both meetings. While carrying out these annotations, she also
noticed and repaired a small number of transcription and word alignment errors.

Floor Control Annotation: There is no existing standard annotation for
floor control, although LDC discussed the notion of a turn versus control of
the floor in their annotation guidelines for MDHI. In previous research, most
researchers have focused on turn-taking in dyadic conversations [2], 23] [24], but
do not explicitly discuss the relationship between turn and floor control.

Following LDC’s definition, we chose to define a speaker turn as an interval
of speech uttered by a single discourse participant that is bounded by his/her
silence (>= 0.5s). In contrast, the person controlling the floor bears the burden
of moving the discourse along. When participant A is talking to participant B
and B is listening without attempting to break in, then A clearly has “control of
the floor”; however, other cases are less clear cut. Although turns are important
for meeting analysis, not all speaker turns involve floor control, and it is possible
to control the floor despite the presence of fairly long pauses. A participant’s
turn may or may not coincide with them holding the floor, and so may overlap
with that of another participant who is holding the floor. Overlaps that do
not cause the floor holder to concede the floor include backchannels (passive
contributions to discourse, which constitute a speaker turn), failed interruptions,
helpful interjections, or side-bar interactions. Change in control of the floor can
happen through a number of mechanisms, including regular turn-taking and
successful interruptions. We have developed an annotation scheme related to
control of the floor that involves several types of events.

Control: This corresponds to the main communication stream in meetings. Since it
is possible for floors to split, in our control annotations we keep track of who is in
control and which participants are involved in each floor control event.

Sidebar: This event type is used to represent sub-floors that have split off of a more
encompassing floor. Again we need to know who has control and which participants
are involved.

Backchannel: This is an SU type involving utterances like “yeah” that are spoken
when another participant controls the floor.

Challenge: This is an attempt to grab the floor. For example, the first utterance of
“do I” by E is a challenge.

C: yeah we need to instrument it we need /-
E: do I... do I need to be concerned...

Cooperative: This is typically a short utterance that is inserted into the middle of
the floor controller’s utterance in a way that is much like a backchannel but with
helpful propositional content.

Other: These are other types of vocalizations, e.g., self talk, that do not contribute
to any current floor control thread.

Using the Anvil interface designed by the first author which displays audio,
video, and time aligned word transcriptions with SU annotations, the first author

! See https://secure.ldc.upenn.edu/intranet/ Annotation/ MDE/guidelines/2004 /
index.shtml
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annotated each meeting segment with the above floor control related events, and
these annotations were double checked by the second author. When annotating
each event type we chose to respect the SU boundaries and event types. For
example, SU backchannels must also be annotated as backchannels in our floor
markups. Also control events respect SU boundaries (i.e., a control event con-
tinues until the end of an SU, even if another speaker starts a new control event
before it is ended). The annotation process for these control events involved
several passes. In the first pass, the annotator focused on tracking the “major”
control thread(s) in the meeting, resulting in a sequence of floors controlled by
various participants. Then, in the second pass, the annotator focused on the
“finer” distinctions of floor control structure (e.g., challenge, cooperative). Anvil
provides excellent play-back control to take some of the tedium out of viewing
the data multiple times.

Gaze and Gesture Annotation: In each VACE meeting, 10 cameras were
used to record the meeting participants from different viewing angles, thus mak-
ing it possible to annotate each participant’s gaze direction and gestures. Gesture
and gaze coding was done on MacVissta [20], a general-purpose Mac OS X multi-
modal video display and annotation tool. It supports the simultaneous display of
multiple videos (representing different camera angles) and enables the annotator
to select an appropriate view from any of 10 videos to produce more accurate
gaze/gesture coding. The annotators had access to time aligned word transcrip-
tions and all of the videos when producing gaze and gesture annotations.

Following McNeill lab’s gesture coding guidelines, five common types of gestures
that are related to the content of cotemporaneous speech, including metaphoric,
iconic, emblematic, deictic and beat, were annotated. These exclude fidgeting move-
ments (e.g., tapping fingers while thinking, touching clothes) as well as instrumen-
tal movements (e.g., holding a cup, arranging papers on a desk). Gaze coding was
completed by marking major saccades, which are intervals that occur between fixa-
tions of the eye. Such intervals begin with the shift away from one fixation point and
continue until the next fixation is held for roughly 1/10th of a second (3 frames).
Inclusion of micro-saccades is not possible using the available technologies nor is it
necessary for our level of analysis. The segmentation of space into areas and objects
for fixation include other people, specific non-human entities in the environment
(e.g. board, papers, thermos), personal objects (e.g. watch), and neutral space in
which the eyes are not fixated on any visible objects.

This gesture and gaze coding, which was stored using the Mac’s default XML
structure, was converted to a custom XML format that was then loaded into
Anvil for combination with the word, SU, and floor control annotations described
previously. Given the combination of word-level information, SU and floor event
annotations, and gesture and gaze markups, we have carried out an analysis of
the two meetings described previously.

2.3 Measurement Studies

We have two reasons for carrying out measurement studies on the two VACE
meetings described above. First, since there has been little research conducted
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Table 1. Summary statistics for two VACE meetings
Jan07 meeting ‘
speaker|dur(sec)|# words| Control |Challenge|Backchannel|Sidebar-Control|Cooperative
C| 337.32 | 1,145 |299.58 (37) 5 33 (8) | 12.84 (44) 14.9 (17) 4.67 (4)
D| 539.13 | 2,027 |465.54 (26) 4 (7) 5.31 (29) 64.88 (19) 0 (0)
E| 820.51 | 3,145 |763.31 (63) 767 (11) | 29.82 (116) 17.02 (7) 2.61 (2)
F| 579.42 | 2,095 |523.16 (37)| 4.73 (20) | 11.8 (43) 32.39 (15) 7.34 (9)
G| 352.92 | 1,459 |296.31 (31)| 5.66 (11) | 11.78 (55) 39.16 (15) 0 (0)
Marl8 meeting
speaker|dur(sec)|# words| Control |Challenge|BackchannellSidebar-Control|Cooperative
C| 679.39 | 2,095 |648.73 (62)| 1.89 (4) | 28.02 (74) 0 (0) 0.75 (2)
D| 390.46 | 1,285 [359.75 (54)|4.23 (11) | 21.78 (65) 0 (0) 4.7 (7)
E[ 485.21 | 1,380 [465.03 (49)[10.24 (21)] 1841 (72) 0 (0) 0 (0)
F| 486.60 | 1,467 [481.70 (57)| 1.43 (4) | 3.47 (11) 0 (0) 0 (0)
G| 470.72 | 1,320 |422.49 (53)| 0.87 (2) | 36.76 (111) 0 (0) 2.14 (2)

on floor control in multiparty meetings, we need to gain a greater understand-
ing of floor control in this setting. It is not clear whether the findings from
dialogs will hold for larger groups of participants. Second, our ultimate goal is
to develop algorithms that utilize multimodal cues to automatically annotate
the floor control structure of a meeting. Hence, measurement studies provide an
opportunity to identify useful cues from the audio and visual domains to support
our future system design. Some of the questions that we had hoped to answer
in this investigation include questions related to speech, gaze, and gesture. How
frequently do verbal backchannels occur in meetings? What is the distribution
of discourse markers (e.g., right, so, well) in the meeting data? How are they
used in the beginning, middle, and end of a control event? When a holder fin-
ishes his/her turn, are there some observable distributional patterns in his/her
eye gaze targets? Does he/she gaze at the next floor holder more often than
at other potential targets? When a holder takes control of the floor, are there
some observable distributional patterns in his/her eye gaze targets? Does he/she
gaze at the previous floor holder more often than at other potential targets? Do
we observe the frequent mutual gaze breaks between two adjacent floor holders
during floor change? How frequently does the previous floor holder make floor
yielding gestures such as pointing to the next floor holder? How frequently does
the next floor holder make floor grabbing gestures to gain control of the floor?
Control of the floor is not always intentionally transferred from one speaker
to another. Sometimes the floor holder yields the control of the floor and leaves
it open to all meeting participants. When the floor is open, any of the meeting
participants may take control without explicit transfer of control. In order to
develop a better understanding of how gesture, speech, and gaze cues signal floor
transitions, the first author classified all floor transitions into four categories:

Change: there is a clear floor transition between two adjacent floor holders
with some gap between adjacent floors.
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Overlap: there is a clear floor transition between two adjacent floor holders,
but the next holder begins talking before the previous holder stops speaking.

Stop: the previous floor holder clearly gives up the floor, and there is no in-
tended next holder so the floor is open to all participants.

Self-select: without being explicitly yielded the floor by the previous holder,
a participant takes control of the floor.

For Change and QOverlap floor transitions, the control of the floor is explicitly
transferred from the previous to the next floor holder; whereas, for Stop and
Self-Select, there is no explicit floor transition between the two adjacent floor
holders. By distinguishing these four transition types, we believe we will be able
to obtain a deeper understanding of the multimodal behavior patterns.

Basic Statistics: First, we provide some basic statistics related to floor control
in the two meetings. Table [1l shows information about the Jan07 and Marl8
meetings. The table reports the total duration and the number (in parentheses)
of each floor event type. It should be noted that these durations were calculated
over intervals containing pauses. These meetings are clearly quite different based
on the information provided in the table, even though each is comprised of five
participants for a total duration of around forty minutes each. Figure[2 provides
some basic statistics on floor transitions by meeting. We find that there is a much
larger number of Stop and Self-Select floor transitions in the Marl8 meeting than
in the Jan07 meeting.

Distribution of Floor Transition Types
<
120
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Count
& g

March 18

Change Overap Stop Self-Select
Transition Type

Fig. 2. Basic statistics on floor transitions for two VACE meetings

Speech Events: The first speech event we consider is the verbal backchannel.
Given the fact that participants can make non-verbal backchannels (e.g., head
nods) freely in meetings, we are interested in seeing whether verbal backchannels
are common. Hence, we calculated the percentage SUs that are backchannel SUs.
Figure Bl shows that the backchannel percentage is 25.22% in the Jan07 meeting
and 30.8% in the Marl8 meeting. Jurafsky et al. [11] reported a backchannel
percentage of 19% on the Switchboard corpus, and Shriberg et al. [22] obtained
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a backchannel percentage of 13% on the ICSI meeting corpus. These percent-
ages were calculated over utterances, where an utterance is a segment of speech
uttered by a single speaker that is prosodically and/or syntactically significant
within the conversational context [22]. In general, an SU may contain one or
more utterance. Since nods made for affirmation purposes in the meeting were
annotated, we include them here for comparison.

SUT Distribution and Nod
-

Count
£ 88 8 8
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o

Staterment Question Incomplete Backchannel Nods
Event Type

Fig. 3. SU type frequencies for two VACE meetings together with nodding frequency

Another important speech related feature that deserves some consideration is
the patterning of discourse markers (DMs) in our floor control events. A DM is
a word or phrase that functions as a structuring unit of spoken language. They
are often used to signal the intention to mark a boundary in discourse (e.g., to
start a new topic). Some examples of DMs include: actually, now, anyway, see,
basically, so, I mean, well, let’s see, you know, like, you see [13].

For control and challenge events, we counted the number of times that the
DMs in the above list occur. For control events with durations exceeding 2.0

Table 2. DM distribution for Control and Challenge events in two VACE meetings

Jan07 meeting
location # w/ DM |#total|# dur. (sec)|frequency (Hz)

challenge 22 57 26.79 0.82
short control 20 54 52.41 0.38
beginning 58 140 70 0.82
ending 13 140 70 0.18
middle 304 140 2155.50 0.14

Marl8 meeting
location # w/ DM |#total|# dur. (sec)|frequency (Hz)

challenge 12 42 18.65 0.64
short control 42 110 111.04 0.38
beginning 73 165 82.5 0.88
ending 13 165 82.5 0.16

middle 184 165 2092.67 0.09
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seconds, we count the number of discourse markers appearing in three locations,
i.e., the beginning (the first 0.5 seconds of the span), the end (the last 0.5 seconds
of the span), and the middle (the remainder). If a span is shorter than 2.0
seconds, we count the number of discourse markers appearing over the entire
span and dub the event a short control event. Since floor challenges tend to be
short, we also count the number of discourse markers over the entire span. Table[2]
shows the distribution of DMs for these events and locations. We calculated the
frequency of DMs, which is defined as the ratio of number of intervals with DMs
(# w/ DM) to the total duration for a location or event (# dur. (sec)). DMs
occur much more frequently in challenges (0.82 Hz in Jan07 and 0.64 Hz in
Marl8) and in floor beginnings (0.82 Hz in Jan07 and 0.88 Hz in Marl8) than
in the other event spans.

Gaze Events: Figures[ and [ report some statistics related to gaze targets of
the previous and the next floor holders during a floor transition. The possible
targets include the next holder, previous holder, the meeting manager (E in each
meeting), other participants, no person (e.g., papers, object, whiteboard). In the
Jan07 meeting, when the floor is transferred, the previous floor holder frequently
gazes to the next floor holder (in 124 out of 160 transitions, giving 77.5%). In
addition, the next floor holder frequently gazes at the previous floor holder (136
out of 160 transitions or 85%) during a floor transition. In the Mar18 meeting,
since participants often spend time reading information from papers and the
whiteboard, we find a much lower occurrence of these gaze patterns; the previous
holder gazes to the next holder 65 times out of 167 transitions (38.9%) and the
next holder gazes to the previous holder 76 times out of 167 transitions (45.5%).

In the Jan07 meeting, over all of the 160 floor transitions involving two holders
(Change and Owverlap), there were 70 mutual gaze breaks, giving a percentage

Eye Gaze of Current Floor Holder at Floor Transition

I Next Holder M Manager Others Noone

Count

Change Overlap Stop Change Overlap Stop
Jan7 March 18
Meeting and Transition Type

Fig. 4. The previous floor holder’s gaze target distribution
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Eye Gaze of Next Floor Holder at Floor Transition

[ Prior Holder B Manager  Others  Noone

Count

Change Overlap Self-Select Change Overlap Self-Select

JanT7 March 18
Meeting and Transition Type

Fig. 5. The next floor holder’s gaze target distribution

of 43.75%, which is similar to the 42% reported by Novick [I7]. However, in
the Mar18 meeting, over all 167 floor exchanges involving two holders (Change
and QOwverlap), there were only 14 mutual gaze breaks. This suggests that in
meetings that involve significant interactions with papers and other types of
visual displays, there is likely to be a lower percentage of mutual gaze breaks.

All participants do not play equal roles in the meetings we analyzed; there
was a meeting manager assigned for each meeting. The participants labeled E in
both the Jan07 and Marl8 meetings are meeting managers who are responsible
for organizing the meeting. Clearly, E in Jan07 plays an active role in keeping the
meeting on track; this can be observed by simply viewing the meeting video but
also from the basic floor statistics. E in the Jan07 meetings speaks the greatest
number of words and backchannels the most. However, E in the Marl8 meeting
plays a more “nominal” meeting manager role. From the basic statistics of the
meeting, we observe that C speaks more words than E, and G has the most
backchannels. Given the special role played by an active meeting manager, we
analyzed whether the meeting manager affects floor change even when he/she is
not a previous or next floor holder. In the Jan07 meeting, there were 53 cases
that E is not either the previous or next floor holder in floor exchange (only
Change and Owerlap). In these 53 cases, E gazes at the next floor holder 21
times. However, sometimes the manager gazes to the next holder together with
other participants. If we rule out such cases, E gazes to the next floor holder
11 times (20.75%). This suggests that an active meeting manager’s gaze target
plays some role in predicting the next floor holders. In the Mar18 meeting, there
are 100 cases that E is not a floor holder. For these 100 cases, E gazes to the
next floor holder only 6 times. In fact, it is the case that E gazes largely at his
papers or the whiteboard.
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Gesture Events: Gesture has been found to help coordinate floor control.
During a floor transitions, the previous floor holder may point to a meeting
participant to assign the floor. When a person desires to gain control of the
floor, he/she may use hand movements, such as lifting their hand or some object
(e.g., pen) in accompaniment with speech in order to attract attention to gain the
floor. Here we consider whether gestural cues could be helpful for an automatic
floor control detection system. We calculated the number of occurrences of floor
giving (fg) gestures used by the previous floor holder and the floor capturing
(fc) gestures used by the next floor holder during floor transitions in the two
meetings. As can be seen in Figure [G] there are many more floor capturing
gestures in these two VACE meetings than floor giving gestures. Therefore, in
an automatic floor control prediction system, concurrent floor capturing gestures
should provide useful cues from the gesture domain.

Distribution of Floor Yielding and Grabbing Gestures Given
Meeting and Transition Type
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Fig. 6. Gestures for grabbing and yielding the floor

3 Conclusions

The floor control structure of a meeting provides important information for un-
derstanding that meeting. We presented a floor control annotation specification
and applied it to two different meetings from the VACE meeting corpus. From an
analysis of these markups, we have identified some multimodal cues that should
be helpful for predicting floor control events. Discourse markers are found to
occur frequently at the beginning of a floor. During floor transitions, the previ-
ous holder often gazes at the next floor holder and vice verse. The well-known
mutual gaze break pattern in dyadic conversations is also found in the Jan07



48 L. Chen et al.

meeting. A special participant, an active meeting manager, is found to play a
role in floor transitions. Gesture cues are also found to play a role, especially
with respect to floor capturing gestures. Comparing the Jan07 and Mar18 meet-
ings, we find that implements (e.g., papers and white boards) in the meeting
room environment impact participant behavior. It is important to understand
the factors that impact the presence of various cues based on the analysis of a
greater variety of meetings.

In future work, we will refine our floor control annotation specification and
continue to annotate more meetings in the VACE collection, as well as in other
meeting resources. Using knowledge obtained from these measurement studies,
we will build an automatic floor control prediction system using multimodal
cues.
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Abstract. Temporal as well as semantic constraints on fusion are at the heart of
multimodal system processing. The goal of the present work is to develop user-
adaptive temporal thresholds with improved performance characteristics over
state-of-the-art fixed ones, which can be accomplished by leveraging both
empirical user modeling and machine learning techniques to handle the large
individual differences in users’ multimodal integration patterns. Using simple
Naive Bayes learning methods and a leave-one-out training strategy, our model
correctly predicted 88% of users’ mixed speech and pen signal input as either
unimodal or multimodal, and 91% of their multimodal input as either sequen-
tially or simultaneously integrated. In addition to predicting a user’s multimodal
pattern in advance of receiving input, predictive accuracies also were evaluated
after the first signal’s end-point detection—the earliest time when a speech/pen
multimodal system makes a decision regarding fusion. This system-centered
metric yielded accuracies of 90% and 92%, respectively, for classification of
unimodal/multimodal and sequential/simultaneous input patterns. In addition,
empirical modeling revealed a .92 correlation between users’ multimodal inte-
gration pattern and their likelihood of interacting multimodally, which may
have accounted for the superior learning obtained with training over heteroge-
neous user data rather than data partitioned by user subtype. Finally, in large
part due to guidance from user-modeling, the techniques reported here required
as little as 15 samples to predict a “surprise” user’s input patterns.

1 Introduction

Techniques for temporal information fusion are at the heart of designing a new gen-
eration of multimodal systems. Current state-of-the-art multimodal systems use fixed
temporal thresholds based on previous modeling of users’ natural modality integra-
tion patterns [1,2]. However, newer studies [3,4,5] show that there are significant
individual differences among users in their multimodal integration patterns, and that
adaptive temporal thresholds for multimodal systems could achieve substantial
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improvements in processing speed, accuracy and overall performance [6,7]. Moti-
vated by these newer results, our recent work addresses the development of user-
adaptive temporal thresholds for future multimodal systems. The present paper
explores combining empirical user modeling and machine learning techniques to
quickly learn a user’s multimodal integration patterns, and to adapt a multimodal
system’s temporal thresholds to that user.

1.1 Related Work on Individual Differences in Multimodal Integration Patterns

A series of studies conducted with users across the lifespan has indicated that individ-
ual child, adult, and elderly users all adopt either a predominantly simultaneous or
sequential integration pattern during production of speech and pen multimodal con-
structions [3,4,5,7]. It can be summarized that: 1) previous lifespan data on speech
and pen input from over 100 users shows that they are classifiable as either simulta-
neous or sequential multimodal integrators (70% simultaneous, 30% sequential); 2) a
user’s dominant simultaneous or sequential integration pattern can be identified al-
most immediately; and 3) their integration pattern remains highly consistent through-
out an given interaction (88-97% consistent) and over time. 4) Based on previous
data, it’s clear that users’ dominant multimodal integration pattern is strikingly con-
sistent and resistant to change. In addition, behavioral and linguistic differences in the
interaction styles of these two groups suggest underlying enduring differences in
cognitive style [7].

Based on previous research, Table 1 summarizes the multimodal input ratio of ten
adults while interacting with a map-based multimodal system [5,7,8]. Participants
interacted multimodally on 62% of the tasks and unimodally on 38%, and there were
large individual differences in the ratio of multimodal interaction ranging from 22%
to 92%. Given hand annotated data, previous research has indicated that a human rater
could predict both a user’s dominant multimodal integration pattern (i.e., simultane-
ous/sequential) and their likelihood of interacting multimodally (i.e., versus unimo-
dally) with 100% accuracy after only 15 commands [8]. All of these findings indicate

Table 1. Average percentage of unimodal vs. multimodal interactions, and sequential vs. simul-
taneous integration patterns for different user’s multimodal interactions ([8])

Subject Multimodal Unimodal SIM SEQ

1 69% 31% 87% 13%
2 92% 8% 100% 0%
3 62% 38% 90% 10%
4 62% 38% 97% 3%
5 84% 16% 99% 1%
6 89% 11% 98% 2%
7 22% 78% 5% 95%
8 69% 31% 72% 28%
9 41% 59% 97% 3%
10 28% 72% 0% 100%

Consistency 73.6% 93.5%
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that users’ multimodal interaction and integration patterns are fertile content for in-
corporating machine-learning techniques. Future multimodal systems that can detect
and adapt to a user’s dominant multimodal integration patterns could yield substan-
tial improvements in multimodal system robustness and overall performance.

1.2 Related Work Applying Machine Learning to Multimodal Data

In order to build adaptive temporal thresholds, a multimodal system has to be able to
learn and adapt to each user’s input patterns. However, the general study of adaptive
information fusion for multimodal systems is still in its infancy [5]. Apart from stan-
dard stream-weighting techniques for optimizing multimodal signal recognition, more
recent work has begun investigating and developing new machine learning techniques
in areas like adaptive information fusion for audio-visual speech processing, user
authentication, and activity classification [9, 10, 11, 12]. Typically, such research uses
graphical models (Hidden Markov Models or Bayesian Belief Networks and their
extensions) to build models of the relation between different modalities.

For example, Bengio [9, 12] proposed an asynchronous Hidden Markov Model for
audio-visual speech recognition and user authentication. This work takes advantage of
the inherently close “temporal coupling” of speech and lip movements as modalities,
and it requires a large amount of high-quality video and acoustic training data. For
example, after training conducted with 185 recordings from 37 subjects, performance
with the AHMM exceeded that of an HMM (i.e., yielding 88.6% correct for 9 digits at
10 dB signal-to-noise ratio). In the case of data on users’ speech and pen input, these
modes are not as closely aligned temporally, and sometimes do not occur in combina-
tion at all. As such, this is a more challenging problem than processing closely-
coupled multimodal data. One major under-acknowledged prerequisite for processing
multimodal speech and pen input is accurate clustering of users’ speech and pen
signals into multimodal versus unimodal constructions before fusion and semantic
interpretation take place, which is one goal of the present research.

In other work by Oliver, layered HMMs [10] have been used to infer 6 distinct
human activities in an office environment from users’ audio-visual activities and
mouse input after 1 hour of training. With respect to data requirements, Oliver’s
methods were more efficient than most others outlined in the literature (i.e., 10 mins.
of training for each of 6 activities). High accuracy also was reported for activity clas-
sification (over 99%), although generalization across variations in office conditions
(e.g., changes in lighting) is known to be a limitation with this type of approach.

In work conducted by Lester, et. al [11], static classifier and HMM models were
combined to predict users’ physical activities with a wide variety of multimodal sen-
sors (e.g., auditory activity, acceleration) while people were mobile. After training on
4 hours of data at a frequency of 4 Hz, mobile users’ activities could be identified
with 85% accuracy. In summary, most previous learning models have required rela-
tively large amounts of training data. In contrast, one goal of our current work is to
develop accurate learning models for predicting users’ multimodal interaction patterns
after minimal training samples (i.e., as few as 15 samples total, learned over 1-3
mins.), such that they can be deployed easily during real-time multimodal processing.

In earlier work on the development of adaptive multimodal processing techniques
for handling users’ integration patterns, Gupta developed adaptive temporal
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thresholds for fusion based on BBNs, which was implemented within a speech/pen
multimodal system. In this work, he reported a 40% performance improvement after
training on 495 samples, compared with systems that use fixed temporal thresholds
[6]. Apart from empirical user modeling in this area (cited in section 1.1), in past
work we also have implemented simple Bayesian Belief Network models with dis-
crete variables, which achieved prediction accuracies of 85% in classifying users’
multimodal integration patterns after only 15 training samples [8].

1.3 Why Combine Empirical User Modeling and Machine Learning
Techniques?

It is well known that in many cases machine-learning techniques [13,14] (e.g.,
HMMs, Neural Networks) can be computationally intractable unless one has prior
knowledge to bootstrap machine-learning models, which is one of our motivations for
combining empirical user modeling and machine learning techniques. In addition,
other advantages of using empirical modeling to guide machine learning applications
include that it can indicate: 1) what content is most fertile for applying learning tech-
niques; 2) what gains can be expected if learning techniques are applied; and 3) when
different learning techniques should be applied to handle different subgroups of users
adequately. Instead of selecting information sources through trial and error, user mod-
eling also can 4) guide the selection of information sources; 5) indicate how to apply
learning techniques so they are transparent and avoid destabilizing users’ perform-
ance; and 6) reveal how many training samples are needed to train a learning model to
achieve a given level of performance. If a model requires too many training samples,
it may be inappropriate for real-time learning and/or may not be fertile territory for
applying machine learning techniques to certain real-world problems.

1.4 Specific Goals of This Research

In this paper, we combine user modeling and machine learning techniques in an effort
to predict users’ multimodal integration patterns. Our goals include: (1) conducting
further empirical work to discover what type of information may best predict users’
multimodal input patterns, which then could be leveraged as prior knowledge to boot-
strap machine learning, and (2) determining the best training strategy for improving
the predictive accuracy and speed of learning users’ multimodal input patterns. With
respect to the second goal, we investigated a) the impact of training sample size to
discover the optimal amount of training data, b) training over each user’s data, data
partitioned by user types, and training over all (heterogeneous) user data together, and
c) the efficiency of the leave-one-out train-test technique with the present multimodal
data, which also can evaluate how well a multimodal system can adapt to a new “sur-
prise” user’s input patterns.

Finally, we wanted to develop and test a predictive model that could be used dur-
ing real-time multimodal system’s decision-making regarding whether to fuse input
signals before attempting lexical interpretation. Rather than predicting the type of user
input completely in advance of receiving it, we evaluated the model’s predictive
power after end-point detection of a first signal, which is the earliest time at which a
speech/pen multimodal system would attempt signal fusion and interpretation.
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2 Empirical Study on Users’ Multimodal Interaction Patterns

2.1 Study Overview

Data used in this research were collected from 10 volunteer users while interacting
spontaneously with a multimodal map-based system. During practice, participants
completed 5 tasks using speech only, 5 using pen only, and 5 using both speech and
pen. After training, participants were told they could interact with the system any way
they wished for the remainder of the session, using speech input, pen input, or multi-
modal input. To ensure there was no effect of recognition-based system errors on the
users’ interaction choices, a high-fidelity Wizard-of-Oz system was employed with
errors generated at a fixed rate of 20% for all conditions. For further details, see [5].

Input from participants was coded as either unimodally or multimodally delivered.
If unimodal, input was scored as either involving speech input or pen input. When
multimodal, the integration pattern was coded as either simultaneous (i.e., speech and
pen input at least partially overlapped in time), or a sequential one (i.e., one input
mode delivered before the other, with a lag between modes). Each participant also
was classified as having a dominant unimodal/multimodal and simultane-
ous/sequential pattern if 60% or more of their input could be classified as that type.
An independent second scorer carefully double-checked all of the real-time unimodal
and multimodal judgments and multimodal integration patterns to verify their
accuracy.

2.2 Results: Correlated Multimodal Integration Patterns

Participants’ ratio of simultaneous versus sequential multimodal integrations was
strongly correlated to their ratio of multimodal versus unimodal interactions,
p=0.92. In fact, 85% of the variance in a participant’s likelihood of generating a
multimodal versus unimodal construction could be accounted for just by know

90%
80%
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60%
50%
40%
30% g
20% 2 ‘ : . ; |

0% 20% 40% 60% 80%  100%

Ratio of Multimodal Interactions

Ratio of Simultaneous Integrations

Fig. 1. Linear regression between participants’ ratio of simultaneous to sequential multimodal
integrations, and their overall likelihood of interacting multimodally
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ing their ratio of simultaneous to sequential multimodal integrations during multi-
modal interactions, which was significant, F=38.3 (df=1,7) p<.00005, two-tailed.
Figure 1 shows the best fitting linear regression, with the ratio of multimodal interac-
tions increasing in relation to a participant's ratio of simultaneous integrations.

2.3 Discussion

This correlation between participants’ ratio of simultaneous to sequential integrations
and their likelihood of interacting multimodally is very substantial. Given that users’
multimodal integration patterns were highly consistent, this finding provides powerful
predictive leverage on correctly classifying a user’s subsequent signal patterns. In
fact, knowing a user’s dominant integration pattern can account for 85% of all the
variance in their likelihood of interacting multimodally during subsequent input. In
future work, it remains an open question how best to leverage this strong correlation
to bootstrap optimal predictive power, although two possibilities are (1) incorporation
of more relevant information source into new models, and (2) pursuit of heterogene-
ous training during machine learning which, given adequate modeling, would be a
prerequisite for detecting the regularities between these correlated signal patterns.

3 Machine Learning Approaches for Input Pattern Prediction

In this section, we first provide an introduction to Bayesian Belief Networks and its
simplified version, Naive Bayes. We then compare and present the results of three
different training strategies. The general goal was to investigate how best to combine
user modeling and machine learning techniques to build a new generation of adaptive
multimodal interfaces. More specifically, our results provide guidance for developing
user-adaptive temporal thresholds for fusion in future multimodal systems.

3.1 Introduction to Bayesian Belief Network and Naive Bayes

A Bayesian Belief Network (BBN) [15] is a graphical model that encodes probabilis-
tic relations among discrete related variables. A BBN model can infer causal relations
and handle situations where some data are limited or missing. Furthermore, it also is
an ideal representation for combining prior knowledge and new training samples.

Naive Bayes models, a simplified version of BBN, are simple to implement and ef-
ficient to train and use, typically producing reasonable predictions compared with
more complex learning-based models. However, by assuming that variables are inde-
pendent and equally important, they also can cause skewed results, especially if many
of the variables are interrelated. Because of the ease of implementing Naive Bayes,
we chose this model as a starting point for the present exploratory work even though
the multimodal information sources we are modeling are known to be interrelated.

We used the Matlab toolkit [16] to implement a Naive Bayes model (Figure 2) for
this study. The model represents the joint probability distribution of seven variables
(four input, three output): 1) Type of current signal: an input variable that represents
the type of the modality represented in the current signal (speech, pen, or nei-
ther/silence); 2) Duration of current signal: an input variable that has two values, 1 if
the duration is longer than the average duration, and O if less; 3) Last multimodal
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integration pattern: an input variable value of the last multimodal integration pattern
(simultaneous, sequential or neither if a unimodal interaction); 4) Last command type:
an input variable of the last interaction’s unimodal/multimodal value; 5) Type of next
signal: an output variable that represents what the new next signal is (i.e., if the inter-
action is unimodal, the next signal would be silence); 6) Command type: an output
variable that represents whether the interaction is unimodal or multimodal; 7) Multi-
modal integration pattern: an output variable that represents the predicted temporal
relationship between the current signal and next signal.

We selected these variables during initial modeling for three reasons. First, they are
available and fully annotated in the dataset. Second, they are either discrete or can be
rendered as discrete variables, which is compatible with constraints entailed in build-
ing discrete BBN models. Third, they represent basic signal and command-level in-
formation sources, which are good candidates for initially attempting to predict users’
command type and integration pattern.

Naive Bayes Model
For Multimodal Integration Pattern Adaptation

Type of Duration o
Current Current
Signal Signal

Multimodal Type of Next Command
Integration Pattern Signal Type
L.ast Last
Multlqual Command
Integration Type
atter

Ellipse: learning model input
Rectangle: learning model output

Fig. 2. Machine Learning Model (Naive Bayes)

3.2 Tests of Machine Learning Approaches

As mentioned earlier, one goal of this work was to investigate means for combining
user modeling with machine learning techniques to improve the speed, accuracy and
generalizability of predicting users’ command type and integration pattern. Towards
that end, we investigated different training strategies to determine the best learning
models and strategies for predicting users’ signal input.

For the first test, we used different size training sets, increasing the number of
training samples from 5 to 10, 15, 30, and 45, with the goal of determining how few
samples are enough to train a user-adaptive learning model that can adequately
predict users’ multimodal input patterns. Determining the optimal training sample size
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is important in order to know if a given domain is a candidate for online learning and
also to avoid overtraining. If a learning model needs too many training samples, then
real-time online learning could become intractable.

The second test was to partition train/test sets according to the two main types of
user interaction pattern (i.e. unimodal or multimodal), and to determine whether these
input patterns which represent different user groups may benefit from applying differ-
ent learning techniques. As a result, a Naive Bayes model was built for each user
subset. The goal was to examine whether partitioning based on prior user-modeling
knowledge could bootstrap the accuracy of prediction yielded by machine-learning.

The third test involved applying the leave-one-out technique, which is a typical
strategy for organizing training and test subsets of data during evaluation of machine
learning methods. We divided the entire dataset into two subsets: a set including the
data from one subject (A) and another set containing data from the rest of the subjects
(B). Set B was defined as the training set, while set A was the test set. Training and
test data were recomputed 10 times for each of the 10 subjects in this manner, and
then averaged. Unlike the partitioning during test 2, this average predictive accuracy
represented training across the full heterogeneous group of all diverse users. To the
extent the model shown in Figure 2 incorporates information sources involved in the
correlated signal patterns reported in section 2 (i.e., between users’ multimodal inte-
gration pattern and their likelihood of interacting multimodally), then predictive accu-
racy would be expected to improve with training over the more heterogeneous data
involved in this third test, in comparison with user-partitioned training in test 2.

3.3 System-Centered Evaluation Metric of Machine Learning

In addition to predicting a given user’s multimodal signal pattern in advance of re-
ceiving a construction, which was the learning metric compared during the first three
tests, predictive accuracies also were evaluated during a fourth test after the first sig-
nal’s end-point detection— which is the earliest time when a speech/pen multimodal
system needs to make a decision regarding fusion. This system-centered metric was
developed because we also need learning models that are capable of real-time predic-
tion and decision-making about whether to complete lexical interpretation of an in-
coming signal after detecting its’ end-point— or to wait and fuse the signal with a later
arriving one before interpreting their joint meaning. Therefore, in this test we as-
sumed that the model knows the end-point of the user’s first signal. If the input pat-
tern is multimodal and simultaneous, then readiness for lexical processing is clear and
there is no need for prediction. Otherwise, the system needs to decide whether the
present signal is unimodal, or multimodal but a part of sequentially-integrated con-
struction. Instead of using a fixed temporal threshold which requires waiting 2-4
seconds before resolving this ambiguity, a system with a user-adaptive temporal
threshold can weight the likelihood that an upcoming construction is unimodal or
multimodal based on previous history. With this system-centered processing view-
point in mind, a fourth machine learning test was conducted based on a new model.
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4 Machine Learning Results

4.1 Increasing the Number of Training Samples

In this experiment, we built a Naive Bayes model for each subject. The number of
training samples varied from 5 to 10, 15, 30 and 45. The number of testing sample
was fixed in all cases at 38. As shown in Figure 3, the average prediction accuracies
for unimodal/multimodal and simultaneous/sequential for 5 and 10 samples were
relatively low (5 samples: 64% and 58%; 10 samples: 74% and 68%). In contrast,
using 15 samples, the performance improved substantially (79% and 81%). Further
increasing the number of training samples provided minimal improvement beyond
this (30 samples: 78% and 79%; 45 samples: 85% and 82%). These results are consis-
tent with previous empirical results [7], in which using the first 15 samples for each
user was sufficient to provide optimal classification of users’ dominant input patterns.

Prediction Accuracy with Different Sizes of
Training Sets
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Fig. 3. Prediction accuracies of unimodal/multimodal and simultaneous/sequential patterns,
with training sample sizes varying from 5, 10, 15, 30 to 45, respectively

4.2 Partitioning Training into Unimodal/Multimodal User Subsets

In this experiment, we partitioned the dataset into two user subsets. Set 1 includes all
habitually unimodal subjects. Set 2 includes the multimodal subjects. We built a Na-
ive Bayes model for each subset, and compared the results with a model built for each
individual subject. For Set 1, there are 45 training samples (i.e., 15 training samples
from each of 3 unimodal subjects) and 214 test samples (i.e., 68 from each of 3 sub-
jects). For Set 2, there are 105 training samples and 476 test samples (i.e., based on 7
subjects total). We also conducted a “Baseline” experiment by building a learning
model for each individual subject (15 training samples and 68 test samples), yielding
10 total. The average prediction accuracies for unimodal/multimodal and simultane-
ous/sequential were 79.4% and 81.3%, respectively, for the baseline model. With the
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data partitioned by user subtype, the average prediction accuracies were 83.5% and
77.9%, respectively, which was similar to accuracy of the baseline model.

4.3 Leave-One-Out Test Method

In this experiment, we used the last 68 samples from a given user as the test set and
the first 15 samples from the other users (135 total samples) as the training set, and
then repeated the procedure 10 times, once for each subject. Using this training strat-
egy, 88% of users’ natural mixed input could be correctly classified as either unimo-
dal or multimodal, and 91% of users’ multimodal input could be correctly classified
as either sequentially or simultaneously integrated, as shown in Figure 4. These high
predictive accuracies exceeded the results achieved after partitioning training by user
subtypes. This performance level may have derived in part from training across het-
erogeneous user data, which permitted learning of the strong correlation between
multimodal information sources outlined in section 2.

Prediction Accuracy of
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Fig. 4. Prediction accuracy for classifying unimodal/multimodal and simultaneous/sequential
patterns based on the leave-one-out training strategy

4.4 Learning Methods Applied to System-Centered Fusion Process

The “Type of Current Signal” variable used in the previous model had three possible
values: speech, pen and silence. In this experiment, we assumed the model is applied
after the end-point of the first signal, and that the “Type of Current Signal” variable
has one more value—“Both signals” (i.e., co-occurring). For this evaluation, we built
a learning model for each subject. The first 15 samples were used for training, and
the remaining 68 samples for testing. Using this model, 90% of users’ natural mixed
input could be correctly classified as either unimodal or multimodal, and 92% of their
multimodal input was correctly classified as either sequentially or simultaneously
integrated, as shown in Figure 5. These high accuracies indicate that real-time sys-
tems could be very effectively guided by user-adaptive predictions during the actual
process of fusion and lexical interpretation.
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Fig. 5. Prediction accuracy for classifying unimodal/multimodal and simultaneous/sequential
patterns based on end-point detection

5 Discussion and Future Work

In this paper, we combined user modeling with machine learning approaches to lever-
age better prediction of users’ multimodal integration patterns. Motivated by previous
empirical results, we investigated three different training strategies and two separate
metrics of machine learning performance. Using just 15 training samples for each
subject, the Naive Bayes learning model achieved 79% prediction accuracy for uni-
modal/multimodal classification of users’ input, and 81% accuracy for users’ simulta-
neous versus sequential multimodal constructions. Increasing the number of training
samples beyond this did not further enhance prediction accuracy. This result is consis-
tent with past empirical studies, in which users’ dominant patterns could be classified
by humans with 100% accuracy after 15 samples, based on hand annotations. Sec-
ondly, we divided the training data into two user subgroups based on each subject’s
dominant multimodal interaction pattern (unimodal vs. multimodal). However, pre-
dictive accuracies based on partitioned data did not exceed rates achieved by training
on more heterogeneous combined data during the leave-one-out test. In the third
leave-one-out test, the machine learning model correctly classified 88% of users’
natural mixed input as either unimodal or multimodal, and 91% of users’ multimodal
input as either sequentially or simultaneously integrated. These high predictive accu-
racies may have been due in part to the fact that this model was trained on hetero
geneous user patterns, which would have enabled learning of the high correlation
between information sources that was summarized on section 2. Finally, system-
centered modeling that involved prediction after end-point detection of the first signal
revealed accuracies for classifying unimodal/multimodal input of 90%, with classifi-
cation of simultaneous/sequential multimodal integrations at 92%. These high accu-
racy rates based on a simple Naive Bayes approach create a promising basis for de-
veloping a new generation of multimodal systems with adaptive temporal thresholds.
The long-term goal of this research is automatic learning and real-time system ad-
aptation to users’ multimodal integration patterns, as well as the development of new
strategies for combining empirical user modeling with machine learning techniques to
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bootstrap the accelerated, generalized, & improved reliability of information fusion in
new types of multimodal systems— including ones involving different modalities and
applications. Based on this work, it is clear that empirical user modeling can guide
machine learning techniques by uncovering fertile applications and valuable informa-
tion sources. It also can provide insights into why machine learning succeeds when it
does, which will be valuable for generalizing machine learning techniques success-
fully. Future work will need to explore the performance of more sophisticated learn-
ing models, such as asynchronous HMM models [12] and Markov Logical Networks
[17] at handling this type of multimodal integration data. In addition, future work
should develop learning models based on more precise continuous temporal informa-
tion, so that users’ average signal overlap or lag can be predicted more precisely.
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Abstract. Multi-modal recordings of meetings provide the basis for
meeting browsing and for remote meetings. However it is often not useful
to store or transmit all visual channels. In this work we show how a vir-
tual meeting director selects one of seven possible video modes. We then
present several audio, visual, and lexical features for a virtual director.
In an experimental section we evaluate the features, their influence on
the camera selection, and the properties of the generated video stream.
The chosen features all allow a real- or near real-time processing and can
therefore not only be applied to offline browsing, but also for a remote
meeting assistant.

1 Introduction

Projects like Augmented Multi-Party Interaction (AMI) [2,[3], Computers in the
Human Interaction Loop (CHIL) [8], or the ICSI meeting project [4] investigate
how computers and machine learning techniques can be used to make meet-
ings, lectures, and conferences more efficient, and how to automatically record,
transcribe, analyse, and summarise them. One goal of the AMI project is the
development of a meeting browser [10] that allows to recapitulate a meeting from
its audio-visual recordings and automatically generated transcripts. Furthermore
in an international world and with the required technology (like web-cams) now
cheaply available, remote meetings are of emerging importance. These meet-
ings allow people to connect audio-visual from their own office to other meeting
rooms or participants. This allows regular meetings, while saving travel costs
and especially the time of the meeting participants.

Both a meeting browser and remote meetings require to select one video
stream, that is shown either to the user of the meeting browser, or to a re-
mote participant. We can of course always show a merged visual stream with
all meeting participants. Yet this is not desirable, because watching all persons
at the same time is not convenient. Furthermore with an increasing number of
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Project AMI (Augmented Multi-party Interaction, FP6-506811).
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participants all subtle details get lost, but they can contain important informa-
tion, like disagreement [2]. Thus for both a meeting browser and remote meeting
transmissions, a selection which camera should be shown is required.

One could possibly argue, that the task of a virtual director is in fact a
speaker diarisation task: simply always select the camera that shows the current
speaker. However, imagine a person presenting a novel idea in a meeting with
the project board. The presentation lasts for about five minutes. If the virtual
director follows a speaker diarisation rule, it will show the presenter all the
time. Unfortunately this way the system has lost the most important aspect of
the idea: during the presentation the project leader has continuously shook his
head, indicating he is not very satisfied. This important moment is lost if only
the acoustic channel is considered. Meetings are truly multi-modal in nature [I],
important information can be in a camera view that doesn’t correspondent to
the current speaker. This concept is followed by directors of TV talk-shows:
They often show persons not currently talking. They wait for their reactions like
gestures, or facial expressions. A virtual director has to take care of this as well.
Thus selecting a camera is not a speaker diarisation, but a multi-modal task.

In this work we investigate different audio, visual, and lexical features for
a virtual director. We introduce seven video modes and explain how they can
be derived from the recordings in the smart meeting room. We’ll discuss their
advantages and when they are best shown in the meeting. We will then show
how simple, yet very useful features for meeting analysis can be derived. While
simple, they can be derived in real-time, which is important for online analysis.
They are not only useful for a virtual director, but also for other kinds of meeting
analysis (points of interest, individual and group actions). We will give measures
how good the features are, and what the individual strengths, or weaknesses are.

2 Meeting Data

The meeting data for this work has been collected in the AMI and the M4
project [3]. The AMI project uses three different meeting rooms. In this work we
concentrate only on the meetings recorded in the IDIAP smart meeting room.
The room is equipped with various recording devices (as described below), a
table, a whiteboard, and a projector with screen. A schematic of this room
and three sample camera outputs are shown in Fig. Pl Each meeting has four
participants (P1 - P4).

Close-talking audio is recorded with an omni-directional lapel and a headset
condenser microphones for each participant (in Fig. [2 the microphones are in-
dicated by black dots). Far-field recordings are performed with two microphone
arrays: Al is placed on the table in the middle of the participants and consists of
eight miniature omni-directional electret microphones. The second array A2 with
four microphones is mounted on the ceiling. Furthermore the room is equipped
with a binaural manikin (BM) for two further recordings.

Video is recorded with seven cameras: four cameras record closeup views
(1-4) of the meeting participants. Two cameras record a left (L), resp. right (R)
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Fig. 1. Schematic of the AMI IDIAP smart meeting room (not drawn to scale)

view of the room; each showing two participants and the table in front of them.
The last camera (C) captures a total of the room with all four participants, the
table, as well as the whiteboard, and the projector screen.

The content of the projection board is recorded with time-stamps as a series
of static images. Furthermore the whiteboard is captured as x-y-coordinates of
the pen and individual notes with Logitech I/O digital pens.

All recordings in the room are time-synchronised with a central timecode. In
this work we use the the lapel and headset microphones and all visual recordings
from 41 videos with different lengths.

3 Video Modes

The task of a virtual meeting director is to select for each frame one camera or
one view from the available cameras. In the case of a remote meeting, this view
is then transmitted, for later browsing the selected view is stored. Based on the
available seven cameras in the meeting room and the possible user requirement
we defined seven different video modes. They are shown in Fig. Bl and shall be
described shortly:

Mode 1 (P1-P4): Shows the closeup camera of one of the persons P1 - P4.
This is the main mode when a person is talking or shows facial expressions.

Mode 2: Shows the left-camera view and thus the persons P1 and P3. This
mode is ideal for a discussion between the two, or as a diversification if P1
or P3 talks (a stylistic device that human directors often use in talk shows).
It can also be used if P1 or P3 talks, and the other one reacts in some way
— e.g. a shaking of the head.
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Fig. 2. Available video modes for the virtual director: from left to right 1, 2, 4, 5, 6,
and 7. Mode 3 is omitted, as it is analogues to mode 2, but uses the right camera.

Mode 3: Shows the right-camera and thus the persons P2 and P4, it corre-
sponds to mode 2 and has the same properties.

Mode 4: Shows a total of the room from the central camera. This total involves
the whiteboard, the projection board, and all four participants. It is ideal if
somebody gives a presentation, or to show group interactions. However the
individual persons are rather small in this mode. Furthermore the persons
are shown from the side, thus details get lost.

Mode 5: This mode inserts a still image (slides, pictures, etc.) into the video.
It is ideal to show up the presentation slides when they are changed.

Mode 6: Shows both the output of the left and the right camera. They are
slightly cut on top and the bottom, scaled down, and then merged on top
of each other. This mode shows all participants in a frontal view and is
therefore good for group discussions, note-taking, or group interactions. The
individual persons are larger and better shown as in mode 4, but due to the
adding up of two views smaller than in mode 1, 2, and 3. Thus individual
reactions are less impressive. Furthermore the cutting contains the risk of
cutting out heads or hands.

Mode 7 (P1-P4, P1-P4): Shows the closeup camera of one of the persons P1
- P4. A further closeup of another person is merged into the corner. This
view can be used to show reactions of one participant, while another person
is talking. However if the persons are sitting next to each other, mode 2 or
3 are preferred, as mode 7 is rather unnatural.

The presented modes are of course adapted to the conditions of the smart
meeting room. However similar modes showing the same sets of group, or in-
dividual dynamics can easily be derived for other meeting room settings. The
presented features in this work are not limited to the here presented modes and
can in principle be adapted to different requirements or other meeting rooms.

4 Features

4.1 Visual Features

As a first visual feature we use global motions (GM). They have been successfully
applied to various meeting tasks [13, [9] and can be calculated in real-time. We
first split the smart meeting room into six locations L. Each of the four closeup
cameras represents one location. From the centre view camera we extract the
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projection board and the whiteboard location. Then a difference image sequence
IE(z,y) is calculated for each of these six locations by subtracting the pixel
values of two subsequent frames from the video stream. Then the seven global
motion features are derived from the image sequence, again for each location.
The centre of motion is calculated for the x- and y-direction according to:
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The changes in motion are used to express the dynamics of movements:

AmE(t) =mE(t) —mE(t—1) and Amé(t) = mi(t) - mi(t -1). (2

Furthermore the mean absolute deviation of the pixels relative to the centre of
motion is computed:
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Finally the intensity of motion is calculated from the average absolute value of
the motion distribution:
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These seven features are concatenated for each time step in the location depen-
dent motion vector

it (t) =

(4)

xh(t) = ﬁ,mﬁ,Amﬁ,Amé,oﬁoj,iﬂ? (5)
With this motion vector the high dimensional video stream is reduced to a
seven dimensional vector, but it preserves the major characteristics of the cur-
rently observed motion. Concatenating the motion vectors from each of the
six positions x”(t) leads to the final motion vector xyv (t) = [, x¢2 2%,
x% "W xP)T, that describes the overall motion in the meeting room with 42
features.

4.2 Head and Hand Blobs

While the global motion features of the six locations in the meeting room provide
a fast and simple access to the location dependent activity, they only reflect the
participants’ motions in a very compressed, summarised way. A better way to
access the individual participants activities are hand and head movements. In [5]



68 M. Al-Hames et al.

it was shown how hand and head skin blobs can be used to detect the activity of
individual meeting participants. We therefore add skin blobs as a visual feature.

In this work we extract the head and hand skin blobs with a simple - yet in the
context of recorded meetings successful - skin colour look up table approach[TT].
First the RGB-images are transformed into the rg-space

R G B

R+G+B T R+G+B’ R+G+ B’ (6)

r
which is less crucial to light changes. Each image pixel is then compared to a
16 bit rg-look up table. This table has been learned from 5.7 Million skin colour
pixels from different non-meeting images. The comparison with the skin colour
table results in a binary image, where each possible skin pixel is marked. Then
a 5xb dilation filter [6] is applied to the binary image. This filtering leads to
an extension of skin pixel areas. Especially gaps in large skin pixel areas are
filled with this filter. The found skin pixel areas are then analysed for their
shape and for the relation of their eigenvalues. Only blobs that are large enough
for a face, resp. hands, are selected; these selected areas are further narrowed
down by the relation between the blob edges. Furthermore we apply context
knowledge about the usual position of heads and hands of meeting participants.
This already leads to a quite stable finding of heads and hands in the meeting
videos. Then subsequent images are averaged by a recursive approach, that is
applied individually to all hand and head blobs in the meeting videos:

1 1
m(t) =1 Tm(t 1)+ T:E(t), (7)
where x(t) is the current measured value, m(¢) is the resulting averages vector for
the blob position, m(t — 1) the position in the last image, and T" a constant that
determines the relation between previous frames and the current measurement.
This approach is simple, yet fast and for the target application reliable enough.
Of course it would be better to apply a face and hand tracking. Once these
systems are available in the AMI project we will exchange this module with
advanced tracking methods for meeting scenarios, as e.g. compared in [7]. This
however only improves the accuracy of the coordinates, the principles suggested
in this work and the influence of this feature to virtual editing will not be influ-
enced.

4.3 Acoustic Features

Beside the visual features we derive a range of simple acoustic meeting features.
In this work we use the information from each of the four participants lapel
microphones. At first we use a frame energy derived directly from the audio
stream from each microphone. While simple, this approach is very fast and gives
at least a cue for a speaker activity detection.

As second acoustic feature we perform a short time fast Fourier transform of
the microphone channels. We then filter this short time spectrum with a band-
path filter to extract only regions relevant for speech. The filtered values are then
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summed up, resulting in a “frequency frame energy” that highlights the spoken
aspects in the microphone channels. Again, this approach is simple and can easily
be performed in real-time. In the future we plan to introduce a further speaker
diarisation module from the AMI project [2], which should better discriminate
between speech and non-speech regions. However the drawback of these methods
is that they often can not be applied in real time. The frequency frame energy
method is therefore required for remote meetings, where real-time processing is
necessary.

As the third acoustic feature we derive 13 Mel frequency cepstral coefficients,
and their first and second derivations. They will later be used in the statistic
fusion process, but are not applied in this work. In the future we also plan to
use the position dependent microphone array information.

4.4 Lexical Features

We also use higher semantic information as input to the virtual meeting director.
Group actions in meetings have been deeply investigated [I]. We revert to the
eight well-known group action classes:

Monologue (person 1-4): One person speaks without being interrupted.
Discussion: Two or more persons talk alternately.

Presentation: One person gives a presentation in front of the projection board.
Whiteboard: One person writes on the whiteboard and talks.

Note-taking: (All) persons write something down.

Sometimes the discussion class is further split into disagreement and consen-
sus to reflect the kind of discussion. This is however not required for a virtual
director. To better model the interaction between the group and individuals, it
has also been suggested to combine different meeting group actions [12], note-
taking with either monologue, presentation, or whiteboard. This combinations
will not be used in this work.

The meeting group actions have two main advantages, making them very well
suited for automatic video editing: they can very reliable detected from the raw-
audio visual stream (see [I] for a comparison of various automatic recognition
models). And compared to other semantic information (like dialogue acts), the
meeting group actions can easily be mapped to video modes, e.g. a monologue of
a participant to a camera view of this particular person. There is one drawback
of this feature: while in principle possible, the automatic recognition models do
usually not work in real-time. The use of the feature for remote meetings is
therefore currently not possible. However for an offline editing and later brows-
ing, they can be applied. And with emerging computer power, and the models
at hand, online detection of meeting group actions will become possible in the
future.

5 Feature Scopes

In the last section we showed a range of features that can be applied to virtual
meeting editing. We have derived these features on a per frame basis. If this
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output is directly used as an input to a virtual director, this can lead to unin-
tentional twitches. We therefore also evaluate the influence of windowing a range
of subsequent frames for the audio and the visual features. We apply three differ-
ent window functions, where each function represents a different feature scope:
a history oriented, a history-future balanced, and a future oriented approach.
In the following let T' denote the total length of the meeting, ¢ the current
time step, P € {P1, Py, P3, Py} one of the meeting participants, W the window
size (with increasing W the scope of the features is increased), and FF(t) be
the addressed feature for person P at time ¢. Then the windowed output of the
feature is denoted as D¥ (t). The history scope sums up features from the history:

D) =Y FF(r) for t < W, (8)
7=0

DF(t) = FP(r) for t >=W. 9)
T=t—W

The windowed output DJ (t) therefore represents what has recently happened.
It does not reflect what will happen in the near future. In contradiction, the
balanced scope sums up features from the history and the near future:

t+W/2
Dft)= > FP(r) for t < W/2, (10)
7=0

t+W/2
Dfty= > F(7) for W/2 <=t <=T-W/2, (11)
T=t—W/2
T
Dity= Y. F"(r) for t > T — W/2. (12)
T=t—W/2

The windowed output Df (t) represents both what has recently happened and
what will happen in the near future. Finally the future scope sums up features
from the future only:

t+W
Df(t)=Y_ F"(r) for t <=T — W, (13)
T
Df(t)=> FF(r) for t > T — W. (14)

The windowed output fo (t) therefore represents only what will happen in the
near future, without including past actions.

Only the history oriented approach is causal and can therefore be applied to
online processing. The other two concepts can only be applied offline. However in
the experimental section we will show that they are indeed useful for browsing.
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6 Video Mode Decision

The scope of this work is to investigate the influence of the different features to a
virtual meeting director. We therefore do not apply statistical or other machine
learning methods for the actual video mode decision. For the acoustic and the
visual features we calculate the windowed output DT (¢) for each time and each
person. We then choose the “most active” person with

V(t) = argmax DF(t). (15)

Depending on the desired output this decision V' (t) can now be mapped directly
to one of the seven video modes (e.g. an activity of person P2 to mode 1). For
the semantic group action features a decision function is not required, they can
directly be mapped to a video mode (e.g. a discussion to mode 2).

This process of course does not optimise the features, nor does it model inter-
actions between the features. This way the influence of the features to the video
output stream is not diluted and can therefore best be evaluated. In future the
features and the evaluation experience can then be used for statistical models
(like HMMs).

7 Experiments

We performed three sets of experiments: In the first we evaluate the single fea-
tures, both on a per frame basis and windowed. In a second experiment we
perform a simple fusion scheme. In the last experiment we investigate the influ-
ence of the three different window scopes history, balanced, and future.

The output of a virtual director can not be trivially evaluated with “objec-
tive measures”. Indeed directing is depending on taste, the difference between
the cut of two human directors can be huge. However there are some measures,
that indicate the quality of the feature. As a first evaluation measure we use
the percentage similarity to the output of the meeting group actions. That is,
we compare the output of the audio and visual features with the output of the
meeting group action features. As the meeting group action features model the
interactions between the participants, this is a meaningful number, how strong
the feature represents interactions. However, a high value does not automati-
cally correspond to a good visual stream (or this work would be reduced to the
problem of meeting group action recognition). As a second value we use the
average frequency of mode changes. This value indicates the number of cuts in
the stream and thus corresponds to how fast the system changes to activities in
other channels. We also evaluate the maximum segment length per meeting: this
value shows the longest time period without a cut. A very low number indicates
that the system is not staying in one view for a sufficient period. On the other
hand a very long segment can be rather boring to watch.

Finally we give a user rating score between zero and ten (where ten is the
best) for each feature. While this is not an objective measure, it expresses the
significance of the individual features from a user’s point of view.
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Table 1. Evaluation results for the lexical, acoustic, and visual features: Similarity to
the meeting group actions, average mode changes per minute, and maximum length of
a sequence without mode changes in seconds. Standard deviations are given in brackets.

Feature Group Similar. Changes/Min  Maz. length/s Score
Group Actions 100.0 (0.0) 1.1 (0.3) 116.0 (31.3) 4
Audio (per Frame) 21.7 (13.8) 373.3 (83.4) 6.1 (4.3) 0
Audio (History) 25.0 (15.7) 187  (8.3) 83 0 (37.0) 5
Frequency (per Frame) 20.5 (12.9) 435.7 (78.0) 6 (1.2) 0
Frequency (History) 25.0 (15.7) 16.5  (8.1) 81 6 (37.2) 6
Global Motion (per Frame) 20.8 (9.3) 205.5 (42.9) 9 (5.2) 0
Global Motion (History) 19.6 (10.2) 321 (5.3) 19 8 (13.8) 4
Skin Blobs (per Frame) 13.5 (6.1) 9354 (85.6) 9 (0.3) 0
Skin Blobs (History) 14.3 (10.4) 63.8 (18.6) 16 1 (9.9) 2

7.1 Feature Results

We first evaluated the influence of the features to the virtual editing. The results
are presented in Tab. [l Each audio and visual feature was both evaluated on
a per frame and with history basis. The group actions have a very low change
frequency. Once a speaker gives a monologue, they do not change at all, thus
information in other channels can get lost. However they are very stable to
watch. On the other hand all “per frame” features are — if used directly — not
watchable at all, they twitch heavily between the modes. In the case of the blobs
a mode change happens in average in every second frame, the longest segment
has duration of less than a second. Such a cut of a meeting can’t be watched.

These results get much better if the history is taken into account, according
to @) and ([@). Then the frequency of mode changes reduces for all four features
to reasonable numbers, e.g. for the audio feature to 18.7 changes per minute. In
general it can be seen that the two visual features result in more changes than
the acoustic features. Especially the blobs still have a very high mode change.

In a second experiment we applied a very simple late fusion scheme, where
the single feature video modes are merged with a confidence multiplication. The
results after fusion for different feature combinations are shown in Tab.[2 It can
be seen, that this simple late fusion scheme doesn’t lead to better video outputs.
The high frequency of mode changes remains unchanged. This directly calls for
advanced statistical methods to benefit from the information in all channels, but
on the other hand reduce the high mode changes.

7.2 Feature Scope Evaluation

In the last experiment we investigated the influence of the three different window
functions @) - ([Id)). The history scope is the only causal scheme, and therefore
the only one that can be applied to a remote meeting, as this requires online
processing. The drawback of the history scope is it’s lack to react to actions
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Table 2. Evaluation results after late fusion of different feature combinations. If not
otherwise indicated, the methods are with history and not on a per frame basis.

Feature Group Similar. Changes/Min Maz. length/s Score
All (per Frame) 20.6 (10.9) 6415 (112.7) 3.2 (1.8) 0
All (History) 25.6 (14.2) 266 (9.2) 51.2(22.1)

(14.2) )

Audio + Frequency 25.0 (15.7) 16.5  (8.1) 81.6 (37.2)
Global Motion + Skin Blobs ~ 14.3 (10.4)  63.8 (18.6) 16.1 (9.9)
Global Motion + Audio 26.1(13.9) 222 (6.5) 48.4 (19.9)
Skin Blobs + Audio 23.7 (14.0) 383 (13.0) 41.6 (26.1)

=N O Ot

in the future. If, e.g. a participant shakes his head, the history scope can only
react after the shaking has started. A human director can of course neither know
what will happen in the next seconds, but a human director can use intuition
and from time show other participants. Therefore if the history scope is used
for online processing a virtual director has to model some “intuition” and from
time to time randomly switch to other channels.

In our evaluations the balanced scope gave the best results. We suggest to use
it for offline meeting editing. It both reacts on past activities, and switches fast
enough to observe the start of reactions. The pure future scope is interesting
to watch, as all user reactions are fully captured. However from time to time
the system tends to switch to fast to a different participant and then nothing
happens for a while. Thus the balanced scope is preferred.

8 Conclusion

In this work we introduced five features for a virtual meeting director. The
presented features are all very simple, but useful and - especially important for
remote meetings - can in principle be processed online in real-time. We deeply
investigated the influence of the different features on the resulting video stream.
We showed that acoustic features alone are not sufficient for this task, but visual
features are required. We also investigated a simple late fusion scheme and the
influence of different window scopes.

We now have a measurement where the strength and weakness of the in-
dividual features are. In the future we plan to model the group and individual
interactions with statistical models. This should result in a much more advanced
and better virtual meeting director. The features and evaluation results from this
work will be of valuable input to such a system.
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Recognition from Head Pose in a Meeting Room
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Abstract. This paper presents a study on the recognition of the visual
focus of attention (VFOA) of meeting participants based on their head
pose. Contrarily to previous studies on the topic, in our set-up, the po-
tential VFOA of people is not restricted to other meeting participants
only, but includes environmental targets (table, slide screen). This has
two consequences. Firstly, this increases the number of possible ambi-
guities in identifying the VFOA from the head pose. Secondly, due to
our particular set-up, the identification of the VFOA from head pose
can not rely on an incomplete representation of the pose (the pan), but
requests the knowledge of the full head pointing information (pan and
tilt). In this paper, using a corpus of 8 meetings of 8 minutes on average,
featuring 4 persons involved in the discussion of statements projected on
a slide screen, we analyze the above issues by evaluating, through nu-
merical performance measures, the recognition of the VFOA from head
pose information obtained either using a magnetic sensor device (the
ground truth) or a vision based tracking system (head pose estimates).
The results clearly show that in complex but realistic situations, it is
quite optimistic to believe that the recognition of the VFOA can solely
be based on the head pose, as some previous studies had suggested.

1 Introduction

An important aspect of human being daily life, as social being, is interaction
with other humans. A topic of intense study in psychology is the ways these
interactions happen in groups such as families or work teams [I0]. Human in-
teractions happen through speech or non verbal cues. One one hand, the use of
verbal cues in groups is rather well defined because it is tightly connected to
to the taught explicit rules of language (grammar, dialog acts). On the other
hand, the usage of the non verbal cues is usually more implicit, which does not
prevent it from following rules and exhibiting specific patterns in conversations.
A person rising hand often means that he/she is requesting a speaking turn.
In face to face conversation, a listener’s head nod or shake can be interpreted
as agreement or disagreement [6]. Besides hand and head gestures, the visual
attention of people, as defined by the eye gaze, is another important cue of non
verbal communication. For instance, gaze is often used as a mean to regulate
the dialog. Speaker’s gaze is related to back-channel request, whereas listener’s
gaze can be used to request for speaking turns [4ITT]. Furthermore, studies have
shown that a person’s visual attention was influenced by the visual attention

S. Renals, S. Bengio, and J. Fiscus (Eds.): MLMI 2006, LNCS 4299, pp. 75 2006.
© Springer-Verlag Berlin Heidelberg 2006
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state of other people [7]. Thus, in brief, recognizing the visual attention pattern
of group of people can reveal an important amount of information about the so-
cial nature of the occuring interactions and help us to better understand them.
Due to its importance, after psychologists, computer vision researchers are cur-
rently investigating the identification and role of the gaze in social interaction in
situations such as meetings in smarts rooms, making use of all the multi-modal
abilities of such environments [I7IT§].

As part of our effort to study human interaction, the goal of this paper is
to analyze the correspondence between the head pose and the eye gaze of peo-
ple. In other words we want to evaluate how well we can infer the visual focus
of attention (VFOA) solely from the head pose. This study, conducted in the
context of a smart meeting room environment, complements previous research
in this domain. First our study generalizes to more complex situations similar
works that have already been conducted in [I2JT7]. Contrarily to these previous
works, the scenario we consider involves people looking at slides or writing on
the table. As a consequence, in our set-up, people have more potential visual
focus of attention (6 instead of 3 in [I2I17]). Also, due to the physical spatial
configuration of the VFOA targets, the identification of the VFOA can only
be done using complete head pose representation (pan and tilt), instead of just
the head pan as done previously. Finally, in our set-up, there were ambigui-
ties between VFOA depending on people’s sitting location in the room while in
the previous work there were not. Thus our study reflects more complex, but
realistic, meeting room situations in which people don’t just focus their atten-
tion on the other people but also on other targets such as the table, the white
board, the slide screen, or even sometimes are not focused on any predefined
object.

In this paper, we propose to analyze the recognition of the VFOA of people
from their head pose. In our experiments, the head poses are either obtain using
a magnetic sensor (the ground truth) or a computer vision based probabilistic
tracker, allowing to evaluate the degradation in VFOA recognition when going
from true values to estimated ones. VFOA are then recognized using either the
Maximum A Posteriori principle or an Hidden Markov Models (HMM) modeling,
where in both cases the VFOAs are represented using Gaussian distributions.
Our early experimental results, based on VFOA frame and event performance
measures, show that in the case of more complex environments, previous work
results were probably optimistic in concluding that it was possible to infer the
VFOA from head pose alone, or, to a lower extent, to use tracking estimates
instead of ground-truth head pose measurements.

The remaining of this paper is organized as follows. Section [2] discusses works
related to ours. Section [3] indicates the way we obtain head pose measures us-
ing either a magnetic field sensor, or our probabilistic method for joint head
tracking and pose estimation, and present a numerical evaluation of the latter
one. Section Ml describes the considered models for recognizing the VFOA from
head pose. In Section [B] we give experimental results and Section [ concludes
the paper.
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2 Related Work

The estimation of the VFOA of a person from visual input has been studied in
the past using different approaches. For instance, in applications studying the
visual exploration of images by people, wearable eye gaze trackers are often used.
Wearable sensor for eye gaze tracking are infrared based systems. An infrared
light is shined on the subject whose gaze is tracked, which creates a red eye effect.
The difference of reflexion between the cornea and the pupil is then exploited
to determine the gaze direction. As an example, [13] studied people’s attentions
and reactions to advertisement exposure using such technology, to understand
where advertiser should put important information to capture clients’ attention.
However, besides the concerns over the safety of long exposure to infrared lights,
wearable sensor can be used only in controlled experimental situations. In other
situations, non invasive procedures to estimate the eye gaze are required. This
is the case for instance of systems which aim at automatically detecting driver
(loss of) attention. In such cases, computer vision technics can be used, given
the availability of high resolution images, to estimate the gaze direction of a
driver. In a representative example, [15], motion and skin color distribution are
used to track facial features and from the eye balls location reconstruct the gaze
direction. In the human computer interaction domain, [9], a similar approach
has been used to estimate the gaze location of a worker siting in front of his
computer in an office environment.

Although eye gaze tracking with computer vision technics is less invasive than
eye gaze tracking with a wearable sensor, it is still relatively constraining, as the
subject usually has to remain close to the camera because tracking eye features
requires high resolution images. Thus, some people proposed to estimate the
VFOA from head pose instead of eye gaze. As a good example, [I7] showed that,
in a 4 people meeting configuration, the hypothesis that the head is approxi-
mately oriented in the same direction as the gaze is a reasonable assumption. In
this work, however, there was no ambiguity between the head poses which were
defining people’s different VFOA, because of their specific meeting physical set-
up (four participants evenly space around a round table). Also, the head poses
were assimilated to the head azimuth (head pan) only. Following [17], other re-
searchers used the same assumption regarding head pose and eye gaze to model
the VFOA of people. For instance, in a very interesting work, [12] makes use
of both people’s utterance information and head azimuth angle, obtained from
a magnetic field head orientation sensor, to infer conversational models in a 4
persons conversation. In [3], the head pose was exploited to model visual atten-
tion in office from which workers social geometry was defined, where the social
geometry defines when people are available or not for communication.

3 Head Pose Tracking

For our study we used a database comprising 8 meetings of 4 people (duration
of meetings ranged from 7 to 14 minutes), recorded in IDIAP’s smart meeting
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Fig. 1. Left: sample image of the dataset; Right: visual focus of attention targets

room. The scenario of the meeting was to discuss statements displayed on the
projection screen. A sample image of the data is shown in Figure [Il Due to
technological constraintsﬂ7 we were able to capture the head ground truth of only
two participants (the left and right person in Fig.[Il), using 3D magnetic sensors
attached to the head. The head pose is defined as an instance of head rotation
with respect to a reference configuration. In general, head poses are represented
by three Euler angles («,3,7) which parameterize the decomposition of the
rotation matrix of the head configuration with respect to the camera frame.
Among the possible decompositions, we have selected the one whose rotation
axes are rigidly attached to the head. With this choice, we have: a denotes
the pan angle, a left/right head rotation; 8 denotes the tilt angle, an up/down
head rotation; and finally, v, the roll, represents a left/right “head on shoulder”
head rotation (see Figure [Z). In the following we describe the two alternative
techniques that we used to extract the head pose information. The first one
consisted of using orientation sensors, and the obtained head poses defined the
ground truth values. The second approach provides head pose estimates based
on a computer vision probabilistic tracking algorithm.

3.1 Head Pose Ground Truth from Magnetic Sensors

The head pose ground truth was obtained using a 3D location and orientation
magnetic sensor called flock of bird (FOB) [19]. The coordinate frame of this
sensor was calibrated with respect to the camera frame. In each recording, the
time delay between the FOB and the video was set by detecting the occurrence
of the same events (peak oscillations) in both modalities.

3.2 Probabilistic Method for Head Pose Tracking

Here, we summarize the approach we employed and which is described in [I].
The probabilistic framework for tracking is well known. Denoting by X; the
hidden state representing the object configuration at time ¢ and by Y; an obser-
vation extracted from the image, the objective is to estimate the filtering dis-
tribution p(X¢|Y1.:) of X; given all the observations Y7.;. In non-Gaussian and

! The magnetic field due to the setup caused distortions on the flock-of-birds readings.
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Table 1. Pointing vector, pan, tilt and roll errors statistics

pointing vector pan tilt roll
mean| std {[med||mean|std|med|mean| std |med|mean|std|med
20.3 {11.3]18.2{ 9.10 |8.6| 7.0 | 17.6 |12.2|15.8| 10.1 |9.9| 7.5

non linear cases, this can be done recursively using sampling approaches, also
known as particle filters. The idea behind particle filter consist in representing
the filtering distribution using a set of weighted samples { X", wy',n = 1,..., Ny}
and updating this representation when new data arrive. Given the particle set
of the previous time step, { X[ ;,w ;,n = 1,..., Ny}, configurations of the cur-
rent step are drawn from a proposal distribution X ~ >~ wj p(X|X¢_1). The
weights are then computed as w; o p(Y;|X;). Four elements are important in
defining a particle filter: i) a state model defining the object we are interested in
ii) dynamical model governing the temporal evolution of the state p(X|X¢—1)
iii) a likelihood model measuring the adequacy of data given the proposed con-
figuration of the tracked object and iv) a sampling mechanism which have to
propose new configurations in high likelihood regions of the state space. These
elements along with our model are described in the next paragraphs.

State Space: The state space contains both continuous and discrete variables.
More precisely, the state is defined as X = (S, 0,1) where S represent the head
location and size, 8 represents the head in-plane rotation. Both S and 6 para-
meterize a transform 7g ¢ defining the head spatial configuration. The variable
[ label an element of the discretized set of possible head poses.

Dynamical Model: The dynamical model governing the temporal evolution of
the state is defined as

P(Xe| X1:0—1) = p(0e|0r—1, L)p(le]li—1, St)p(Se|Se—1, Si—1) (1)

The dynamics of the head in plane rotation variable 6; and the discrete head pose
variable [; are learned using the head pose GT training data. Head location and
size variables dynamics are modelled as a second order auto-regressive process.

Observation Model: The observations Y = (Y*** Y°°!) are composed of textures
and color observations. Assuming that, given the state value, texture and color
observation are independent, the observation likelihood was modeled as:

P(Y|X = (5,0,1)) = preat (Y (S, 0)[)pear (Y (S, O)1) (2)

where for each head pose variable [, the parameters of the texture likelihood pyeq¢
and the color likelihood p.; were learned from the Prima-Pointing database [5]
containing head image appearances of the pose [. For a given hypothesized con-
figuration X, the parameters (S, 6) allow to extract an image patch, on which
the features are computed, while the examplar index [ allows to select the ap-
propriate appearence model.
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Fig. 2. Left: basis attached to the head (head pointing vector in red). Right: visual
focus of attention graphical model.

Sampling Method: In this work, we use Rao-Blackwellization which consist in
applying the standard PF algorithm over the tracking variables S and -~ while
applying an exact filtering step over the exemplar variable [. The method the-
oretically results in a reduced estimation variance, as well as a reduction of the
number of samples.

3.3 Head Pose Tracking Evaluation

For evaluation, we followed the protocol described below.

Data: we used the IHPD database?. Amongst the 16 recorded people with ground
truth, we used half of the database (8 people) as training set to learn the pose
dynamic model and the half remaining as test set to evaluate the tracking algo-
rithms. Because of the scenario used to record data, people often have negative
pan values corresponding to looking at the projection screen. The pan values
range from -70 to 60 degree. Tilt values range from -60 (when people are writ-
ing) to 15 degrees, and roll value from -30 to 30 degrees.

Performance measures: four error measures are used. The three first measures
are the errors in pan, tilt and roll angle, i.e. the average of the absolute difference
between the pan, tilt and roll of the ground truth (GT) and the tracker estima-
tion. The fourth error measure is defined by the average angular error between
the 3D pointing vector (the unit vector of the z-axis of the basis attached to
the head cf Figure 2]) defined by the head pose GT and the pose estimated by
the tracker. Note that this vector depends only on the head pan and tilt values
(given the selected representation, cf first paragraph of Section ().

Results: The statistics of the errors over the test set are showed in Table[Il Over-
all, given the small head size, and the fact that the appearence training set is
composed of heads recorded in an external set up (and thus does not contain any
individuals from our testing database), the results are quite good, with a ma-
jority of head pan errors smaller than 10 degrees. However, these results hide a
large discrepancy between individuals. For instance, the average pan error ranges
from 4 degrees to 15 degrees, and depends mainly on whether the tracked per-
son resembles one of the person of the training set used to learn the appearance
model. The table also shows that the errors in pan and roll are smaller than the
errors in tilt. This is due to the fact that, even from a perceptive point of view,

% http://www.idiap.ch/HeadPoseDatabase/
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discriminating between head tilts is more difficult than discriminating between
head pan or head roll [2]. With respect to other works, these results are good.
For instance, in [I7], a neural net is used to train a head pose classifier from
data recorded directly in two meeting rooms. When using 15 people for training
and 2 for testing, average errors of 10 degrees in pan and tilt are reported. How-
ever, when training the models in one room and testing on data from the other
meeting room, the average errors rise to 20 degrees. This suggests that their
appearance model is fitted to their set-up, to the contrary of our experiments,
in which appearance models are trained from an external database [5].

4 Visual Focus of Attention Modeling

VFOA set: For these experiments, we considered only the two persons which
have their head pose continuously annotated using FOB (left person and right
person). For each one of these person, we identified 6 dominant VFOA of interest
and defined the set of visual VFOA as F = {f1 = person, fo = organizerl,
f3 = organizer2, f, = table, f5 = slidescreen, f¢ = unfocused}. For left
person f; is person right and for right person, fi is person left. In the following
we present our VFOA modeling approaches.

4.1 Modeling VFOA with a Gaussian Mixture Model (GMM)

Let us denote by Fy; € F and by Z; the VFOA and the head pointing vector
(defined by its pan and tilt angles) of a person at time instant ¢. Estimating the
VFOA can be posed in a probabilistic framework as finding the label maximizing
the a posteriori (MAP) probability:

F, = arg puas p(F|2,) with p(Fy|Z) = % < p(ZIF)p(E)  (3)
For each possible VFOA f € F which is not unfocused, p(Z;|F;) is modeled as
a Gaussian distribution N'(Z;; uy, Xy) with mean py and full covariance matrix
;. Besides, p(Zi|F; = unfocused) is modeled as a uniform distribution. For
the distribution over priors, two alternatives were considered. In the first case,
no prior was used (i.e. the distribution was uniform), while in the second case,
the priors were learned from the considered training data.

4.2 Modeling VFOA with a Hidden Markov Model (HMM)

Modeling the VFOA with a GMM does not account for the temporal dependen-
cies between the VFOA events. As a model of these dependencies, we considered
the classical graphical model shown in Figure Bl Given a sequence of VFOA
Fo.r = {F,t=0,...,T} and a sequence of observations Z;.p, the joint posterior
probability density function of the states and observation can be written:

T
p(For, Zyr) = p(Fo) [ [ p(Zel Fo)p(Fe| Fiov) (4)

t=1
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The emission probabilities were modeled as in the previous case (i.e. Gaussian
distributions for regular VFOA, and uniform distribution for the unfocused la-
bel). The parameters of these models, along with the discrete transition matrix
p(Fi|F;—1) modeling the probability to transit from a VFOA to another were
learned from training data. In the testing phase, the estimation of the optimal
sequence of states given a sequence of observations was conducted using Viterbi
algorithm [14].

5 Experimental Results

5.1 Evaluation Set Up

To perform evaluate we annotated our IHPD database with the VFOA of person
right and left by watching the videos. While there might be some issue about
the feasibility of VFOA annotation based on eye gaze, experiments have shown
that there might be more than 95% agreement among annotators for this task.

Evaluation protocol. For training and testing, we adopted the leave one out
protocol. The data of 7 recordings were used to train the model parameters which
are then used to test the recognition system on the remaining one. We defined
two kinds of errors measure to evaluate the performances of our modeling.

Frame based recognition rate (FRR). Which corresponds to the percentage of
correctly estimated VFOA frames and indicates the proportion of time when
the VFOA has been correctly identified. This rate, however, can be dominated
by long duration VFOA events. Since we are also interested in the VFOA events
sequence patterns, which contains information related to the interaction, we also
need a measure reflecting how well these events, short or long, are recognized.

Event based precision/recall, and F-measure. Let us consider two sequences of
VFOA events, the GT sequence G obtained from the VFOA annotations and
the recognized sequence R obtained through the VFOA estimation process. The
GT sequence is defined as G = {G; = (fi,bi,e;), i =1,..., Ng} where Ng is the
number of events, f; € F is the ith VFOA event label, b; and e; the beginning
and end time of the event f;. The recognized sequence R is defined similarly.
The two sequences are aligned using an adaptive string alignment procedure that
take into account the temporal extent of the events. Given this alignment we
can compute for each event f € F, the recall p(f) and precision 7(f) measures
of that event defined as:

Nmatched(f) Nmatched(f)
Ne(f) Nr(f)

where Npatened(f) represents the number of events in the recognized sequence
labeled f that match the same event in the GT after alignment. Ng(f) (resp
Nr(f)) denotes the number of occurrences of the event f in the ground truth
(resp recognized) sequence. The recall measures the percentage of ground truth
events that are correctly estimated while the precision measure the percentage

VfeF, p(f) = and 7(f) =

®)
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Table 2. Average VFOA estimation results for right person using maximum likeli-
hood estimation (ML), GMM modeling with and without prior term and HMM with
prior (transition matrix learned from training data); gt=using ground truth, tr=using
tracking output

error measure|gt-ML|gt-gmm|gt-gmm-prior|gt-hmm|tr-ML [tr-gmm|tr-gmm-prior [tr-hmm
frame rr 62.1 53.6 60.7 53.9 42.8 | 38.2 46.6 38.4
event rec 65.7 57.3 52.3 50.6 54.5 51.5 38.1 34.8
event prec 43.6 43.6 47.3 52.2 18.5 17.1 19.4 40.6
event F-meas| 52.1 47.2 48.4 50.4 29.5 25.3 24.9 36.9

Table 3. Average VFOA estimation results for left person using maximum likelihood
estimation (ML), GMM modeling with and without prior term and HMM with prior
(transition matrix learned on training data); gt=using ground truth, tr=using tracking
output

error measure(gt-ML|gt-gmm|gt-gmm-prior|gt-hmm|tr-ML|tr-gmm|tr-gmm-prior [tr-hmm
frame rr 78.4 73 75.3 73 53.6 | 49.5 51 50.1
event rec 66.9 62 55.5 56.4 51.3 | 39.3 39 32.7
event prec 53.2 56.8 53.1 63.8 26.8 | 18.9 20.2 44.9
event F-meas| 59 58.7 53.8 59.2 342 | 25.2 25.5 36.9

of estimated events that are correct. Both precision and recall need to be high
to denote good VFOA recognition performance. The F-measure defined by:

2p(f)m(f)
p(f) +m(f)

reflects this requirement. Finally, the performance measures of a given person
are computed through averaging: 1

_ Zfe}'p(f) . Zfefﬂ(f) o
PETAE T A M T e

o(f) = (6)

2pm

(7)

The performance measure over the whole database is the average of the precision,
recall and F-measure of the 8 individuals.

5.2 Experimental Results

Results exploiting the head pose ground truth: In this section we provide
the VFOA estimation results when the input data to the algorithms of Section [
are the head poses obtained from the flock-of-birds sensors.

VFOA and head pose correlation: Table [2] and [B] display the VFOA estimation
results for the right and left person respectively. The first column of theses two
tables give the results of VFOA maximum likelihood estimation (ML) using the
head pose GT data, where the ML approach consists in estimating the VFOA
model parameters using the data of a person and testing the model on the same
data (when considering the GMM modeling). These results show in an opti-
mistic case the performances our model can achieve, and illustrate somehow the
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correlation between a person’s head poses and his VFOA. As can be seen, this
correlation is quite high for the left person (close to 80% FRR), showing the
good accordance between pose and VFOA. This correlation, however, drops to
near 60% only for the right person. This can be explained by the fact that for
person right, there is a strong ambiguity between looking at person left and at
the slide screen (see Figure[ll). More generaly, the range of azimuth values within
which the three other participants and slide screen VFOA target lies has been
divided by 2. The average angular distance between these targets is around 20
degrees for right person, a distance which can easily be compensated for using
eye movements only (rather than head pose) to change focus. The values in the
confusion matrices (not shown) corroborate this analysis. The analysis of Tables
and [3] shows that this discrepancy holds for all experimental conditions and
algorithms (when using ground-truth input), with a performance decrease of
approx. 20% and 10% for FRR and event F-measure respectively.

VFOA Prediction: While the MLE is achieving the best results, its performances
are not extremely out-performing the performances of the GMM modeling with
or without a prior term and the HMM modeling using GT. The GMM and HMM
modeling are showing the ability to predict a person VFOA from other persons.
For both person right and left, the GMM modeling is achieving better frame
based recognition performances and event recall while the HMM is giving better
event precision. This can be explained since the HMM approach is doing some
data smoothing. As a results some events are missed (lower recall) but the pre-
cision increases due to the elimination of short spurious detections.

Influence of Priors: Figure Bl shows the effect of the prior on the VFOA distrib-
ution for person right. the VFOA organizer2, represented in this figure by the
green area, have its surface reduced while the VFOA personleft (black area),
organizerl (blue area), slidescreen (yellow area), table (red area) have their sur-
face extended because these events are more likely. The prior forces the model to
concentrate on most likely events while almost removing less likely events. The
use of these priors could clearly be a problem when using the VFOA recognition
system on other meetings.

Comparison to others: in the interesting work [12], the task, amongst others,
consists of estimating the VFOA of four people engaged in conversation, using
people’s speaking status and head pose measured with magnetic sensors. For each
person, the potential VFOA were the three other participants. They obtained
an average frame based recognition rate of 67.9 %. Despite the lower number of
target VFOA, their result is similar to ours (we obtained around 60% for person
right and 75% for person left).

Results with Head Pose Estimates: Table 2 and Bl show also the results for
VFOA estimation using tracking results, which exhibit performances degradation
w.r.t. GT data. These degradation are mainly due to tracking errors (short
periods when the tracker locks on a subpart of the face, tilt uncertainty) and the
different head pose estimation tracker response to input with similar poses but
different appearences. Figure [Il shows the effect of tilt estimation errors on the
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tilt
tilt

80 60 40 20 0 20 40 60 80
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Fig. 3. Pan-tilt space VFOA maps using GT (first row) and tracking estimates
(second row) for person right. First column: without prior; second column: with
priors. black=personleft, yellow=slidescreen, blue=organizerl, green=organizer2,
red=table, magenta =un focused.

VFOA distributions. While the VFOA distributions in pan of the GT (first row)
and the tracking estimates (second row) are similar, the VFOA distributions
in tilt are wider for the tracking estimates. The tables also show that, while,
when using GT head pose data, the HMM modeling did not have much impact
on performances w.r.t. the GMM case, we observe from the reported event F-
measure that in presence of noisier data, its smoothing effect is quite beneficial.
The confusion matrices based on the tracking estimates exhibit the same trnds
than when using the GT head pose, but with more pronounced confusion because
of the tracking errors (see above) and tilt estimation uncertainties.

Our results -close de 50% frame recognition rate- is quite far from the 73%
reported in [I7]. Several factors may explain the difference. First, in [I7], a 4
people meeting situation was considered and no other VFOA target appart from
the other meeting participants was considered. Thus, the pan head angle was
sufficient to differentiate VFOA targets. In addition, these participants were
sitting at equally spaced angles around a round table, optmising the discrimina-
tion between VFOA targets. Finally, it seems from the paper that the head pose
tracking algorithm was trained on the face images of the same people appearing
in the test video, which resulted in smaller tracking errors.

6 Conclusion and Future Work

In this paper we presented a system to recognize the VFOA of meeting partic-
ipants from their head pose, the latter being defined by its pan and tilt angles.
Such head pose measurements were obtained using either through magnetic sen-
sors or a probabilistic head pose tracking algorithm. The experiments showed
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Fig. 4. Ambiguity in focus: despite the high visual similarity of the head pose of the
right person, the two focus are different (left image: left person: right image: slide
screen). Resolving such cases can only be done by using context (speaking status,
other’s people gaze, slide activity etc).

that, depending on people’s position in the meeting room and on the angular
distribution of the FOA targets, the eye gaze may or may not be highly corre-
lated with the head pose. In absence of such correlation, the only way to improve
VFOA recognition may come from the prior knowledge embedded in the cog-
nitive and interactive aspects of human-to-human communication. Ambiguous
situations such as the ones illustrated in Figure [ where the same head pose
can correspond to two different VFOA targets, could be resolved by the joint
modeling of the speaking and VFOA characteristics of all meeting participants.
which has been shown to exhibit specific patterns/statistics in cognitive studies.
Besides, as there exists some correlation between head pose tracking errors and
VFOA recognition results, we will conduct further research to improve the track-
ing algorithms, e.g. using multiple cameras or adaptive appearence modeling
techniques. Finally, in the case of meetings in which people are moving to the
slide screen or white board for presentations, the development of a more general
approach that models the VFOA of these moving people will be necessary. This
has been one topic of our recent research [16].
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Abstract. In this paper, we present the findings of the Augmented Mul-
tiparty Interaction (AMI) project investigation on the localization and
tracking of 2D head positions in meetings. The focus of the study was
to test and evaluate various multi-person tracking methods developed in
the project using a standardized data set and evaluation methodology.

1 Introduction

One of the fundamental goals of the AMI project is to formally and consistently
evaluate tracking methods developed by AMI members using a standardized
data set and evaluation methodology. In a meeting room context, these tracking
methods must be robust to real-world conditions such as variation in person
appearance and pose, unrestricted motion, changing lighting conditions, and the
presence of multiple self-occluding objects. In this paper, we present an evalua-
tion methodology for gauging the effectiveness of various 2D multi-person head
tracking methods and provide an evaluation of four tracking methods developed
under the AMI framework in the context of a meeting room scenario.

The rest of this paper is organized as follows: Section 2 describes the method
of evaluation, Section 3 briefly describes the tracking methods, Section 4 presents
the results of the evaluation, and Section 5 provides some concluding remarks.

2 Evaluation Methodology

To objectively compare the tracking methods, a common data set was agreed
upon (Sec. 2.1) and evaluation procedure [13] was adopted (Sec. 2.2).

2.1 Data Set

Testing was done using the AV16.7.ami corpus, which was specifically collected
to evaluate localization and tracking algorithm. The corpus consists of 16 se-
quences recorded from two camera angles in a meeting room using four actors.

1 'We are thankful to Bastien Crettol for his support with the collection, annotation,
and distribution of the AV16.7ami corpus, and to the participants for their time.

S. Renals, S. Bengio, and J. Fiscus (Eds.): MLMI 2006, LNCS 4299, pp. 83-[IU1} 2006.
© Springer-Verlag Berlin Heidelberg 2006
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Fig. 1. Ezamples from seql4 of the AV16.7.avi data corpus. Left: Typical meeting room
data with four participants (free to stand, sit, walk). Center: Participant heads near
the camera are not fully visible and often move in and out of the scene. Right: The
data set also contained challenging situations such as this (four heads appear and are
annotated in this image).

Seven sequences were designated as the training set, and nine sequences for test-
ing. The sequences depict up to four people performing common meeting actions
such as sitting down, discussing around a table, etc (see Figure [I)). Participants
acted according to different predefined agendas for each scene (they were told
the order in which to enter the room, sit, or pass each other), but the behavior
of the subjects was otherwise natural. The sequences contain many challenging
phenomena for tracking methods including occlusion, cameras blocked by pass-
ing people, partial views of backs of heads, and large variations in head size (see
Table [II).

The corpus was annotated using bounding boxes for head location for use in
training and evaluation [3]. Annotators were instructed to fit the bounding boxes
around the perimeters of the participants heads, which were ambiguous in some
cases. To reduce annotation time, every 25th frame was annotated (evaluations
were performed only on annotated frames).

2.2 Measures and Procedure

In [13], the task of evaluating tracker performance was broken into evaluating
three tasks: fitting ground truth persons (or G7s) with tight bounding boxes

Table 1. Challenges in the AV16.7.ami data corpus test set (yes = y, no = n)

seq01 |seq02|seq03 [seq08 [seq09 |seq12|seql3|seql4 |seql6

L RILR|IL RILRIL R|IL R|IL R|IL R|L R

duration (sec) 63 48 | 208 | 99 70 | 103 | 94 | 118 | 89
total # heads 1 11 11 112 2|2 23 3(3 3|4 4|4 4
frontal heads 1 1)1 1j1 1(2 0|2 0|3 03 0|2 2|4 2
rear heads 1 1|1 1j1 10 2|0 2|0 3|0 3|2 2|4 4
event: occlusion nninonfnnonly nly yly vyly vy|ly vy|ly n
event: camera blocked|y y |y y[n n|y y|n y|n y[n yl|y yl|ly ¥y
event: sit down nnnouanly yly ylnnly yly y|ly y|n n
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(referred to as spatial fitting), predicting the correct number and placement of
people in the scene (referred to as configuration), and checking the consistency
with which each tracking result (or estimate, &) assigns identities to a G7 over
its lifetime (referred to as identification). Several measures are defined to eval-
uate these tasks, each dependant on the fundamental coverage test. The tasks
measured in [I3] are similar in many ways to those in [7], but the methods for
measuring differ in a fundamental way: the mapping of £s and G7's. Measures
in [7] are computed using a one-to-one mapping, whereas [13] defines measures
using many-to-one w.r.t. £s and many-to-one w.r.t. G7's. We believe the latter to
be a superior method, since situations can arise where there is no clearly correct
one-to-one mapping between the £s and G7s.

2.2.1 Coverage Test

The coverage test determines if a G7 is being tracked by an &, if a £ is tracking a
G7T, and reports the quality of the tracking result. For a given tracking estimate
&; and ground truth G7 ;, the coverage test measures the overlap between the
two areas using the fitting F-Measure F; ; [11]

_ 2B _ |&NGT,)

1€ N GT |
F, = Q= N R et |
T+ B 7 IG7 ]

Bij = (1)
! &l

where recall (o) and precision (), are well-known information retrieval mea-

sures. If the overlap passes a fixed coverage threshold (F; ; > t., t. = 0.33), then

it is determined that &; s tracking GT ; and GT ; is tracked by &;.

2.2.2 Configuration

In this context, configuration means the number, the location, and the size of
all people in a frame. A tracking result is considered to be correctly configured if
and only if exactly one &; is tracking each G7 ;. Four types of errors may occur,
which correspond to the four configuration measures:

FN - False negative. A G7 is which not tracked by an &.

FP - False positive. An & exists which is not tracking a G7 .

MT - Multiple trackers. More than one £ is tracking a single G7. An MT
error is assigned for each excess £.

— MO - Multiple objects. An £ is tracking multiple G7s. An MO error is
assigned for each excess G7 .

. r "o "
| L 8.

False negative (FN) False positive (FP) Multiple trackers (MT) Multiple objects (MO)

Fig. 2. The four types of configuration errors. G7s are represented by green boxes, £s
by red and blue boxes.
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An example of each error type is depicted in Fig. Bl where the G7's are marked
with green colored boxes, the £s with red and blue. One can also measure the
difference between the number of G7's and the number of Es:

— CD - Counting distance. For a given frame, the difference between the num-
ber of £s (N{) and GTs (N, ) normalized by the number of GTs (Nf7).

N{— Ngr

CD=——~+*"—
max(Ngr, 1)

2)

2.2.3 Identification
In the context of this evaluation, identification implies the persistent tracking of
a G7T by a particular £ over time. Though several methods to associate identities
exist, we adopt an approach based on a majority rule [13]. A GT ; is said to be
identified by the & which passes the coverage test for the majority of GT ;s
lifetime, and similarly &; is said to identify the G7; which passes the coverage
test for the majority of &;s lifetime (this implies that associations between G7's
and &s will not necessarily match).

There can arise two types of identification failures, quantified by five measures.

— FIT - Falsely identified tracker. Occurs when a &, which passed the coverage
test for G7; is not the identifying tracker, &. FIT's often result when &;
suddenly stops tracking G7 ; and another & continues tracking G7 ;.

— FIO - Falsely identified object. Occurs when a G7 which passed the cov-
erage test for &; is not the identifying person, G7 ;. FIOs often result from
swapping G7s, i.e. & initially tracks G7 ; and subsequently tracks GT .

— OP - Object purity. If G7 ; is identified by &;, then OP is the ratio of frames
in which G7 ; and &; passed the coverage test (n; ;) to the overall number of
frames GT ; exists (n;).

— TP - Tracker purity. If &; identifies GT j, then TP is the ratio of frames in
which G7 ; and &; passed the coverage test (n;;) to the overall number of
frames &; exists (n;).

— identity F-Measure - combines OP and TP using the F-measure such that

if either component is low, identity F-Measure is low: identity F'Measure =
2 0P TP
OP+TP *

2.2.4 Procedure
To evaluate the ability of each tracking method for the tasks of spatial fitting,

configuration and identification over diverse data sets, the following procedure
is followed for each sequence:

Evaluation procedure for a data sequence.

1. for each frame in the sequence
— determine tracking maps by applying the coverage test over all combi-
nations of £s and G7s.
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— record configuration measures (FN,FP,MT , MO, CD) and fitting F-
Measure from tracking maps.
determine identity maps for tracked s and G7T's using the majority rule.
3. for each frame in the sequence
— record identification errors (FIT,FI0O) from the identity maps.

4. normalize the configuration and identification errors and compute the purity
measures for the entire sequence (the instantaneous number of ground truths
and estimates are Ng7 and Ng respectively, and the total number of frames
is T).

o

T T
— 1 FP, — 1 FN,
Pl TRaAS
T = maz(N§7,1) T ~—~ max(N§r,1)
T T
— 1 MT, — 1 MO
I'== Z tt MO = — Z tt )
T = max(N§7,1) T = max(N§r,1)
T T
1 FIT, 1 FI10;
FIT = — JFI0 = — :
T ; max(Ngz,1) T ; max(Ng,, 1)
1 Ea 1 & 1
P=— D =Y Dt D==Y"|cD
NGT;’% Nf;”z T;‘ |

Note that most measures are normalized by Ngz and the number of frames
(such as F'P). For these measures, the number reported could be thought of as
a rate of error. For instance, F'/P = .25 could be interpreted as: “for a given
person, at time ¢, 0.25 F'P errors will be generated on average.”

3 Tracking Methods

Four head tracking methods built within AMI were applied to the data corpus
and evaluated as described in Section 2. Each method approached the problem
of head tracking differently, and it is noteworthy to list some of the qualitative
differences (see Table ). These methods are described briefly below.

3.1 Method A: Trans-Dimensional MCMC (developed at IDIAP)

Method A uses an approach based on a hybrid Dynamic Bayesian Network
that simultaneously infers the number of people in the scene and their locations
[12]. The state contains a varying number of interacting person models, each
consisting of a head and body model. The person models evolve according to a
dynamical model and a Markov Random Field (MRF) based interaction model
(to prevent trackers from overlapping). The observation model consists of a set
of global binary and color observations as well as individual head silhouette
observations (to localize heads). The function of the global binary observation
model is to predict the number of people in the scene. Inference is done by
trans-dimensional Markov Chain Monte Carlo (MCMC) sampling (because of
its ability to add/remove people from the scene and its efficiency).
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3.2 Method B: Probabilistic Active Shape (developed at TUM)

Method B uses a double-layered particle filtering (PF) technique [56] consisting
of a control layer (responsible for the detection of new people and evaluating
the person configuration) and a basic layer (responsible for building a local
probability distribution for each head). Locations for new people are derived
from skin colored regions, which are detected using a normalized rg skin color
model. Heads are modeled using a deformable active shape model consisting
of 20 landmark points [1I2]. The basic layer PF samples and predicts a set of
hypotheses for each person. Using the active shape model, a likelihood for the
existence of a head in the image represented by the respective hypothesis can be
computed. These sets of hypotheses are passed to the control layer PF, which
evaluates and determines the configuration of heads by incorporating skin color
validation and the local likelihood to verify the number of people being tracked.

3.3 Method C: KLT (developed at TUT)

Method C, proposed in [4] is based on the KLT feature tracker [8]. The method
works by searching for potential people through performing background sub-
traction and skin color detection (using an RG skin color model) on the raw
image. Connected component analysis is performed on the segmented image to
find patches suitable for head detection. Ellipse-like shapes are then fitted to
the patches and define a set of head centers. A KLT tracker, which extracts
meaningful image features at multiple resolutions and tracks them by using a
Newton-Raphson minimization method to find the most likely position of im-
age features in the next frame, is initialized at each head center. Additionally,
a color cue and rules for flocking behavior (alignment, separation, cohesion, and
avoidance) are used to refine the tracking.

3.4 Method D: Face Detector (developed at BUT)

Method D, proposed in [I0], is based on skin color segmentation and face de-
tection. A learned skin color model is used to segment the image. Connected
component analysis and morphological operations on the skin color segmented

Table 2. Properties of the various head tracking approaches

Il Method A | Method B | Method C | Method D
Learned binary, color, skin color, skin color face/nonface
Models head shape shape weak classifiers
Initialization automatic automatic automatic automatic
Features background sub,| motion detection, |background sub, skin color,
silhouette, skin color, skin color, gabor
color head/shoulder shape| local charact. wavelets
Mild Ocec. robust robust robust robust
Severe Occ. semi-robust semi-robust sensitive sensitive
Identity swap, swap, rebirth none
Recovery rebirth rebirth
Comp. Exp. ~1 frame/sec ~3 frame/sec ~20 frame/sec |~0.2 frame/sec
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image are used to propose head locations. Face detection is then applied to the
skin color blobs to determine the likelihood of the presence of a face. The face
detection is based on the well-known AdaBoost [14] algorithm which uses weak
classifiers to classify an image patch as a face or non-face. Method D replaces the
simple rectangular image features with more complex Gabor wavelets [9]. The
face detector was trained on normalized faces from the CBCL data set (1500
face and 14000 non-face images) and outputs a confidence, which is then thresh-
olded to determine if a face exists. Faces are associated between frames using a
proximity association defined on the positions of the detected faces.

4 Evaluation

The four methods were evaluated for their performance at the tasks outlined in
Section 2: spatial fitting, configuration, and identification. Methods A and B were
tested on 360 x 288 non-interlaced images; Methods C and D were tested on 720 x
576 interlaced images after applying an interpolating filter. This discrepancy may
affect the relative performance of the methods, but we believe the effect to be
minimal. In the following, we present a summary of the overall performance of
the tracking methods, followed by a detailed discussion of each taskd.

4.1 Overall Performance

The fitting F-Measure is an indicator of the spatial fitting (see Figure B]). Spa-
tial fitting refers to how tightly the £ bounding boxes fit the G7. The fit-
ting F-Measure is only computed on correctly tracked people, and a value of
one indicates perfectly fit bounding boxes. Lower numbers indicate looser, mis-
aligned, or missized tracking estimates. Results for the fitting F-Measure indicate
that methods A and D performed comparably well at about .60. Measures B
and C performed at approximately .50. The spatial fitting depends on many
aspects of the method including the features, motion model, and method of
inference. Intuition suggests that the boosted Gabor wavelets of Method D
and the head silhouette feature of Method A were most precise in this case,
but these results cannot be solely attributed to these features without further
experiments.

The counting distance C'D measures the difference between the number of G7's
and &s for a given frame, and gives an imperfect estimation of the configuration
performance, i.e. the ability of the method to place the correct number of £s in
the correct locations. C'D is an imperfect summary because some types of errors
such as F'Ps and F'Ns may cancel in the calculation of C'D, but it is still a good
indicator. The quantity 1 — CD is reported so that higher numbers indicate
better configuration performance (C—D € [0,00) but in our experiments ranged
from 0 to 1). Methods A and C performed best, at about .73, while method
D performed at .64, and B at .58. An alternative way to measure the overall
configuration performance is to sort the methods by rankings of the individual

2 Example videos and details can be found at http://www.idiap.ch/~smith/
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Fig. 3. Results for the three tracking tasks (spatial fitting, configuration, and identi-
fication). The fitting F-measure shows the spatial fitting, or tightness of the bounding
boxes. The quantity 1 — CD is indicative of the ability of a method to estimate the
configuration. The ability of a method to maintain consistent identities is measured by
the identity F-Measure. The numbers above each bar represent the mean for the entire
data set, and the lines represent the standard deviations.

configuration measures (see Section 4.3 and Figure 5). Doing so, we find that
Method C performs the best, followed by Method A, Method D, and finally
Method B. Though not necessarily so, in this case this result is consistent with
the findings of the counting distance.

The identity F-Measure measure indicates how consistently a method was able
to identify the GT's over time; it is a combination of the TP and OP measures.
In this case, method D clearly outperformed the others. This is somehow sur-
prising, as it uses the simplest procedure for maintaining identity (spatial prox-
imity between frames). More sophisticated methods such as models for swapping
identities in Methods A and B, are perhaps not suited for this data. One the
other hand, because Method D relies on specialized face detection, it’s superior
performance may not generalize to situations in which faces are not the target
objects.

4.2 Spatial Fitting

As mentioned in Section 4.1, the fitting F-measure indicates the tightness of the
fit of the bounding boxes to the GT's. From Figure[d] it is apparent that certain
sequences presented much more of a challenge than others. Figure Ml illustrates
the variation of performance on specific pieces of data, something hidden by
all-inclusive measures. Typically, fitting F-Measure values were similar for all
the trackers at approximately 0.80, but for more challenging sequences such as
08R, 09R, 12R, 13R, and 16R, differences were more pronounced and fitting F-
Measure values dipped as low as 0 in one case. Method D was the most spatially
robust for the challenging sequences.

4.3 Configuration

Results for the four configuration error types and C'D can be found in Figure 5l

The measure F'N gives an estimation of the number of False Negatives (or
undetected person ground truths) per ground truth, per frame. Method C
performed the best in this respect, with .26 F'N’s per person, per frame. This
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Fig. 4. The fitting F-Measure shows how tightly the estimated bounding boxes fit the
ground truth (when passing the coverage test)

low rate of missed G7's may be attributed to KLT trackers selection of mean-
ingful image features. Method B performed significantly worse, averaging ap-
proximately .49 FN, which may be due to difficulties in fitting the contour to
the appearance of some heads. F'INs were the most prominent type of config-
uration error among all four tracking methods, usually as a result of an un-
expected change in the appearance of a head, partial views, lighting changes,
entrances/exits, and size variations and occlusions (sometimes as extreme as in
Figure [II).

The measure F'P estimates the number of False Positive errors (or extraneous
Es) per ground truth, per frame. This was the second most common type of
configuration error. Typical causes for F'P errors include face-like or skin colored
objects in the background (texture or color), shadows, and background motion.
Methods A and B were least prone to F'P errors, with a rate of 0.08 F'Ps per
person, per frame. Method A’s low rate of F'P errors can be attributed to the
use of a body model, which only adds people when a body is detected (bodies
are easier to detect than heads). This was followed by Method C with 0.21, and
Method D with 0.23. Method D was particularly sensitive to F'P generating
conditions, as the standard deviation was roughly twice the mean, 0.42. Method
D’s FPs were generated by face-like or skin colored objects in the background
and exposed skin on the arms of the participants.

The measure MT estimates the number of Multiple Tracker errors (which
occur when several estimates are tracking the same ground truth person). The
only method significantly prone to this type of error was Method A. This sus-
ceptibility is due to the fact that Method A uses strong priors on the size of
the body and head to help the foreground segmented image features localize the
head. The priors of Method A are trained using participants in the far field of
view, and are not robust to dramatic changes in size. When a participant ap-
pears close to the camera, Method A often fits multiple trackers to the larger
head area. Methods B,C, and D do no suffer from this effect because they do
not enforce constraints on the size of the head so strongly.

The measure MO estimates the number of Multiple object errors (which occur
when one estimate tracks several ground truths) per person, per frame. This type
of error generally occurs when a tracker estimate is oversized and expands to
cover large areas of the image, or occasionally when people are near one another.
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Fig.5. The configuration measures, FN, FP, MT, MO, and CD, normalized over
the test set

All four methods tested were robust to this type of error. This robustness can
be attributed to the modeling of head objects, interaction models, and motion
models built into each of the methods.

The counting distance measure CD is described in Section 4.1.

4.4 Identification

Results for the identification measures can be found in Figure 6l

The F 10 measure estimates the rate of Falsely Identified Object errors (when
an & tracks a GT; which is not the GT; that the & identifies). Of the two types
of identification errors (F IO and FIT), FIO errors occurred less frequently for
all four methods. F 1O errors are often generated when an £ outlives the G7 it
is supposed to identify, and the £ begins to track another G7, though this was
rare in our experiments. The other common mode of failure occurred when Es
confused G7's, often as a result of occlusion. This method of failure was seen most
in Methods A and B with F'1O rates of 0.05 and 0.04, respectively. Interestingly,
both these methods modeled identity swapping, where s switch labels in an
attempt to maintain identity. Spurious identity swaps could account for higher
FIO rates. Method C was very robust to FIO errors, with a negligible F'10O
rate. Method D was nearly as robust, with a F7O of 0.01.

The FIT measure reports the rate of Falsely Identified Tracker errors (which
occur when a G7 person is being tracked by a non-identifying &£). There are two
typical sources of FIT errors. The first occurs, as with the F IO error, when Es

1
68 56 93 52 i 58 | A
=B
: 44 .
47_35 —cC
.27, .31 1D
FIO FIT TP OP Identity F-Measure

Fig.6. The identification measures, F10, FIT, TP, OP, and identity F-Measure
computed over the test set
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swap or confuse G7s. The second error source occurs when several short-lived
Es track the same G7Ts. Both of these sources caused FIT errors in our test set,
though it can be expected that FIT contributions from the first error source
should roughly match the FIO error rate (and thus, any increase in the FIT
over the FIO is caused by short-lived &s). Methods A and D saw the most
FIT errors, with FIT rates at 0.13 (0.13 FIT errors are generated per frame,
per person). Method D’s FIT errors can be almost exclusively attributed to
multiple, short-lived £s tracking the same G7. Method B was the most robust
to FIT errors with a rate of 0.04.

The T'P measure evaluates the consistency with which an £ identifies a partic-
ular G7. Mis-identified G7Ts cause F'IO errors, but the T'P measure gives equal
weight to all tracking estimates. s with a short

lifetime will not significantly influence the F 10, and £s with long lifetimes
will dominate. Typically, in our experiments, the methods reported a higher TP
than OP. This indicates more £s were generated than the number of G7s in
the sequence (in a temporal sense), and that they lasted for shorter lifetimes.
Method D reported a T'P of 0.93, which indicates that nearly all its £s perfectly
identified their G7's. However, this does not indicate near-perfect identification.
Method D’s OP, 0.46, while on par with the other methods, indicates that the
GTs were often tracked by multiple short-lived £s. Method A reported the next
highest TP, with a value of 0.68, followed by Method B (0.56) and Method C
(0.24). Method C was the only method to report a lower TP than OP.

The OP measure evaluates the consistency with which a G7 is identified
by the same &. Mis-identifying s can cause FIT errors, but OP gives equal
weight to all G7s in the sequence. Short-lived G7's will not significantly affect
the FIT, and G7s with a long lifetime will dominate. Method C reported the
best OP.

4.5 Summary and Qualitative Comments

Giving equal weight to the three tracking tasks described in this document (con-
figuration, identification, and spatial fitting) and using a simple ranking system,
the best performing tracking method is D, followed by A, C, and B. Method
D is the most reliable at identification and exhibits the highest spatial fitting.
However, it does have several drawbacks. It is the slowest of the four methods
and the most sensitive to occlusion. The face detector is based on skin color
detection and is more sensitive to lighting conditions than the other methods.
Skin-colored segments of the background pose a problem for the face detector
(Method D exhibits the highest FP), and the F'N suffers as the detector strug-
gles with non-frontal faces.

Ranked second among the four methods is Method A. Method A was the only
method which did not model skin color, and was the only method which modeled
the body to help localize the head. The use of a body model had several effects.
First, Method A had the lowest F'P rate, which can be attributed to the body
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Method A: Trans-Dimensional MCMC

Fig. 7. Results for frames 307, 333, and 357 of sequence 09L from the AV16.7.avi data
corpus. Method A: body and head results shown. A F'P error appears in frame 357.
Method B: heads results appear as red bounding boxes. Two F'N errors and an F'P
error occur in 307, and one F'N error occurs in 333. Method C: head results appear as
grey bounding boxes. Method D: results appear as grey bounding boxes, participant
arms are mistaken for heads in 307 and 333.

model preventing spurious head £s. The body model assisted in detecting heads,
which kept the F'N rate low. However, because of strong size priors on the head
and body models, Method A performed poorly when tracking heads near the
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camera (resulting in MT errors). Method A was ranked second in spatial fitting
and was also ranked second in maintaining identity, though incorrect swapping
of £ labels may have lowered this performance.

Method C was third overall among the four methods. It was the fastest com-
putationally; the only one approaching real-time frame rates. Method C had the
highest configuration performance, boasting the lowest F'N rate and negligible
MT and MO errors. This can be attributed to the KLTs selection of meaningful
image features. However, Method C performed worst in terms of spatial fitting
and identification. The poor spatial fitting might be due to a lack of shape fea-
tures or features specialized to the face (as in the face detector). Problems with
identification were due to the lack of an explicit way to manage identity among
the trackers.

Finally, Method B fell last overall, but ranked third for each of the three
tracking tasks. In terms of spatial fitting, Method B was the highest perform-
ing method for several of the sequences, but suffered from poor performance on
some of the more difficult multi-person sequences (12R, 14R, and 16R). Among
the four trackers, the Method B was the most robust to partial occlusions. For
Method B, identity was maintained by binning gray values of the face shape.
A lack of color information, poor shape adjustment, and a swapping mecha-
nism like that of Method A, may have caused identification problems for this
method.

From this evaluation, we might draw some of the following conclusions:

1. Shape-based methods, such as B and C, perform as well or better at spatial
fitting when stable, but are more prone to configuration failures, and less
able to recover from such failures.

2. Methods employing background subtraction (such as A and C) seem to have
an advantage estimating the configuration of the scene.

3. Attempts to model identity changes to handle difficult tracking scenarios
such as dramatic changes in size and appearance or frequent occlusions may
do more harm than good (as for Methods A and B).

5 Conclusion and Future Work

The AV16.7.ami corpus contains many difficult real-life scenarios which remain
challenging for state-of-the-art tracking methods. These results represent the first
evaluation of methods for multi-person tracking in meetings using a common
data set in the context of the AMI project. Future work might incorporate
multi-model information or concentrate on tracking other objects in different
scenarios.
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Abstract. In this paper we report on first experimental results of a
novel multimodal user authentication system based on a combined ac-
quisition of online handwritten signature and speech modalities. In our
project, the so-called CHASM signatures are recorded by asking the
user to utter what he is writing. CHASM actually stands for Combined
Handwriting and Speech Modalities where the pen and voice signals are
simultaneously recorded. We have built a baseline CHASM signature ver-
ification system for which we have conducted a complete experimental
evaluation. This baseline system is composed of two Gaussian Mixture
Models sub-systems that model independently the pen and voice sig-
nal. A simple fusion of both sub-systems is performed at the score level.
The evaluation of the verification system is conducted on CHASM sig-
natures taken from the MyIDea multimodal database, accordingly to the
protocols provided with the database. This allows us to draw our first
conclusions in regards to time variability impact, to skilled versus un-
skilled forgeries attacks and to some training parameters. Results are
also reported for the two sub-systems evaluated separately and for the
global system.

1 Introduction

Multimodal biometrics has raised a growing interest in the industrial and sci-
entific community. The potential increase of accuracy combined with better ro-
bustness against forgeries makes indeed multimodal biometrics a promising field.
In our work, we are interested in building multimodal authentication systems
using speech and signatures as modalities. Speech and signatures are indeed two
major modalities used by humans in their daily transactions and interactions.
On the one hand, handwritten signatures are nowadays legally and socially ac-
cepted means for user authentication and contractual terms acceptation. On the
other hand, producing a speech signal is a very natural non-intrusive gesture.

1.1 Motivations

Many automated biometric systems based on signature or speech alone have
been studied and developed [9] [16]. However, we still see few deployments
in commercial applications. We have identified three major reasons for this:

S. Renals, S. Bengio, and J. Fiscus (Eds.): MLMI 2006, LNCS 4299, pp. 102-{IT3] 2006.
© Springer-Verlag Berlin Heidelberg 2006
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(1) negative impact of time-variability [I1], (2) degraded performances in the
case of trained forgeries [I0] [I8], (3) decreased performances in mismatched
conditions of use, such as mismatched sensors or mismatches environments [I§].
While points (2) and (3) can be somehow handled with a minimum of supervi-
sion and control of the acquisition environment, the first point mentioned above
has a critical impact for institutions willing to deploy such biometrics. Indeed,
repeated enrollment sessions are not at all convenient for the user and generate
further costs as they need to be secured.

We propose here a new approach to circumvent these problems while keep-
ing an acceptable solution for the end user. The proposal is to record bimodal
signatures by asking the user to simultaneously say and write the signature.
Such bimodal signatures have already been presented in our preliminary work
Combined Handwriting and Speech Modalities for User Authentication [0] and
are referred here as CHASM signatures. In a similar way, we have also defined
CHASM handwriting where the user reads what he is writing. CHASM handwrit-
ing could be used for user authentication or for enhanced content recognition,
but this is out of the scope of this paper where we focus on CHASM signatures.

The main motivation of CHASM is therefore to increase performance and
robustness by using two modalities instead of one. This work and our future
work will attempt to assess in which degree CHASM signatures authentication
systems can reach this goal. The motivation of performing a synchronized acqui-
sition is multiple. Firstly, it avoids doubling the acquisition time. Secondly, the
synchronized acquisition will probably give better robustness against intentional
imposture as imitating simultaneously the voice and the writing of somebody
else has a larger cognitive load. Finally, the synchronization patterns (i.e. where
do users synchronize) or the intrinsic deformation of the inputs (mainly the
slowdown of the speech) may be dependent to the user, therefore bringing useful
biometrics information.

1.2 Related Work

Several related works have already shown that using speech and signature modal-
ities together permits to improve significantly the authentication performances
in comparison to systems based on speech or signature alone.

In [§], a tablet PC system based on online signature and voice modalities is
proposed to ensure the security of electronic medical records. Tablet PCs are
already used by many health care professional to have a patient’s record readily
available when prescribing or administering treatment. In this system, the user
claims his identity by saying his first and last name that are recognized using
speech recognition. The same waveform is then used with a speaker verification
system based on GMMs to produce a score. In this way, the identification and
verification steps are performed simultaneously. A signature is then acquired and
a dynamic time warping verification system is used to produce a score. Speech
and signature scores are then normalized and fused.

In [3], an online signature verification system and a speaker verification sys-
tem are also combined. Both sub-systems use Hidden Markov Models (HMMs)
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to produce independent scores that are then fused together. Results are reported
for the two sub-systems evaluated separately and for the global system. Better
accuracy is reported for the fused bimodal system. For this test, fictitious users
are built by randomly associating signature and speech samples from two in-
dependent databases, namely Philips’ online signature database and Polyphone
and Polyvar.

In [IT], tests are reported for a system where the signature verification part
is built using HMMs and the speaker verification part uses either dynamic time
warping or GMMs. The fusion of both systems is performed at the score level
and results are again better than for the individual systems. This last work uses
the BIOMET database [4] where the speech and signature data are recorded
from the same user.

The main difference between these works and our CHASM approach lies in
the acquisition procedure. In our case, the speech and signature data streams
are recorded simultaneously, asking the user to actually say the content of his
signature. Our procedure has the advantage to shorten the enrollment and access
time and will potentially allow for more robust fusion strategies upstream in the
processing chain.

The remainder of this paper is organized as follows. In section 2, we give
an overview of the CHASM signature database used in this work and of the
evaluation protocols. In section 3 we introduce GMMs and how they are used
to model the speech and signature data streams. Section 4 presents the exper-
imental results of the evaluation of our CHASM signature verification system.
Finally, conclusions, discussions and future work are presented.

2 CHASM Signature Database

In this section we describe the database that we used to conduct the evalua-
tion. Some comments on CHASM signature data are given and the evaluation
protocols are then described.

2.1 MyIDea Database

CHASM data have been acquired in the framework of the MyIDea biometric data
collection [2] [5]. MyIDea database is a multimodal database that contains other
modalities such as fingerprint, talking face, palm print, etc. MyIDea contains
about 70 users that have been recorded over three sessions spaced in time. In
MyIDea, CHASM data have been recorded according to two scenarios. In the
first one, a bimodal signature with voice is acquired. In this case, the user is
actually asked to say the content of his signature, - CHASM signature. In the
second scenario, the user is asked to write and read synchronously the content
of a text, - CHASM handwriting. The data set used to perform the experiments
reported in this article has been given the reference MYIDEA-CHASM-SET1 by the
distributors of MyIDea. This set should be considered as a development set. A
second set of CHASM data is planned for acquisition in a near future and will
be used as evaluation set.
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In MyIDea, CHASM data have been acquired with a WACOM Intuos2 graph-
ical tablet and a standard computer headset microphone (Creative HS-300). For
the signature stream, x,y-coordinates, pressure and the azimuth and elevation
angles of the pen are sampled at 100 Hz. The speech waveform is recorded at
16 kHz and coded linearly on 16 bits. The data samples are also provided with
timestamps to allow a precise synchronization of both streams. The timestamps
are especially important for the signature streams as the graphical tablet does
not send data samples when the pen is out of range. Fig. [[l shows an example
of CHASM signature. The grey areas on the figure correspond to inter-stroke
moments, when the user lift the pen out of the range of the tablet. We have to
note that these kind of events are not very frequent for signatures and are more
frequent for handwriting.

_/L\L/N”\f\{\f\/\/\///m W nnnn ] W\/\ZXM
y coordinate M
~ pression //\/J

B

speech waveform

Fig.1. Synchronized visualization of handwriting and speech signals. Azimuth and
elevation angles are not displayed for sake of clarity. The upper part of the graph
shows the evolution of z and y coordinates and the pression p. The bottom part shows
the speech amplitude. On this visualisation, all signals are synchronized thanks to the
timestamps.

2.2 Comments on CHASM Signature Data

We performed a visual inspection of CHASM signatures for several different
users. Strokes and acoustic events are of course not always synchronized in the
same way. In most of the cases, a given acoustic event either is synchronized with
the stroke either starts slightly after the stroke (see Fig.[dl). In some realizations,
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the speech event starts slightly before the stroke. The average synchronization
times correspond roughly to syllables when the signature contains clear sequences
of letters, which is the case for most of the signatures. These observations are
in accordance with the acquisition protocol of MyIDea where the subjects were
asked to speak in such a way that the sounds correspond roughly in time with
the written symbols.

Flourishes are usually present in signatures, most frequently at the end of
signatures. When flourishes are happening, a large majority of users are not
producing acoustic events on top of them (as illustrated on the last stroke in
the example of Fig.[I]). If the signature contains only flourishes or non-readable
signs, the subject was simply asked to utter his name while signing. In this case,
there is no specific synchronization of acoustic and stroke events.

In our previous work [6], we report on a usability survey conducted on the
subjects that took part to MylIDea recordings. The main conclusions of the sur-
vey are the following. First, all recorded users were able to perform the signature
acquisition. Speaking and signing at the same time did not prevent any acqui-
sition to happen. Second, the survey shows that simultaneous acquisitions are
acceptable from the user point of view.

2.3 Evaluation Protocols

In MylIDea, six genuine CHASM signatures are acquired for each subject per
session. This leads to a total of 18 true acquisitions after the three sessions. After
acquiring the genuine signatures, the subject is also asked to imitate six times
the signature of another subject. Imitations are performed by letting the subject
having an access to the static image and to the verbal content of the signature to
be forged. In other words, access to the voice recording is not given to perform
the forgery. This procedure leads to a total of 18 skilled fm“gem'e after the three
sessions, i.e. six impostor signatures on three different subjects.

CHASM signature assessment protocols have been defined on MyIDea [6]. The
protocols have been crafted to be as realistic as possible and to put in evidence
difficulties tied to time variability. Two protocols have been defined:

— Without time variability. For each subject in the database, models are
built using three spoken signatures sampled randomly out from the six gen-
uine accesses of the first session. For testing, the three remaining signatures
of the first session are used. The same procedure is repeated for sessions
two and three, leading to a total of 70 users * 3 accesses * 3 sessions =
630 genuine tests. Two kinds of impostor attempts are considered: random
forgeries and skilled forgeries. In the case of random forgeries, impostor at-
tempts are performed using one signature for each of the remaining subjects

! The term skilled forgeries is used here to somehow comply with the nomenclature
used in the literature about signature verification systems. However, one should
note that there is no trained imitation of the speech signal as only the content is
reproduced with no intentions to imitate the genuine voice. For the speech part, the
term passive or content-based forgeries could be then more adequate.
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in the database, giving a total of 70 users * 69 accesses * 3 sessions = 14490
random forgeries. In the second case, the 18 available skilled forgeries are
used against each user, giving a total of 70 users * 18 accesses * 3 sessions
= 3780 skilled forgeries.

— With time variability. For each subject, the six signatures from the first
session are used to build the models. Genuine tests are performed on the
six signatures of session two and session three, giving a total of 70 users *
12 accesses = 840 genuine tests. Random and skilled impostor attempts are
performed in the similar manner as for the protocol without time variability
with the distinction that models are here trained on the first session only,
giving a total of 70 users * 69 accesses = 4830 random forgeries and 70 users
* 18 accesses = 1260 skilled forgeries.

The amounts of tests mentioned above are approximative as some users did
not complete all sessions.

3 System Description

We have chosen to use standard GMMs to model independently both streams
of data, followed by a simple fusion at the score level (see Fig. 2)). While this
system uses straightforward feature extraction and modelling, it will allow us to
validate the evaluation protocol and to draw our first conclusions regarding the
impact of time-variability and skilled vs random forgeries. Performances are also
measured on the speech stream alone (1), the signature stream alone (2) and on
the fused systems (3).

MFCC
speech
speech feature GMM :core
extraction 0]
CHASM score CHASM
data fusion score 3)
signature @
signature
signature featun:e GMM score
extraction

Fig. 2. Baseline CHASM signature verification system

3.1 Signature Features

For each point of the signature, we extract 25 dynamic features in a similar way
as in [12]:

— the absolute speed and acceleration, the speed and acceleration in x and y
directions and the tangential acceleration

— the angle « of the absolute speed vector, its cosine and sine, the derivative
of a and its cosine and sine



108 A. Humm, J. Hennebert, and R. Ingold

— the pressure and the pressure derivative

— the azimuth and elevation angles of the pen and their derivatives

— the curvature radius

— the normalized coordinates (x(n) — x4,y(n) — yy) relatively to the gravity
center (z4,y,) of the signature

— the length to width ratio of windows of 5 and 7 points centered on the current
point and the ratio of the minimum over the maximum speed on a window
of 5 points centered on the current point.

The features are mean and standard deviation normalized on a per user basis.

3.2 Speech Features

We use Mel Frequency Cepstral Coeflicients (MFCC) as features [14]. The fron-
tend’s frame size is 25.625 ms and the frame shift is 10 ms. The frontend extracts
12 MFCC coefficients and the energy. An energy-based speech detection module
based on a bi-Gaussian model is applied to remove the silence from the data.
MFCC coefficients are mean and standard deviation normalized using normaliza-
tion values computed on the speech part of the data. We performed experiments
including delta and delta-delta coeflicients without further improvements of thr
results. These features were then left apart in our baseline configuration for
which results are reported here.

3.3 GMMs System

GMMs are used to model the likelihoods of the features extracted from the sig-
nature and from the speech signal. One could argue that GMMs are actually not
the most appropriate models in this case as they are intrinsically not captur-
ing the time-dependant specificities of signatures. HMMs would be potentially
more adequate in this case. However, GMMs have been reported to compare
reasonably well to HMMs in terms of signature verification [I7] and are often
considered as baseline systems in speaker verification. Furthermore, GMMs are
well-known flexible modelling tools able to approximate any probability den-
sity function. With GMMs, the probability density function p(z,|Meiient) or
likelihood of a D-dimensional feature vector z,, given the model of the client
M iient, is estimated as a weighted sum of multivariate Gaussian densities (see

e.g. [19)):

I
p(xn|Mclient) - sz-/\[(xna His Ez) (1)
i=1

in which I is the number of mixtures, w; is the weight for mixture ¢ and the
Gaussian densities N are parameterized by a mean D x 1 vector u;, and a D x D
covariance matrix, X;:

1

1 PR
N (T, pi, 2i) = Wew (—5(% — i) B - Nz‘)) (2)
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In our case, we make the hypothesis that the features are uncorrelated and
we use diagonal covariance matrices. By making the hypothesis of observation
independence, the global likelihood score for the sequence of feature vectors,
X ={x1,29,...,xN} is computed with:

N
Sc = p(X|Mclient) = H p(xnlMclient) (3)

n=1

The likelihood score Sy, of the hypothesis that X is not from the given client
is here estimated using a world model My o-iq or universal background model
trained by pooling the data of many other users. The likelihood S,, is computed
in a similar way, by using a weighted sum of Gaussian mixtures. The optimal
decision whether to reject or to accept the claimed user is performed comparing
the ratio of client and world score against a global threshold value T'. The ratio
is often computed in the log-domain with:

R. = log(S.) —log(Sw) (4)

The training of the client and world models is performed with the Expectation-
Maximization (EM) algorithm [I] that iteratively refines the component weights,
means and variances to monotonically increase the likelihood of the training fea-
ture vectors. The client and world model are trained independently by applying
iteratively the EM procedure until convergence is reached, typically after few
iterations. In our setting, we apply a simple binary splitting procedure to in-
crease the number of Gaussian components to a predefined value. The world
model is trained by pooling all the available genuine accesses in the database.
The skilled forgeries attempts are excluded for training the world model as it
would lead to optimistic results. Ideally, a fully independent set of users would be
preferable, but this is not possible considering the small number of users (= 70)
available.

3.4 Score Fusion

In our baseline system, we fuse the two modalities by simply summing the
signature and the speech log-likelihood ratios with R.crasym = Respeech +
R signature Which is a reasonable procedure if we assume that the local observa-
tions of both sub-systems are independent. This is however clearly not the case
as the users are intentionally trying to synchronize their speech with the signa-
ture signal. Time-dependent score fusion procedures or feature fusion followed
by joint modelling would be more appropriate than the approach taken here.
These approaches are part of our future work. Also, more advanced score recom-
bination or classification strategies could also be applied such as, for example,
using a weighted sum of the likelihood or using classifier-based score fusion [7].
However, such fusion methods require parameters estimation on an independent
development set which is currently not available. We will then report here fusion
results using the simple summation as described above. We also report results
using a z-morm score normalization preceding the summation. The z-norm is
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here applied globally on both speech and signature scores, in a user-independent
way. Such a normalization procedure makes sense if R; speech and R signature
are distributed according to a Gaussian distribution. As the mean and standard
deviation of the z-norm are estimated a posteriori on the same data set, z-norm
results are unrealistic but give however an optimistic estimation of what could
be the performances.

4 Results

Results of biometric systems are classically measured in terms of impostor False
Acceptation F'A and client False Rejection F'R error rates that vary as a function
of the decision threshold T'. Operating points (FA,FR) can then be plot on a (x,y)
figure with T as parameter. Detection Error Tradeoff (DET)[13] plots are often
used in which the x and y axis follow a normal deviate scale. If the scores are
normally distributed the DET curve will be close to a straight line, enabling
easy observation of system contrasts. We also report our results in terms of
Equal Error Rates (EER) which are obtained for FA = F'R.

For all the results reported here, we have used 64 mixtures in our world mod-
els. Experiments with different world model sizes have been conducted, leading to
the conclusion that 64 mixtures give good results for all protocols. This number
could probably be different if more or less training data would be available. Ta-
ble [l shows the evolution of the EER as a function of the number of mixtures in
the client models, using protocol with time variability and random forgeries. We
tested with 8, 16, 32, 64 and 128 Gaussian mixtures and concluded that, on aver-
age for all users, the optimal number of mixtures lie around 16 mixtures. Similar
conclusions were obtained for the other protocols. For an improved version of
the system, one could compute an optimized number of Gaussian mixtures for
each user and modality such as taking into account the length of the signatures
[11] or computing a cost functions that balances modelling errors and model
complexity [I7]. In the rest of this section, we report results with 16 Gaussian
mixtures for the client models.

Table 1. Equal Error Rate (EER) as a function of the number of Gaussian mixtures
in the client models, protocol with time variability

[number of mixtures| 8 [ 16 | 32 | 64 [128]

signature 7.3(6.4|7.4|8.611.0
speech 12.0]12.2[14.1[14.8]15.0
|sum fusion |47]47]58]6.8]8.0]

Figure[Fillustrates the DET curve of the speech system, the signature system
and the z-norm fusion of both systems for the protocol with (left part) and with-
out (right part) time variability, and using random forgeries. We can conclude
from this figure that the speech modelisation performs better than the signature
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for single session experiments. However, when multi-session accesses are consid-
ered, signature performs better than speech. Signature and speech modalities
suffer from time-variability but in different degrees. The speech modality seems
to be more sensitive to time variability than the signature modality. The z-norm
fusion brings a clear amelioration of the results for both protocols.

DET curve, GHASM signature - without time var. - GMM16 DET curve, GHASM signature - with time var. - GMMW16
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Fig. 3. DET curve - fusion of the signature and speech GMM systems, protocol without
time variability (left) and with time variability (right), random forgeries

Table 2] summarizes the results in terms of ERR for the different protocols.
The following conclusions can be drawn. For the skilled forgeries protocol, a drop
of 3.3% of absolute performance is observed (9.4 - 6.1) when testing on signa-
tures acquired in different sessions as the enrollment. For the speech modality,
the impact is even more important with an absolute decrease of about 15%
of the EER (19.5 - 3.7). Such a drop in the performance can be due to sev-
eral factors. First, the modelling technique we used may not be robust enough
against time variabilities. Using a MAP adaptation of the world model to build
client models would be a potential amelioration in this regards. Second, it is
probable that users show a larger intra-variability for the speech than for the
signature modality. Third, the speech modelisation may suffer from variabil-
ities of the acquisition conditions: different position of the headset-mounted
microphone, environmental noise, etc., while the signature acquisition is more
stable.

Another conclusion is that skilled forgeries decreases systematically and sig-
nificantly the performance in comparison to random forgeries. For the protocol
with time variability, a drop of almost 100% relative performance is observed for
the signature modality and about 50% for the speech modality. We have to note
again here that the forger do not try to imitate the voice of the user but actually
say the genuine verbal content.

The sum fusion, although very straightforward, brings systematically a
clear improvement of the results. These results are in favor of the CHASM
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methodology. Interestingly, the z-norm fusion is better than the sum fusion for
the protocol without time variability and is worse in the case of the protocol with
time variability. A visual analysis of the score distribution of both modalities,
before z-norm and after z-norm, lead us to a potential intuitive interpretation
of this behavior. The application of the z-norm is, by nature, aligning the score
distributions of both modalities. While this is good to fuse scores that lies in
different ranges, the z-norm is also giving equal importance to each modalities.
This is of course not favorable in the case of systems showing very different
individual performances.

Table 2. Protocol with and without time variability, 16 Gaussian mixtures for the
client GMMs, 64 mixtures for the world

time variability|without (%EER)| with (%EER)
forgeries random| skilled random|skilled
signature 4.0 6.1 5.3 9.4
speech 2.0 3.7 14.0 | 19.5
|sum fusion | 1.7 [ 3.1 | 3.5 | 6.9 |

|z—normfusion | 0.6 | 1.3 | 4.1 |8.7|

5 Conclusions and Future Work

A baseline verification system using GMMs for modelling CHASM signatures
has been presented. Results obtained with this system show that the use of
both modalities outperforms these modalities used alone. Results also show that
there is a clear impact of time variability and skilled forgeries on the perfor-
mances. In our future work, we plan to investigate the use of more robust
modelling techniques against time variability and forgeries. In this direction,
we have identified potential modelling techniques such as MAP adaptation of
the world GMMSs, user-dependent model order, HMMs, time-dependent score
fusion, fusion at the feature level followed by joint modelling, etc. As soon as
an extended set of CHASM signature data will be available, experiments will
be conducted according to a development/evaluation set framework. Another
part of our future work will be to investigate CHASM handwriting to build
verification systems.
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Abstract. This paper proposes novel algorithms and system architecture for
tracking targets in video streams. The proposed system comprises a variation of
Stauffer’s adaptive background algorithm with spacio-temporal adaptation of
the learning parameters and a Kalman tracker in a feedback configuration. In
the feed-forward path, the adaptive background module provides target
evidence to the Kalman tracker. In the feedback path, the Kalman tracker adapts
the learning parameters of the adaptive background module. The proposed
feedback architecture overcomes the problem of stationary targets fading into
the background, commonly found in variations of Stauffer’s adaptive
background algorithm and is capable of automatic initialization without the
need for an initial background image.

1 Introduction

Target tracking in video streams has many applications, like surveillance, security,
smart spaces [1], pervasive computing, and human-machine interfaces [2] to name a
few. In these applications the targets are either human bodies, or vehicles. The
common property of these targets is that sooner or later they exhibit some movement
which is evidence that distinguishes them from the background and identifies them as
foreground targets.

The segmentation of foreground objects can be accomplished by processing the
difference of the current frame from a background image. This background image can
be static [3] or can be computed adaptively [4]. The drawback of the static
background image is that background does change. In outdoor scenes natural light
changes and the wind causes movement of trees and other objects. In indoor scenes,
artificial light flickers and pieces of furniture are moved around. All such effects can
be learned by an adaptive background algorithm [5] and any of its modifications, like
[6,7]. Such an algorithm detects targets as segments different from the learned
background, but depends on the targets’ movement to keep a fix on them. If they stop,
the background learning process fades them into the background.

Once a target is initialized, a tracking system should be able to keep a fix on it even
when it remains immobile for some time. In this paper, we propose a novel tracking
system that addresses many of the above mentioned limitations by utilizing a
feedback mechanism from the tracking module to the adaptive background module

S. Renals, S. Bengio, and J. Fiscus (Eds.): MLMI 2006, LNCS 4299, pp. 114 - 2006.
© Springer-Verlag Berlin Heidelberg 2006
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which in turn provides the evidence for each target to the tracking module. We control
the adaptive background parameters on a pixel level for every frame (spacio-temporal
adaptation), based on a prediction of the position of the target. Under the assumption
of Gaussian-like targets, this prediction can be provided by a Kalman filter [8].

This paper is organized as follows: In section 2 the adaptive background,
measurement and Kalman tracking modules are detailed. Some results are presented
in section 3. Finally, in section 4 the conclusions are drawn, followed by some
indications for further work.

2 Tracking System

The block diagram of the tracking system is shown in Figure 1. It comprises three
modules: adaptive background, measurement and Kalman filtering. The adaptive
background module produces the foreground pixels of each video frame and passes
this evidence to the measurement module. The measurement module associates the
foreground pixels to targets, initializes new ones if necessary and manipulates
existing targets by merging or splitting them based on an analysis of the foreground
evidence. The existing or new target information is passed to the Kalman filtering
module to update the state of the tracker, i.e. the position and size of the targets. The
output of the tracker is the state information which is also fed back to the adaptive
background module to guide the spacio-temporal adaptation of the algorithm. In the
rest of the section, we present the three modules in detail.

2.1 Adaptive Background Module

The targets of the proposed system (vehicles and humans) are mostly moving. The
changes in the video frames due to the movement are used to identify and segment the
foreground (pixels of the moving targets) from the background (pixels without
movement). If a background image were available, this segmentation is simply the
difference of the current frame from the background image. The foreground pixels
thus obtained are readily grouped into target regions. A static image of the empty
scene viewed by the camera can be used for background [3]. Unfortunately this is not
practical and adaptive background approaches are adopted [4-7] primarily for two
reasons: First, such an empty scene image might not be available due to system setup.
Secondly and most importantly, background (outdoors and indoors) also changes:
Natural light conditions change slowly as time goes by; the wind causes swaying
movements of flexible background object (e.g. foliage); fluorescent light flickers at
the power supply frequency; objects on tabletops and small pieces of furniture are
rearranged and projection areas display different content. All these changes need to be
learnt into an adaptive background model.

Stauffer’s adaptive background algorithm [5] is capable of learning such changes
with so different speeds of change by learning into the background any pixel, whose
color in the current frame resembles the colors that this pixel often has. So no
changes, periodic changes or changes that occurred in the distant past lead to pixels
that are considered background. To do so, a number of weighted Gaussians model the
appearance of different colors in each pixel. The weights indicate the amount of time
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Fig. 1. Block diagram of the complete feedback tracker architecture

the modeled color is active in that particular pixel. The mean is a three dimensional
vector indicating the color modeled for that pixel, while the covariance matrix
indicates the extend around the mean that a color of that pixel is to be considered as
similar to the one modeled. Colors in any given pixel similar to that modeled by any
of the Gaussians of that pixel lead to an update of that Gaussian, an increase of its
weight and a decrease of all the weights of the other Gaussians of that pixel. Colors
not matching any of the Gaussians of that pixel lead to the introduction of a new
Gaussian with minimum weight. Hence the possible updates of the weight of the i-th
Gaussian of the pixel located at (x, y) at time ¢ are

a new Gaussian
w, (x,y,6)=1 (1—a)w,(x,y,t=1)  non-matching Gaussians (1)
(I-a)w, (x,y,t—1)+a  matching Gaussians

where a is the learning rate.

Some variations of the Stauffer algorithm found in the literature deal with the way
covariance is represented (single value, diagonal of full matrix) and the way the mean
and covariance of the Gaussians are updated [6]. Some further variations of the
algorithm address the way the foreground information is represented. The original
algorithm and most of the modifications lead to a binary decision for each pixel:
foreground or background [5,6]. In [7], the Pixel Persistence Map (PPM) is used
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instead. This is a map of the same dimension as the frames with a value at each
location (x, y) equal to the weight of the Gaussian matching the current color of the
pixel at (x, ). Small PPM values indicate foreground objects, while large indicate
background. The foreground/background threshold is left unspecified though.

The drawback of all the existing variations of Stauffer’s algorithm is that stationary
foreground objects tend to fade in the background with ratea . Small rates fade
foreground objects slowly, but are also slow in adapting to the background changes,
like the motion of a chair. Large rates favor background adaptation but tend to fade a
target into the background when it stops. This fading progressively destroys the
region of the tracked object, deforms its perceived shape and finally leads to loosing
track of the object altogether. When the target resumes moving, foreground pixels
will be marked only at the locations not previously occupied by the stationary target.
When the target has fairly uniform coloration, this can lead to track loss even in the
presence of movement.

We propose a feedback tracking architecture in order to addresses these problems.
The threshold PPM serves as target evidence to the Kalman tracker. The state of the
Kalman tracker contains the ellipse that describes every target. The learning rate is
modified in elliptical regions around these targets. Thus instead of a constant value, a
spacio-temporal adaptation of the learning rate is used:

a(0.1) = {large if (x,) not near target at time ¢ @

small if (x,y) near target at time ¢

This delays fading of the targets and depending on the selection of the small
learning rate and the motion of the targets can be sufficient. In some cases though
where targets stay put for very long periods, even the small learning rate will
gradually fade them into the background. If this starts happening (the target becomes
smaller while its mobility is small), the normal weight update mechanism of (1) is
bypassed. The weight of the current Gaussian is decreased and that of all the rest is
increased with a rate that is inversely proportional to the mobility of the target, as this
is estimated from the state of the Kalman tracker for this particular target. This fading
prevention mechanism is not always in effect; it is only activated when targets are
small and rather immobile, since the tampering of the weights is very forceful and
affects the whole elliptical disk around the target, regardless if the pixel is actually
foreground or not.

The second major proposed modification of Stauffer’s algorithm addresses extreme
flickering situations often encountered in night vision cameras. In such scenes the
PPM needs to be bounded by a very low threshold in order not to consider flickering
pixels as foreground. The threshold on the other hand tends to discard actual
foreground pixels as well. The proposed solution is to adapt the threshold 7 in a
spacio-temporal fashion similar to the learning rate in (2). i.e.

T~

This way flickering pixels are avoided far from the targets, while the targets
themselves are not affected. The penalty of this strategy is the delayed detection of
new very small targets.

small if (x,y) not near target at time

3)

large if (x, y) near target at time



118 A. Pnevmatikakis and L. Polymenakos

These proposed feedback mechanisms on the learning rate lead to robust
foreground regions regardless of the flickering in the images or the lack of target
mobility, while they do not affect the adaptation of the background around the targets.
When such flickering and mobility conditions occur, the resulting PPM is more
suitable for target region forming that the original version of [7]. The forming of
target regions is the goal of the measurement module, detailed next.

2.2 Measurement Module

The measurement module finds foreground segments, assigns them to known targets
or initializes new ones and checks targets for possible merging or splitting. The
information for new targets or targets to be updated is passed to the Kalman module.

The measurement process begins by processing the adaptively thresholded PPM to
obtain foreground segments. This involves shadow detection based on [9], dilation,
filling of any holes in the segments and erosion. The obtained segments are checked
for possible merging based on their Mahalanobis distance and are further considered
only if they are large enough. These segments are associated to targets based on their
Mabhalanobis distance from the targets. Non-associated segments generate new target
requests to the Kalman module.

The targets are subsequently checked for possible merging based on how similar
they are. Since we are using a Kalman tracker, the targets are described by two-
dimensional Gaussians [8]. If two such Gaussians are too similar, the targets are
merged. Finally, very large targets are checked for splitting. This is necessary as, for
example, two monitored people can be walking together and then separate their
tracks. Splitting is performed using the k-means algorithm on the pixels of the
foreground segment comprising the target. Two parts are requested from the k-means
algorithm. These parts are subsequently checked to determine if they are distinct. For
this, the minimum Mahalanobis distance of the one with respect to the other is used.
If the two parts are found distinct, then they form two targets. The one part of the
foreground evidence is used to update the existing target, while the other part is used
to request a new target from the Kalman tracker.

2.3 Kalman Tracking Module

The Kalman module maintains the states of the targets. It creates new targets should it
receive a request from the measurement module and performs measurement update
based on the foreground segments associated to the targets. The states of the targets
are fed back to the adaptive background module to adapt the learning rate and the
threshold for the PPM binarization.

Every target is approximated by an elliptical disc, i.e. can be described by a single
Gaussian. This facilitates the use of a Kalman tracker. The target states are seven-
dimensional; they comprise of the mean of the Gaussian describing the target
(horizontal and vertical components), the velocity of the mean (horizontal and vertical
components) and the three independent terms of the covariance matrix.

The prediction step uses a loose dynamic model of constant velocity [10] for the
update of the mean position and velocity. As for the update of the three covariance
terms, their exact model is non-linear, hence cannot be used with the Kalman tracker;
instead of using linearization and an extended Kalman tracker, the covariance terms
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are modeled as constant. The variations of the velocity and the covariance terms are
permitted by the state update variance term. This loose dynamic model permits
arbitrary movement of the targets. It is very different to the more elaborate models
used for tracking aircraft. Aircraft can perform a limited set of maneuvers that can be
learned and be expected by the tracking system. Further, flying aircraft can be
modeled as rigid bodies thus strict and multiple dynamic models are appropriate and
have been used extensively in Interacting Multiple Model Kalman trackers [11,12].
Unlike aircraft, street vehicles and especially humans have more degrees of freedom
for their movement which includes apart from speed and direction changes obstacles
arbitrarily, rendering the learning of a strict dynamic model impractical. A strict
dynamic model in this case can mislead a tracker to a particular track even in the
presence of contradicting evidence [13].

3 Experimental Results

The proposed feedback tracking architecture is tested on the CLEAR evaluations
(video sequences coming from the CHIL and VACE projects). In this section we

(b)

Fig. 2. Tracking with (a) and without (b) the proposed feedback that spacio-temporally adapts
the learning rate of the adaptive background module. Without the proposed scheme, the top-
right target is lost entirely, whereas the center-left one is in the process of fading (see the PPM
on the right column of the figure). The moving bottom-right target is not affected.
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show the effect of the algorithm on the data, more specifically, how it is applied
successfully both in indoor and outdoor environments. Figures 2 and 3 show the
effect of the spacio-temporal learning rate adaptation to the PPM when a target
remains stationary. When the proposed adaptation is not used, stationary targets fade,
so that the system either looses track (Figure 2) or has reduced tracking accuracy
(Figure 3).

Fig. 3. Tracking with (a) and without (b) the proposed feedback that spacio-temporally adapts
the learning rate of the adaptive background module. Without the proposed scheme, the
stationary target is no longer tracked. Instead, the system tracks the chair the target has started
moving.

Figure 4 shows the effect of the spacio-temporal adaptation of the threshold for the
binarization of the PPM in the adaptive background module. The morphological
processing of the thresholded PPM can result in false alarms if the threshold is not
adapted by the states of the Kalman tracker.

(®) (c)

Fig. 4. Tracking in outdor night video (a) with (b) and without (c) the proposed feedback that
spacio-temporally adapts the threshold for the binarization of the PPM in the adaptive
background module. Without the proposed scheme, night camera flicker generates false alarm
segments, one of which exceeds the size threshold and initiates a false target (marked by the
yellow circle).

4 Conclusions

The proposed tracking architecture of the adaptive background and the Kalman
tracking modules in a feedback configuration combines the immunity of Stauffer’s
algorithm to background changes (like lighting, camera flicker or furniture
movement), with the stability of the targets of the static background, no matter if they
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move or not. Utilizing the Kalman tracker, gates are effectively built around the
tracked targets that allow association of the foreground evidence to the targets.

The use of Kalman filtering necessitates the approximation of the tracked objects
by two-dimensional Gaussians. This can be troublesome depending on the nature of
the objects and the camera. Gaussians are sufficient approximations to vehicles. They
are also sufficient approximations to human bodies when the camera viewing
conditions are far-field (fisheye ceiling or road surveillance cameras) and the dynamic
model of the Kalman tracker is loose. The limbs lead to important deviations from the
Gaussian model for close viewing conditions. In such conditions, multiple occluding
targets are common and the loose dynamic model is no longer capable of tracking. To
overcome the problem of many, occluding, non-Gaussian-like targets, future
extensions of the proposed tracking architecture will replace the Kalman tracker with
CONDENSATION [14] algorithm. In a second extension of the proposed tracker,
occlusions can also be handled if multiple synchronized and calibrated cameras [15]
are available, to allow three-dimensional models of the targets.
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Abstract. There has been some controversy over the true subject por-
trayed in Leonardo da Vinci’s Mona Lisa. In particular, there are sugges-
tions that the painting is in fact a self-portrait. In this paper, we analyze
the shapes of the features in the Mona Lisa and a known self-portrait of
Leonardo da Vinci using active shape models. We conclude that the two
faces have very distinct features and that they appear to be of different
genders.

1 Introduction

The Mona Lisa by Leonardo da Vinci is arguably one of the most famous pieces of
art in the world. In [I], Schwartz argues that the surface painting, supposedly of
Lisa Gherardini, is actually a self-portrait of Leonardo. She supports her claim by
noting that the eyes, nose-tip, and mouth of the Mona Lisa lines up with a known
self-portrait of da Vinci. However, she does not take into account the possible
range of face shape variation in the human population. We attempt a more
sophisticated analysis by constructing an active shape model [2] (ASM) of human
faces. These models capture a mean shape and can describe the correlation in
the ways that the shape vary. In addition to using a more advanced model, we
expect a more reliable result because we are using more landmarks. Our results
contradict that of Schwartz and suggest that the two images feature distinct
faces.

2 Analysis

One of the first things that we noticed when we began our analysis is that the
Mona Lisa has cracks which may obscure its texture; the da Vinci self-portrait
is lacking in texture altogether. Thus, we use only shape information in our
comparison. To accomplish this, we built an ASM face model, which will tell us
about the natural range of variation in face shapes. We also tuned a k-nearest
neighbor gender classifier to check the shapes of Mona Lisa’s features.

2.1 Database

We used a manually labeled database of 488 frontal faces of different ethnicities.
The database contains 151 females and 337 males. Each face was labeled with
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Fig. 1. Sample image showing Fig. 2. Our labeling of the Mona Lisa and Leonardo
our landmarks da Vinci’s self portrait

87 landmarks, as shown in Figure [l We also manually labeled the Mona Lisa
image and the da Vinci self portrait, as shown in Figure

2.2 Active Shape Model

Active shape models [2] (ASM) are an effective way to represent deformable
objects such as faces. In this section we review the original ASM model as well
as our modifications of that algorithm.

Preprocessing. Although similar in
spirit, our preprocessing steps differ sig-

nificantly from those specified in [2]. In Resampling

his paper, Cootes distinguished among 0

three types of landmarks. Type 1 land- Z; &onp $e38y

marks include eye and lip corners, which | o205 b @ Seo0

have semantic meaning and are relatively 4 izi {j

easy to localize. For faces, type 2 land-  os

marks would include the points along the 06 'w

bottom of the nose because they corre- %

spond to regions of high curvature. Fi- Z:
nally, we have many type 3 points around ; 9 Fecampled

the face boundary which are interpolated oo e e

from type 1 and type 2 points. The incon- Fig.3. An example of resampling the
sistencies of manual labeling causes these the landmarks

points to slide along the curve, dramati-

cally increasing variance. We took several steps to reduce this effect. First, we
aligned on the eye corners instead of doing a least-square solution on all of the
points as suggested by the original paper. We also fit a cubic spline to the edge
and resampled the points so that they are more equally spaced, as shown in
Figure Bl Finally, we enforced symmetry by averaging the left and right halves
of the face.
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Fig. 4. Plots of x + «a;v; for —34/); < a; < 34/A; and j € {1,2,3,4}. These plot
represent three standard deviations in either direction from the mean along the first
four modes of variation.

Principal Component Analysis. At the heart of the active shape model
is the application of principal component analysis (PCA). This process fits a
low-dimensional ellipsoid to the data, providing an estimate of the amount and
direction of variations.

The analysis begins by finding the mean shape X, given by

1 N
i=1

where x; is one of N faces in our database. The next step is to build a scatter
matrix S, which is given by

S= NZ(xi —x%)(x; —x)7. (2)

Now, let \;, v; be the corresponding the 7t largest eigenvalue and corresponding
unit eigenvector of S. That is, v; and ); satisfy

SVj = )\jVj, V?Vj =1. (3)
Each of the eigenvectors represents a mode of variation, or a way that a particular
face shape can differ from the mean face shape. The first four modes are shown
in Figure [

Usually, PCA is used as a dimension-reducing technique that simplifies and
smoothes the data. To do this, we throw away the modes with low eigenvalues.
In order to guide how many modes to keep, we note that retaining only the &
most significant modes will allow us to capture a fraction of the total variance
given by

k
o 2 j—1Vi
Zj Vj
Choosing 7 = 0.95, we find that we need to use k = 12 eigenvectors. This is in

contrast to the 35 that would be necessary had we not resampled, or the 21 that
would be necessary if we did not enforce symmetry.

T

(4)
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Mahalanobis Distance. The result of the PCA analysis is an efficient repre-
sentation of face shapes. We can now describe a face x; with twelve coefficients
Tily---yT512 given by

l'i’j = XiVj. (5)

This set of coefficients indicates how our particular face differs from the mean
face along the major modes of variation. They minimizes the error in the recon-

struction
12

X %X+in7jvj. (6)

j=1

In addition, we can compare two shapes by evaluating the Mahalanobis dis-
tance between the sets of coefficients. Suppose shape x is described by x1, ..., 212
and shape y is described by y1, . . ., y12. Then, the Mahalanobis distance between
the two is given by

12
(zj —y5)*
||X - Y||§/Iahalanobis = Z ])\73 (7)

j=1 /

This distance takes into account how much variation there is along a particular
mode. That is, this metric reflects the fact that two shapes which differ along
a mode that normally has a low variance are more dissimilar than two shapes
that differ along a mode that usually has a high variance. Therefore, it is a good
measure for determining the relative distance between two face shapes given the
range of variations that occur in our database.

2.3 Gender Classifier

Our database contained gender labels, so
in addition to simply performing shape
analysis, we we built a k-nearest-neighbor

0.4
0.35
classifier to perform gender classification. 02
If Schwartz’s claims are true, we may 028 %
expect to classify both Mona Lisa and 02
Leonardo da Vinci as male. A k-nearest-
neighbor classifier does not require ex-
plicit model building, but we must select ‘ ‘ ‘ ‘
an appropriate k. To do this, we tried dif- 0 5 10 15 20
ferent values and measured the error rate
using the leave-one-out test methodology. Fig. 5. Error rate of k-nearest-neighbor
The results are shown in Figure[5l The er- classification as function of k
ror rate consistent for varying k, showing
that it is in fact possible to separate gender using face shapes. The minimum
was at k = 19, which achieves 79% accuracy on our database. This is the value
we used for our experiment.

error

0.15
0.1

0.05
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3 Results

The Mahalanobis distance between Mona Lisa and Leonardo da Vinci is 4.02.
Figure[@ plots this against the distances between points in our database. We note
that the Mona Lisa-Leonardo da Vinci distance is over 3.6 standard deviations

Relative Distances

Mahalanobis distance

2 database
| — — — Mona v.s. da Vinci

0 50 100 150
i neighbor

Fig. 6. Distribution of distances in our database. The plot shows the Mahalanobis
distance from a point to its n'" nearest neighbor. The line is the mean distance, and
the error bars represent a 95% confidence interval. The dashed line is the distance
between Mona Lisa and Leonardo da Vinci.

19 NN classifier

50 I
1| I male
| I female
40+ | B da Vinci
[ ® Mona Lisa
I
- 30 \
c
=] |
o
oS [
20+ |
I
10f :
1 ‘
0 I [ ] e
0 5 10 15 20

# female neighbors

Fig. 7. Summary of 15-nearest neighbor classification results. Points to the right of
the dotted line are classified as female. The histogram summarizes the result of on our
labeled database. The square and circle indicates the ranking of the Leonardo da Vinci
face and the Mona Lisa face, respectively.
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away from the mean of adjacent faces in our database. This indicates that it is
unlikely that they come from the same face. Indeed, the distance between the
two is comparable to a point and its 95" closest neighbor, indicating that they
are quite distinct.

Applying our gender classifier to the Leonardo da Vinci and Mona Lisa faces
yields the result detailed in Figure [l Those to the right of the dotted line were
classified as female. The histograms show the distribution of male and female
faces during the leave-one-out testing. As expected, the bulk of the female faces
are to the right of the line, while the majority of the male faces are to the left.
Not surprisingly, Leonardo da Vinci has 15 male neighbors out of 19, placing
it solidly in the male camp. Mona Lisa, however, had 11 female neighbors and
was classified as female. This is consistent with our results above and with our
conclusion that the to faces are distinct.

4 Discussion and Future Work

We have shown that the appearance of Mona Lisa is very strongly distinct from
that of Leonardo da Vinci. This result contradicts that of Schwartz’s previous
work. However, we believe that our results are more reliable because we use a
larger number of feature points. We also characterized the differences between
the two depictions relative to the normal variance found in human faces. The
relatively enormous distance between the two face shapes suggests that they
are different. The fact that our classifier find that the Mona Lisa is female also
bolsters our claim.

In the end, there is a limit in applying techniques designed for photographs
on pieces of art. The shapes rendered by an artist’s hand is subject to interpre-
tation and style. Without asking him personally, it would be very difficult to
determine if Leonardo da Vinci intended to paint a (perhaps feminized) version
of himself when he create the Mona Lisa. However, we hope that the publication
of this result will encourage researchers in computer vision to examine this is-
sue. In particular, we recognize that our analysis is entirely two dimensional. An
extension into 3D may better model the pose variations seen in the paintings.
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Abstract. In this thriving world of mobile communications, the difficulty of
communication is no longer contacting someone (the receiver), but rather con-
tacting them in a socially appropriate manner. Ideally, senders should have some
understanding of a receiver’s availability in order to make contact at the right
time, in the right contexts, and with the optimal communication medium. This
paper describes our ongoing research on the Connector, an adaptive and context-
aware service designed to facilitate efficient and appropriate communication. We
describe a set of empirical studies whose results converge upon the important
subject of people’s availability in mobile contexts.s

1 Introduction

1.1 Project CHIL and the Connector Service

Computers are becoming more ubiquitous and seamlessly integrated into everyday life.
At present, considerable human attention is devoted to operating and attending to com-
puters, and people are often forced to spend precious time fighting with technologies
rather than engaging in human interaction and communication. This unfortunate trend
moves us further away from Mark Weiser’s motivation for the post-PC era of ubiquitous
computing, getting us away from staring at PC monitors with computers at the center
of attention in order to re-engage in human interaction [[1]].

Having computers anticipate our needs and provide us with relevant information
and services would help people to break the technological attention barrier and re-
engage in meaningful human interactions. Such human-centered computational tools
would be particularly beneficial in meeting situations or technologically-mediated com-
munication.

Within the framework of the CHIL project - Computers in the Human Interaction
Loop - we intend to develop context-aware, proactive computer services that assist
people during daily interactions with others [2]. Rather than expecting people spend
their time attending to technology, CHIL’s goal is to develop computer services that are
sensitive in attending to human activities, interactions, and intentions. In order to act
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in a proactive yet implicit way, services should be able to identify and possibly even
understand human activities.

In this paper, we describe our ongoing research on a CHIL service called
the Connector [3]. The Connector is designed to intelligently connect people at the
right place, the right time, and with the best possible medium for socially appropriate
communication.

1.2 Availability in Mobile Contexts

Modern communication technologies bring considerable advantages, as well as bur-
dens, to both the sender and the receiver in a communication [4]. Despite the funda-
mentally social nature of communication, research and design of communication tech-
nologies disproportionately favors the initiators of communication, the sender, over the
target of communication, the receiver. Therefore, the guesswork involved in making
decisions about how and when to contact someone is placed in the hands of the sender.
The sender calls when their situation is conducive to communication, but they do so
with little knowledge of the receiver’s situation. The problem is further exacerbated
with the advent of mobile communication which decouples location from situation,
thus decreasing the capacity for a sender to make informed decisions about the person
they are calling. In the past, people were called at locations which reasonably described
their current activity e.g. home, work, or school, but now that mobile phones are any-
where that people are, little contextual information can be inferred about the state of the
receiver.

If there is no need to communicate in a synchronous way, this problem is much
less apparent. Asynchronous communication, such as email, is reasonably convenient
since the sender worries less about disturbing the receiving party. Instant messaging
clients let the receiver set one’s own online availability status, which has a number of
benefits. However, the growing use and constant attending to instant messages often
becomes a distraction to users [3]] [6]. Moreover, text-based communication lacks the
emotional richness and nuance found in oral communication where the same phrase
said differently means differently. IM users are obviously aware of this pitfall as they
very often use it to negotiate availability for a phone conversation [[7].

The Connector aims at empowering both the receiver and the sender to establish
communication, either synchronous or asynchronous, in a contextually appropriate way
based on each party’s availability. In order to inform the development of this technology,
we have conducted a series of studies designed to understand how current mobile phone
users negotiate and decide upon when to engage in communication. The results from
these studies inform the development of a model of availability for communication and
this model facilitates the design of the Connector communication service.

The remainder of this paper is organized as follows. Section [2] is an overview of
related work. Section [3| outlines a series of large-scale field studies with one hundred
mobile phone users conducted on a university campus to understand patterns of mobile
phone use in everyday life. Section[4] describes the design and prototype implementa-
tion of the Connector Service as an adaptive and multimodal communication tool, with
front-end clients running on smart phones, standard phones, WinXP and the World
Wide Web. The following section presents results from a pilot study on availability
collected with this system. We end with a summary and conclusions.
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2 Previous Work

It is assumed that 50 per cent of phone communications fail because they do not happen
in the right moment in time [8]]. Brown and Randell [9]], in their essay on context sensi-
tive telephony, discussed the possibility of an automated agent that blocks calls on the
behalf of users. They concluded that a better solution would be to provide the callee’s
context information to the caller to let the caller make a more informed decision about
whether or not to initiate the call.

A number of mobile awareness systems are doing work that aligns well with this
approach. Context Phone [8]] is a Smart phone application which enables users to share
their context with their others who use the same application. Both ” Awarenex” [[10] and
“Live Addressbook” [[L1]] are systems on mobile devices that allow users see others’
location and availability status with an interface similar to today’s instant messaging
buddy lists. Users can consider this information in order to make more informed de-
cisions about contacting others. The ”Live Contacts” system [[12] also provides pref-
erences for communication channels. “Enhanced Telephony” [[13] is a desktop-based
design of an enhanced PC-phone. In all of these systems, users must either manually up-
date their availability state or context information is inferred automatically from sources
such as login time, personal calendars, messenger status, idle time of computer input
devices, and engagement in communication activities.

SenSay [[14] is a mobile phone that follows a different approach. It adapts to changing
user states by manipulating ringer volume, vibration, and phone alerts for incoming
calls. SenSay uses a number of wearable sensors including accelerometers, light and
microphones mounted on the user’s body to provide context information.

The Connector is designed to combine many of the features mentioned above. Ad-
ditionally, the Connector leverages machine-learning techniques to sense the receiver’s
availability from automatically gathered context cues. Connector clients run on Smart
phones as well as WinXP platforms; it supports a standard phone dialogue interface.
To inform the design of the Connector, we conducted a suite of large-scale field stud-
ies in order to understand mobile usage patterns in terms of receiver availability. These
field studies consisted of both an exploratory survey field study a field experiment that
involved controlled, randomly assigned experimental conditions.

3 Large-Scale Mobile Phone Field Studies

We ran large-scale field studies with approximately one hundred mobile phone users in
order to understand and enhance our understanding of mobile phone usage patterns. We
designed the studies with a special emphasis on receivers in everyday life.

The first study focused on revealing the contextual characteristics that correspond
to successful mobile connections. Multiple methods of inquiry were employed in order
to provide a better understanding of receiver availability across a diversity of contexts
within which mobile communication occurs. This model is carried forward into the
second study, where it informs the design of a basic Connector service that facilitates
contextually appropriate mobile phone conversations.

The overall intent of the field studies was to discover how to best facilitate success-
ful, efficient, socially appropriate communication through mobile phone technology



132 M. Danninger et al.

for the Connector service. Analysis of the extremely large amounts of collected data
points is our current work in progress. We present our initial results in the following
sections.

3.1 Availability Study — Everyday Mobile Phone Usage Patterns

This study investigated the contextual circumstances under which successful, missed,
and rejected calls occurred. The study deployed a system capable of randomly pinging
users throughout the day to determine availability for conversation in situ. Addition-
ally, participants indicated their availability for mobile conversations using an online
calendar, hosted by an Exchange server. Availability probes were deployed throughout
a period lasting one full week. The length of this period means allows data to be an-
alyzed for differential use patterns during weekdays versus weekends, daytime versus
evenings etc. Each ping consisted of a call, deployed by the server, to a human receiver.
If the receiver answered, the server played a recorded voice prompt, asking the receiver
to indicate his or her current availability for a conversation (by voice or DTMF). Upon
being pinged, receivers responded with their availability by hitting a key on their mo-
bile phone keypad, 1-9, regarding their availability at the moment. Our telephony server
logged whether or not the appointments scheduled in the receiver’s calendar, whether
or not the receiver answered, and ambient acoustic noise during the call.

Finally, at the close of each day, participants completed an online questionnaire about
their context when each phone call was received. They describe features of the situation
that influenced their decision to communicate, or not, at the time. For example, ”I was
visiting with a friend. We were talking and not too busy but he is a very close friend,”
or, "My boss was in the room and asked what the call was about,” or insights like I
realized that when filling out the online calendar, I did not always block off times I could
not answer the phone but instead times when I did not want to answer the phone.”

This study allows multiple evaluation strategies: correlation between plans and situ-
ated availability (similar to Suchman’s plans and situated action [15]), models of usage
patterns based on time of day or calendared activities, and content analysis of contextual
features that predict availability for communication. The study will provide an empiri-
cal foundation for deriving a model of receiver availability. This model will be carried
forward into the design of the Connector, in order to facilitate contextually appropriate
mobile phone conversations.

3.2 Connector Study — Mobile Phone Communication with Connection
Assistance

The second study was designed to examine how the Connector, by facilitating a con-
versation between two individuals, affects ease of communication, social judgments
and perceptions of each other, and assessments of the Connector system, across both
coordination and collaboration tasks. Students engaged in both individual- and group-
centered activities involving two features of the Connector. Feature 1 was the 1:1 Con-
nector service, which facilitated 1:1 connections between two individuals by offering
callee availability information to callers at the time of the call. Feature 2 was the 1:N
Connector service, which facilitated connections from one caller to the a group of in-
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dividuals, offering connections to those group members who are currently available at
the time of the call.

Students used their own mobile phones to call the Connector telephone server (see
Section[d)). The system encouraged senders to complete a call only when receivers were
available, thereby minimizing the risk of inappropriate interruptions or missed calls.
Additionally, by placing a system between the sender and receiver, both sides were free
to provide detailed information about their availability without allowing direct surveil-
lance by other humans. Eight teams of students were asked to complete coordination
and a collaboration tasks with eleven or twelve teammates. Teams were arranged to
maximize likelihood of unfamiliarity with teammates by choosing students from differ-
ent discussion sections. Experimental conditions were randomly assigned.

In a between-subjects 2 (feature 1 or no feature 1) x 2 (feature 2 or no feature 2) de-
sign, we had four conditions in this study with two teams per condition. We varied two
dimensions, directly informed by the two Connector features, 1:1 Connector feature and
1:N Connector feature. The control condition consisted of team members completing
the tasks through typical mobile communication. The other three experimental condi-
tions consisted of either only the 1:1 Connector feature, only the 1:N Connector feature,
or both the 1:1 and 1:N Connector features.

There were two experimental tasks in this study; one featured coordination and one
featured collaboration. In the first task, participants had to contact at least half of their
teammates for help solving a Mystery Person task. This task required collaboration and
information exchange between participants because team members each had a differ-
ent set of clues that collectively complete the process of elimination to identify their
team’s Mystery Person, but did not require a face-to-face meeting. In the second task,
participants were asked to arrange a face-to-face meeting. At this face-to-face meeting,
teammates took a group picture to prove that they met at the requested location (see
Figure[T).
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Fig. 1. Left: All possible faces in the Big Connector Study’s Guess-Who-Task, each team had to
collect clues from team members to find their Mystery Person. Right: Group picture taken during
the coordination task.
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3.3 Discussion

These large-scale studies were not only field studies, but also involve experimental ma-
nipulations that allow for controlled examination of what differences in Connector fea-
tures will make a difference for future users of the system.

All studies were performed at Stanford University during the fall 2005 quarter, using
roughly 100 college-aged students from mixed disciplines (social science, engineering,
and humanities) from an introductory course in Communication. Evaluation of the col-
lected data is work in progress. Initial results from the Availability Study indicate that
participants with calendar appointments marked as busy or free did not significantly pre-
dict how available participants were for communication according to the in-the-moment
availability as measured by pings from the server. This supports the claim that there is a
problem with calendaring information, which could be framed as planned (scheduled in
calendar) availability as being very different from situated (in-the-moment) availabil-
ity. Therefore, we conclude that calendar information alone is not sufficient to estimate
availability for communication.

This work suggests a need for a better predictive framework for receiver availability
and a more detailed understanding of receiver location, environment, activities, social
relationship to caller and communication urgency. The Connector service described in
the following section is an attempt to create and test such a predictive framework.

4 Design and Implementation of the Connector Service

The Connector is an adaptive and context-aware service designed for efficient and so-
cially appropriate communication. It maintains an awareness of its users’ activities,
preoccupations, and social relationships to mediate a proper moment and medium of
connection between particular people. In this system, personal agents act as virtual ad-
ministrative assistants, who know how to selectively facilitate some calls while blocking
others.

In order to be ubiquitously accessible for users, Connector clients can run on a set of
Smart phones, as a Windows XP application, and as a web service. A dialogue interface
is supported for all standard phones. Machine-learning techniques are used in order to
learn individual user availability, from automatically detected context cues, as well as
direct user input.

4.1 System Overview

The system architecture in Figure 2| shows how various clients are integrated and com-
municate to the core Connector module. So far, all the logic is placed on the server
side of the system. The core Connector module is responsible for collecting context
information and learning the users’ availability model. Data such as user preferences
and settings are stored in a database. Calendar information is hosted by an Exchange
server. The client-server communication is XML-based over TCP. Brief description of
the clients follows.

4.2 Connector Clients

Connector smart phones run a custom-built graphical Connector user interface, indi-
cating current receiver availability. The system controls incoming calls, outgoing calls,
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messages, and phone alerts. Currently supported platforms include Sony Ericsson P900
Symbian phone and Windows CE devices. The smart phones contact the user’s server
placed personal agent to determine how to respond to incoming calls or messages. The
communication takes place via Wifi or GPRS.

MyConnector is the Connector client running on Windows XP (screenshot shown in
Figure ). It provides an interface to set preferences and manage contacts. Along with
phone communication, MyConnector lets the user send emails, send instant messages,
and allows conference calls (via the Skype API). In the contact list, various symbols
are displayed showing the availability of the contact person for communication media
such as Skype IM, Skype call, email, office phone, home phone and cell phone. My-
Connector does as well gather PC activity in the background as context cue to learn
user availability.

Not everyone owns a smart phone and will be willing to install the MyConnector
WinXP application. Therefore, a set of Connector functionality is available from every
standard phone via a voice dialogue system. By calling a person’s (toll-free) Con-
nector number, the call is routed through our telephone server. As the caller, once you
identify yourself and the person you want to contact, the Connector service will inform
you about the receiver’s current availability; and then proceed to route or block the call,
accordingly. This is the setup that was used and tested in the field studies described in
section 3

User profiles and current availability are also viewable from web browsers. Each
user has a public profile accessible by anyone and different custom profile, which typ-
ically has more detailed information for selected individuals. Figure 3] demonstrates a
public profile. We integrated the Google Maps service to display the current location of
a user. Also, an overall availability level and details of the callee’s current location is
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Fig. 2. Overall Connector architecture
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Fig. 3. Screenshot of the MyConnector Windows XP client and web interface showing a user’s
public profile

displayed. Icons indicate availability for different communication media; active icons
may be clicked to use that communication medium to contact the person. The level of
information granularity displayed is user-defined in the owner’s privacy settings.

4.3 Privacy Settings

Whenever personal data such as this is broadcasted, privacy immediately becomes an
extremely important issue to the user. This becomes obvious, as most people do not
want their detailed location being shown in a Google map on the web. The Connector
provides the opportunity to specify who should be able to see what information when.
E.g. I want all my colleagues to see the building I am in, but only during working hours,
but my family can always see where I am. The default should be only specifying what
world continent I am on (as opposed to what country, city, street,building, or room).

We implemented hierarchical privacy rules in a rule based system. Each rule specifies
when it will fire depending on the time of day (free time or work time) and the location
of the user. Such privacy rules can be created for users or groups in the address book;
the default setting is used for unknown persons.

According to previous research [16][17]], it is necessary to provide appropriate de-
fault settings when it comes to privacy related data. We ran a survey with 43 people
to find appropriate default privacy settings for the Connector service. In this survey
people were asked which details about their location and current activity they would
like to broadcast to their wife/husband, family, friends, acquaintances, coworkers and
their boss, during work time and free time. The time of day seemed to be only relevant
for work-related persons (co-workers, boss). As expected, less known persons (such as
acquaintances) were less trusted than people in more proximate social circles (such as
family and friends).

4.4 Learning User Availability

The Connector uses machine-learning techniques to model contextual knowledge about
the user and to infer the user’s availability for communication. Input comes from
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automatically detected context cues collected in the MyConnector WinXP applica-
tion such as:

— personal calendars: entries in a personal calendar

— PC activity: keyboard and mouse events, active application, window switching
frequency

— location in office: based on the analysis of video-streams from cameras installed in
our research labs

Our system uses Bayesian networks. Investigating different classifiers, such as de-
cision trees and other Bayes-based classifiers, and attribute combinations is work in
progress.

Further analysis of the MyConnector pilot study described in section[3] will definitely
impact the design of future MyConnector systems as we learn more about the usefulness
of various context cues to be used as attribute combinations for the classifier.

5 MyConnector Pilot Study-Predicting User Availability

In order to inform the development of the MyConnector technology, we have conducted
an experiment to understand which or which combination of a large set of context cues
(either automatically collected by the MyConnector system or manually entered by the
participants) have a strong predictive power for gauging one’s availability.

5.1 Study Design

We ran a pilot study with 9 participants at research labs in Karlsruhe and Stanford for
one week in order to investigate the predictive power of context information currently
used by MyConnector, as well as a number of possible future measures, that were self-
reported by our subjects in this study. We used an experience sampling technique, and
pinged subjects about their current availability and current activity during their normal
daily activities. A popup window appeared on their screen about every 20 minutes.
By simultaneously collecting sensor data as described in Chapter 4.4] we can examine
offline which of the following factors would have produced the best estimates of one’s
availability.

Additionaly, participants were asked to manually enter availability feed-back every
20 minutes, self-reported context cues were the following:

— current location: e.g. office, home, transit on campus

— accessibility of communication media e.g. Email, IM, office phone

— social acceptability: How socially acceptable would it be to take a phone call in
the current situation

— activity category: one of: basic needs (e.g. eating, sleeping), household needs (like
cooking), intellectual needs (at job, at meeting, ...), trransportation needs, commu-
nication needs, interpersonal needs (socializing with friends, ...), personal needs
(reading, watching TV, ...)

— mental and physical engagement: while doing the current activity
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— importance and urgency: of the current activity
— point in lifespan: of the current activity (beginning, middle or end)
— collocation: with how many people

Providing no data was interpreted as not available at all. Ground truth was a self-
reported availability level between 1 and 4, meaning:

— 1: not available at all (e.g. sleeping, swimming)

2: basically not available, but exceptions possible (e.g. meeting, driving a car)

3: busy but can be disturbed (e.g. internet browsing, preparing slides)

4: free, communication encouraged (e.g. doing public transportation, waiting for an
appointment)

For the offline data analysis, we used an iterative learning approach to get compara-
ble results to an online classifier. Data entries were sorted by timestamps, and for each
data entry t the classifier has been trained on data entries 1 to t-1. For the final result,
the classification results for each item were counted.

5.2 Initial Results and Observations

Table[Il shows the results of using various context cues in the Bayes classifier to predict
availability. We see that learning a person’s availability seems to be a very hard task.
Partially, this may be due to the fact that a person’s ’stated’ or ’planned’ availability
as e.g. scheduled in a calendar, does not always correspond to their ’demonstrated’ or
“in-the-moment’ availability. On the other hand, if an event is planned, interruptions are
probably much more awkward then in a spontaneous meeting.

The time of day was especially powerful in combination with self-reported location
information, but only for people with a structured day and regular office hours. As well,
the predictive power of personal calendar information was only significant for some of

Table 1. Results of using various context cues in the Bayes classifier to predict availability

attribute classifier  attribute classifier
result result
[%] [%]
Time (hour, weekday) 54.3 Collocation with others 48.0
Location 51.6 Interaction with others 49.2
Time - Location 58.0 Activity category 42.8
Active program 48.4 Activity importance 473
Keyboard activity 28.5 Activity urgency 46.1
Mouse activity 29.3 Activity mental engagement 45.0
Window switching 28.7 Activity physical engagement 38.7
Online connection 46.9 Activity point in lifespan 37.7
Skype 323
Active Program and Online Con- 49.1

nection
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our participants. It was found that the existence of an appointment is not always a good
indicator for a lower availability.

Results from PC activity information were lower then expected, even though the
active program showed to be the best indicator. This was probably due to the fact that a
number of participants used multiple computers throughout the day. People were more
interruptible if engaged in Skype communication and in general, if they had connection
to the internet.

Looking at a person’s activity information, the urgency and importance as well as
the mental engagement in the current activity seemed to be more valuable then the ac-
tivities category and a person’s physical engagement in the activity. This may be good
news, since urgency and importance could be extracted from email communication or
calendars entries, whereas engagement in the activity may be harder to sense. Our par-
ticipants were more interruptible towards the end of an activity then at its beginning.

In order to estimate the statistical significace of some of the factors, we applied
a standard multiple regression analysis to predict the dependent variables of level of
availability set manually by the participants. Regression analysis shows that only two
variables, the social acceptability of a phone call (p < .01) and the urgency of the cur-
rent activity (p < .01), contribute significantly to predictions of the person’s availability
level. The R? for regression is significant (R2 = .32, adj R2 = .31, F(1,166) = 24.29,
p < .01). In other words, the less socially acceptable receiving a phone call in the cur-
rent environment would be, the less available a users is. Also, participants were more
available when doing current activities that were judged as not urgent. Along with these
findings, physical engagement appears to be another possible predictor for availability
(p=.078) as it approaches, but does not reach statistical significance. All other self-
reported factors, such as the activity category, the point in lifespan of the activity, the
importance of the current activity, and collocation with others are not statistically sig-
nificant predictors of availability under this case (p > .1). We still believe that these
factors may be interesting and aim to study a larger sample size to get a more thorough
understanding of these factors and their predictive power for gauging one’s availability.

This statistical analysis shows, that the results presented here should be consid-
ered with care. To strengthen some of our observations, a larger experiment would be
necessary.

6 Summary and Conclusions

The focus throughout the paper is on how receivers in mobile contexts negotiate and
decide upon when to engage in a communication, to generate a model of receiver avail-
ability and to design more efficient and socially appropriate communication services,
such as the Connector service.

Large-scale user studies with about 100 mobile phone users suggest that planned
availability as scheduled in a calendar is very different from situated, in-the-moment
availability and that we need a better predictive framework for receiver availability.
As such, the Connector service was introduced as an adaptive context-aware service
designed for efficient and socially appropriate communication. Pilot studies with the
Connector prototype attempted to show the impact of various contextual cues on the
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user’s availability. Results indicate that location and time, as well as the urgency of
the current activity and social acceptability of a call in the current environment are
significant indicators for a person’s availability.

Further larger-scale studies are planned in order to get a more thorough understand-
ing of these findings. All findings will be carried forward into the design of the future
Connector service.

Ongoing work in Karlsruhe focuses on the development of perception technologies,
such as audio-visual speaker tracking [18] and person identification, head pose estima-
tion [[19] and speech recognition [20]. Technologies will have to be improved and tuned
to detect the most significant context cues automatically, in order to make the Connector
a real proactive CHIL service.
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Abstract. In this paper we discuss the results of user-based experiments to de-
termine whether multimodal input to an interface for browsing and retrieving
multimedia meetings gives users added value in their interactions. We focus on
interaction with the Archivus interface using mouse, keyboard, voice and
touchscreen input. We find that voice input in particular appears to give added
value, especially when used in combination with more familiar modalities such
as the mouse and keyboard. We conclude with a discussion of some of the con-
tributing factors to these findings and directions for future work.

1 Introduction

Several projects' involve, or have involved in the past, the collection of multimodal
meeting data. In several of these, special SmartRooms have been designed in which
meetings are recorded in such a way that the resulting multimodal meeting data can
be easily synchronized, processed and stored. For example, in the IM2 project (in
which the work presented here is grounded) meetings are recorded at the IDIAP
SmartRoom [7] and the resulting data is stored in databases that contain video and
audio tracks from a meeting, a text transcription of the meeting, as well as various
levels of annotation, including linguistic (dialogue acts, topic segments, keywords)
and meta-levels (meeting actions). Additionally, the meeting data contains electronic
versions of all documents used in the meetings, copies of all notes taken by meeting
participants, and what was written on the electronic whiteboard available in the room.
One of the central questions then, is how a real-world user such as an employee of
a company where SmartRoom meeting data has been recorded can best exploit this
data. Tucker and Whittaker [10] provide a good overview of the types of meeting
browsers that have been developed in various projects and suggest a 4-category tax-
onomy for meeting browsers — audio, video, artifact and discourse. However, it ap-
pears that most if not all browsers that are described for the meeting domain rely on

' The IM2 project http://www.im2.ch, the AMI project www.amiproject.org, The Meeting

Room Project at Carnegie Mellon University, http://www.is.cs.cmu.edu/mie/, Rich transcrip-
tion of natural and impromptu meetings at ICSI, Berkeley, http://www.icsi.berkeley.edu/icsi-
ro.html, and the Multimodal Meeting Manager http://www.m4project.org/.

S. Renals, S. Bengio, and J. Fiscus (Eds.): MLMI 2006, LNCS 4299, pp. 142 —[[33] 2006.
© Springer-Verlag Berlin Heidelberg 2006



Multimodal Input for Meeting Browsing and Retrieval Interfaces 143

standard mouse and keyboard input. Little has been said about the possible benefits
of incorporating multimodal input to a meeting browsing and retrieval system.

Early work on multimodal interaction involved interfaces incorporating speech,
mouse and keyboard input [8]. More recently, work has focused on multimodal inter-
action involving spatio-temporal tasks such as plotting actions on a map, where pen
and speech input are the dominant modalities [8]. In the latter, research showed that
users do interact multimodally, and that in cases of voice-pen input, there seems to be
a preference for specifying elements such as symbols, locations or physical objects
using pen, while temporal and abstract concepts are more frequently expressed using
voice [8]. Conversational speech input on its own has often been used in telephony
based systems for contexts such as travel planning [3, 4], or in interactions with a
virtual world such as the Hans Christian Anderson system [1], where children can
'talk’ to a representation of the fairy tale author and ask about his life and work.

Due to the proliferation of window-based platforms, technologies such as the inter-
net, and the commonality of input devices such as the mouse and keyboard, certain
interaction paradigms seem to have asserted themselves in western computer culture.
For example, the use of a mouse for direct manipulation of graphical objects on the
screen (point-and-click browsing) or the use of the keyboard for targeted web-
searching. Moreover, if and when language is used to seek out information, it is often
via ‘intelligent’ keyword-driven searches, in which obtaining desired results quickly
and efficiently requires a certain degree of skill and knowledge.

We maintain that in most office-type environments and for almost all office-type
applications the mouse-keyboard paradigm will be strongly preferred and users will
be reluctant to stray from it. However, we believe that meeting browsing and retrieval
such as outlined above is a sufficiently new and different domain of interaction where
users can be encouraged to try out and consistently use novel input modalities such as
voice (including more complex natural language interaction), touchscreen or pen
input. The difference in the multimedia meeting browsing and retrieval domain is not
found at the level of the actual media artifacts that are stored in the database. The web
contains examples of the same types of media (video, audio and text files) and users
are perfectly content to use the mouse and keyboard to access them. Rather, the dis-
tinction is made at the underlying level — in the direct, though not necessarily explicit,
relationships between the information contained across that media, and the elements
of that information that a person would want to access.

Our assumption is that the results of the fuzzy underlying difference can best be
exploited by providing the user with a variety of modalities with which to access the
information, including the use of complex natural language through voice and/or
keyboard input, in addition to pointing modalities such as the mouse and in the case
of the experiments presented here, a touchscreen. It is important to note though, that
in a system such as ours the spatio-temporal aspect similar to that investigated in
previous multimodal work comprises only a small number of situations such as
choosing the location or date of a meeting, while the presence of a graphical interface
makes a conversational interface more complex than in telephony systems.

Together with colleagues at the Artificial Intelligence Laboratory at the Ecole
Polytechnique Fédeéral de Lausanne, we have designed a system, Archivus [6], spe-
cifically to meet the needs of the multimedia meeting domain. The work in this paper
describes the results from an experiment whose aim was to determine if multimodal
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input provides an added value to interaction for the multimodal meeting browsing and
retrieval domain, and if it does, what the nature of that interaction is. It is important to
note here that we define ‘added value’ in terms of increased efficiency (number of
pieces of information found in a given time), usefulness (whether the information can
be found) and overall user satisfaction (subjective opinion from the user).

2 The Archivus System

The Archivus system, described in detail in [6], was designed based on indications
from a user-requirements study for the meeting browsing and retrieval domain [5].
The requirements identified in this study gave indications of the types of things that
people might want to know about meetings, which helped us structure both the layout
of the interface elements and the paths which users would have to take to reach that
information in the meeting database. Moreover, the system was designed to be flexi-
bly multimodal, meaning that the user can use any of the input modalities available
(in this case mouse, keyboard, touchscreen, or voice) alone or in any combination
they choose. This allows us to study how people use multimodal input if there are
minimal a priori constraints imposed on that use. The layout of the interface can be
seen in Fig 1, where the different elements are numbered and described below.

To help users become familiar with the use of the system and the structure and
content of the database, we chose to use a library or archive metaphor. In this meta-
phor, each meeting is represented by a book (see area 2 for an example) and the whole
database of meetings by a bookcase (area 1). The user has a view of the bookcase at
all times, and in particular in which meetings, and how many of them, the relevant
information they are seeking can be found. When a user opens a book, they have
access to all aspects of the meeting, including all media that is associated with it, be it
audio, video, or textual. Users can browse these meetings, as they would a book, play
audio/visual media (area 3), or search for particular elements in the meeting.

Users can specify search criteria in two ways. The first is through the user input bar
(area 5) where they can ask for access to the information they are looking for using
typed natural language. Language in this case can take the form of keywords or more
complex linguistic expressions. However, even though users are allowed to ask free-
form questions such as ‘Who was late to the meeting on January 21°?”, the system
does not perform question-answering. Instead, the system will show the user the areas
of a meeting that could contain the answer that the user is looking for (in area 2). The
second way of searching for specific information is by using the predefined criteria
buttons (area 6). These buttons also serve as a representation of some of the underly-
ing annotations in the database and users can point and click their way through these
annotations down to the parts of an actual meeting

Users are also guided in their interactions by system advice (area 4) which gives
them feedback about their search and hints about where the relevant information can
be found. Finally, there is the current criteria list (area 7) which serves to remind the
user of all of the criteria that they have given to the system up to that point in their
interaction, and allows users to remove an undesirable criterion without having to re-
specify others. This feature is particularly useful if the criteria have been generated as
a result of natural language processing done by the system. General system buttons
such as Help and Reset are presented in area 8.
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Fig. 1. The Archivus interface

3 The Experimental Environment

In our experiments, we are interested in the order and frequency of use of particular
modalities, the language queries submitted by the user in their interactions, and the
success rate under each experimental condition. In order to gather this information we
record users as they interact with the system via two cameras (one that shows their
face and another that provides a clear view on their hands and the input devices) and
equipment that records everything that happens on the user’s screen. The user is pro-
vided with a computer (in this case a desktop PC with a touchscreen), speakers, a
wireless mouse and keyboard, and a lapel microphone.

As one of the goals of this work is to see whether natural language will bring added
value to the interaction, we wanted to allow the use of natural language in the experi-
ments without the overheard of implementing speech recognition and natural lan-
guage processing at the early stages of testing (in part because it is hard to predict
with a new domain what types of vocabulary and language processing capabilities
would be necessary). Consequently, we decided to adopt the Wizard of Oz methodol-
ogy [2, 9]. In Wizard of Oz experiments, a user interacts with what they believe to be
a fully implemented system that uses natural language (and other modalities if
needed). In reality, the natural language recognition and processing components are
simulated by a human being, a ‘wizard’ in another room. The wizard hears what the
user says and has a view of their interface, so that they can control the interactions.
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In our experimental environment, the information from the face camera, the user’s
microphone and their screen is streamed directly to the wizard’s room, where there
are 2 computers (one for natural language processing and one that shows what is
happening on the user’s screen). An additional monitor shows the user’s face as they
are interacting with the system, which lets the wizard view their reaction to it. With
this information, the wizard has a good overview of what the user is doing, which
allows them to simulate the language processing as smoothly and accurately as could
be reasonably expected with state-of-the-art systems.

Since in the future the wizard will be replaced by a speech recognizer and a natural
language processing module, neither of which is likely to exhibit close to human
performance, we purposely ask our wizards to be imperfect and make mistakes. These
always involved ‘recognition errors’, where the wizard pretended to have misunder-
stood what the user was asking for and provided the ‘wrong’ response. Since almost
all of the users as well as the wizard were non-native speakers of English and the
cognitive load on the wizard was quite high to begin with, such errors happened natu-
rally, and the wizard did not have to produce them on purpose very often. However, if
the wizard produced a specific error during interaction with a particular user, care was
taken to ensure that the error was reproduced if the situation in which it originally
occurred happened again. Moreover, the wizard was asked not to over-interpret user
input, in order for the simulated processing to be as close as possible to the realistic
language processing capabilities foreseen for the system. This was facilitated by the
fact that the wizard was the same for all participants and was the person responsible
for the development of the natural language processing modules, and therefore has
detailed knowledge of the existing and potential capabilities of the system.

4 The Experiment

Due to the fact that these experiments took place in a laboratory setting rather than in
the field, participants were asked to pretend that they were recently hired employees
of a company who uses SmartRooms to record their meetings, and that their supervi-
sor has asked them to do some fact-finding using the Archivus system. The partici-
pants were told in general terms what types of data were available to them. Each par-
ticipant had to answer a series of true/false (The budget was 1000CHf?) and short-
answer questions (Who attended all of the meetings?), of which there were 21 in total,
conceived in such as way as to encourage the user to explore the different areas and
media in the system. The system was designed in such a way that in almost all cases
there is more than one way to find a piece of information, and only a small number of
questions (3 out of 21) tightly restricted the user as to the media which they had to use
to find the answer. As a result, we believe that the users found the most convenient or
natural way for them to find the solutions, without being forced to use specific media.
Moreover, the order in which the questions were given to the participants was varied
in order to reduce any biasing effects that might be introduced by the order of the
questions and/or their nature. The 21 questions were divided into 4 sets (2 each of 5
true-false and short-answer questions, plus 1 document-finding question), where the
questions within each set were held constant but their order was varied. We also en-
sured that the order of the sets themselves varied across the different conditions.
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The experiment unfolded as follows. First, the participant was given a pre-
experiment questionnaire that asked them demographic information, and they were
asked to sign a consent form. Then, they were given a description of the scenario and
the Archivus software manual so that they could familiarize themselves with the sys-
tem. They were not allowed to ‘play’ with the system itself at this time. The experi-
ment proper was done in two phases, each 20 minutes long. In the first phase, the
participants were only given access to a subset of all available modalities and had to
answer 11 questions (5 true/false, 6 short answer). In the second phase, they were
given access to all of the modalities and had to answer 10 questions (5 true/false, 5
short answer). Finally, the participants were given a post-experiment questionnaire
followed by a brief interview. The participant was alone in the room and the experi-
menter only intervened between the two phases to provide the new set of questions.

The results described in the following section are from an experiment involving 24
participants (11 female, 13 male) who were mostly non-native English speakers with
average computer experience. A total of 4 modalities were used - mouse (M), voice
(V), keyboard (K) and touchscreen (T). These were divided into 8 Phase 1 conditions
M, T, V, M-K, V-K, T-V-K, M-V-K, M-T-V-K, this last group also acting as a con-
trol group). The experiment was conducted across subjects, with three subjects as-
signed per condition. As the low number of participants per condition does not allow
for an informative statistical analysis of the data, the results presented in the following
section are essentially qualitative.

5 Results and Discussion

In our analysis of the experimental results, we looked at three main aspects — the
learning effect, task completion, and the number of interactions.

5.1 Learning Effect

As mentioned in section 4, the experiment was performed in two phases. In Phase 1,
users were given limited access to the modalities. This was done in order to investi-
gate whether a modality-learning effect occurred. For example, we expected that
participants who only had language input (and in particular voice) available in the
first phase would be more inclined to again use language input in the second phase.
We based this assumption on the fact that the language-only conditions would give
those users more experience with the novel modality than those participants who had
limited (via keyboard) or no language input. To our surprise, we found that the oppo-
site was true. Table 1, shows the percentage of use of both language and pointing
modalities in Phase 2 for several different Phase 1 conditions.

Those participants who were given the more traditional condition of mouse-
keyboard in Phase 1 used language the most in Phase 2. In particular, in this condition
the use of voice accounted for over a quarter of all interactions, including mouse and
touchscreen interaction. Similarly, participants who had access to all of the modalities
in Phase 1 also used language input much more frequently than others in Phase 2. The
learning effect that we expected seemed in fact to be a negative effect, in that those
participants who had a language-only (voice or voice-keyboard) condition in Phase 1
used language relatively infrequently in Phase 2.
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Table 1. Number of interactions in Phase 2°

Phase 2 results

Phase 1 condition

Mouse/Touchscreen Voice/Keyboard
Voice only 91% 9%
Voice-Keyboard 88% 12%
Mouse-Keyboard 66% 34%
All modalities 78.5% 21.5%

The lack of a demonstrable learning effect between the two phases leads us to sus-
pect that users have an unconscious need to feel comfortable with the system and with
the input modalities that they have available to them at the early stages of interaction.
This comfort can manifest itself in two ways. The first is in terms of being comfort-
able with the system itself — knowing what the graphics represent, what type of in-
formation is available in the system and where it can be found. This type of comfort
was the same for all users in this experiment since none of them had been exposed to
the system or the domain before. The second is at the level of interaction with the
system, and specifically with which input modalities the user has available to them.
This type of comfort was different among the different users’ conditions.

Those users who had the mouse-keyboard condition in Phase 1 learned how to in-
teract with the system using a traditional paradigm with which they were already
comfortable (mouse-keyboard interaction with a desktop system). Those who had all
modalities in Phase 1 also had the option, should they choose to exercise it, to slip
into the traditional paradigm. Since it was the users under these two Phase 1 condi-
tions in particular who were more inclined to use language in Phase 2, this suggests
that users were more willing to explore using language when they knew that they
could fall back on traditional or ‘comfort’ modalities’ (mouse and keyboard) if they
needed to.

Those users who had only language input in Phase 1 may have found themselves
lost or frustrated during initial interaction with the system since they were faced with
a new tool and little (keyboard only) or no familiar modalities on which to rely. Con-
sequently, when given the option to use all modalities in Phase 2, they immediately
reverted to the comfortable modality(ies) that they were unconsciously longing for in
Phase 1, namely the mouse and/or keyboard. Another possible explanation for this
behaviour however could be that in general the response times to language based
input were slower and more error prone since the information had to be processed by
the wizard. As a result, when users discovered that pointing interaction was faster and
more accurate, they would prefer it for reasons of efficiency. Interestingly though,
when we looked at the amount of voice use in Phase 2 of the voice-only and mouse-
only conditions, we found that in fact, there had been more use of voice input in
Phase 2 from the participants who had mouse-only input in Phase 1.

These results lead us to believe that users are willing to use language input in
general, and voice input in particular, and that the increase in use in Phase 2 is evi-
dence that they see a benefit in doing so (even if it is only at the unconscious level).

2 All figures in the tables are presented as the mean over the 3 users in each condition.
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However, the way in which the use of language is introduced plays an important role
in this willingness. Language input only appears to be beneficial if is introduced at a
later stage of experience with the system, or ideally, if it is introduced in a mutually
exchangeable combination with other more familiar input modalities such as the
mouse and keyboard, but in particular the mouse.

5.2 Task Completion

Given the widespread use of the mouse and keyboard and the fairly short amount of
time with which users had to familiarize themselves with the system, we expected that
the mouse-keyboard combination would be the most effective in finding answers. In
the analysis presented in this section, we make a distinction between finding the cor-
rect answer and finding an answer, independent of correctness. In the context of the
scenario of use for the Archivus system, the user should be able to find the informa-
tion that they are looking for and have some certainty that it is the correct informa-
tion. However, in the strict sense of examining which modalities are used when inter-
acting with the system, the distinction between correct and incorrect answers is not
important since it is the overall interaction patterns, that we are interested in.

In this section we only consider Phase 1 of the experiment where the user has ac-
cess to a restricted set of input modalities. Table 2 shows the success rates for finding
an answer irrespective of correctness, for each condition in Phase 1 of the experiment.

Table 2. All answers found (independent of correctness) in Phase 1

Phase 1 condition Suc. Phase 1 condition Suc.
Mouse only 40% Touch -Voice — Keyboard 26%
All modalities 36% Voice only 26%
Touchscreen only 33% Mouse —Keyboard 26%
Mouse-Voice-Keyboard 26% | Voice — Keyboard 10%

As the data in the table clearly show, our initial expectation that the mouse-
keyboard condition would have the highest success rate was not valid. The mouse-
keyboard condition is in fact on par with the completely novel modality of voice-only
input, and even with the somewhat less novel touchscreen-voice-keyboard and mouse-
voice-keyboard conditions. Moreover, we can see that the mouse-only, touchscreen-
only and all modalities conditions are the most effective while the voice-keyboard
condition is the least effective. An identical ordering of modality conditions can be
seen in Table 3 which shows the success rate for finding correct answers. This case
however, provides a clearer division of success rates across the different conditions.

Tables 2 and 3 suggest that combining voice input with other modalities does add
value to the interaction, as evidenced by the low position of the mouse-keyboard
condition. Moreover, although mouse-only had the highest success rate it is interest-
ing to note that the all modalities combination was the second most successful. In this
condition, language based input (keyboard and/or voice) represented 17% of all of the
interactions (not shown in the table). The high success rate of the mouse-only and
touchscreen-only conditions can be attributed to the fact that users in these conditions
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are strongly constrained in the types of moves (or interactions) they can make. In fact
they cannot make any moves that are inappropriate or unknown to the system. This is
not the case when voice or keyboard interaction is involved, since the user cannot
know ahead of time which terms are known to the system and which are not.

Table 3. Correct answers found in Phase 1

Phase 1 condition Suc. Phase 1 condition Suc.
Mouse only 36% Touch -Voice-Keyboard 21%
All modalities 25% Voice only 18%
Touchscreen only 24 % | Mouse-Keyboard 12%
Mouse-Voice-Keyboard 24% Voice-Keyboard 6%

Finally, participants in the touchscreen-only condition did quite a bit worse than
their mouse-only counterparts. In the Archivus system, touchscreen and mouse input
are functionally equivalent. Consequently, these results could be attributed to either
the lower accuracy rate of using a touchscreen as compared to a mouse when select-
ing items on the screen or to the fact that users are less familiar with touch as an input
modality and are thus slower at using it. Although the difference is less marked, a
similar trend can be seen when we compare adding the mouse or the touchscreen
(which are functionally equivalent) with the keyboard-voice input.

5.3 Number of Interactions

The final aspect of the data that we looked at was the number of interactions that
users made per modality. Due to the fact that language input is inherently slower in
the system than pointing input due to linguistic processing time, we could only rea-
sonably compare modalities that are functionally equivalent at the system level (lan-
guage-only and pointing-only) as we could not determine a time/modality estimate
from our data. Table 4 presents the number of interactions made in each phase per
modality combination. The difference in the number of interactions between the two
phases is given as a percentage in the Diff column in the table.

Table 4. Modality interactions per condition and phase

Phase 1 condition Ph. 1 Ph. 2 Diff.
Mouse only 268 199 -26 %
Touchscreen only 195 138 -29%
Mouse-Keyboard-Voice 158 161 2%
Touchscreen-Keyboard-Voice 81 108 25%
Voice only 62 167 63%
Voice-Keyboard 49 124 61%

If we compare the number of interactions between mouse-only vs. touchscreen-
only we see that users were more active with the mouse. Given their functional
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equivalence we can attribute this to the comfort factor as discussed previously. A
similar trend can be seen for mouse-keyboard-voice and touchscreen-keyboard-voice
conditions. This could also imply that there is a blocking effect caused by the novelty
of the touchscreen. Because users are unfamiliar with the use of a touchscreen, they
are more hesitant to use it, thus resulting in a lower number of interactions. Appar-
ently, the novelty is enough to prevent the user from realizing that the two input mo-
dalities are functionally equivalent.

The discrepancy between voice-only and voice-keyboard conditions given in the
last two rows of Table 4 is likely due to the same effect. Participants using voice-only
made more interactions than their functionally equivalent voice-keyboard counter-
parts. This is interesting since we would assume the opposite to be true as users are
already familiar with the keyboard. This could be a case of a novel modality on its
own being easier to learn and use than a novel modality in combination with the less
frequently used half (keyboard) of the more traditional paradigm of mouse-keyboard
discussed in the previous section.

In Table 5 we show the percent of all interactions for voice and keyboard in both
phases of the experiment with voice-keyboard as the Phase 1 condition. This suggests
a strong link between the modalities of the traditional paradigm.

Table 5. Voice vs. keyboard interactions in Phase 1 and 2

Phase 1 Phase 2
Voice 97% 25%
Keyboard 3% 75%

Voice is used much more frequently than the keyboard in Phase 1, but in Phase 2
where the user also has access to the mouse and the touchscreen, they suddenly begin
to use the keyboard much more than voice. We attribute this phenomenon to interfer-
ence from the comfort that the traditional mouse-keyboard paradigm presents. The
user has reverted to using the mouse as input because that is the modality with which
they are most familiar. Although they had reasonable success with using voice in
Phase 1 and have more experience with it than with keyboard input (in the Archivus
system) they still go back to using the keyboard because this is the language input
modality that they strongly associate with mouse use. However, there is evidence that
this fairly strong interaction paradigm can be weakened under certain circumstances.
For example, in Phase 2 of the mouse-keyboard condition, voice was used almost
twice as much as the keyboard, despite the continued high use of mouse input.

6 Conclusions

The discussion in the previous section has shown that users can be encouraged to use
novel input modalities and that these novel input modalities, and natural language
input through voice in particular, do bring an added benefit to interactions for this
domain, at least where the Archivus system is concerned. This is particularly true if
users are allowed to use novel modalities together with more familiar modalities such
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as the mouse and keyboard. Moreover, while there was evidence of a blocking effect
introduced by novel modalities, the all-modalities combination seems to reduce it to a
level where it does not significantly interfere with using the system. Finally, we found
that even though the desire to interact using the traditional paradigm of mouse-
keyboard seemed to be quite strong, it could be weakened in some cases.

These results were achieved in spite of a high learning curve in how to use the
software (evidenced by the relatively poor task completion results) and the relatively
small number of participants per condition. Both of these problems will be addressed
in future work. The data presented here suggest tendencies. In order to show more
concrete results, a larger data set and a more in-depth analysis which was not possible
with the current data set are needed.

7 Future Work

Encouraged by the preliminary results described in this paper, we have modified the
Archivus software to rectify some of the causes of the steep learning curve discovered
with the previous version. Additionally, we have replaced the touchscreen with a
stylus-driven tablet PC. This was done because we believe that the tablet PC is a more
realistic platform for this type of software, and also because it provides greater accu-
racy in selection of items in the interface than the touchscreen did, which should
strengthen the comparison between physically pointing and using the mouse as input
modalities. Evidence gathered from pilot experiments suggests that the new version of
the software is easier to learn and use, and there seems to be an increase in the overall
use of the different modalities. The next step will be to run a large-scale experiment
with Archivus to examine multimodal interaction with the new input modalities
(mouse, voice, keyboard and stylus on the tablet PC) in the summer of 2006.
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Abstract. If gesture communicates semantics, as argued by many psychologists,
then it should be relevant to bridging the gap between syntax and semantics in
natural language processing. One benchmark problem for computational seman-
tics is coreference resolution: determining whether two noun phrases refer to the
same semantic entity. Focusing on coreference allows us to conduct a quantita-
tive analysis of the relationship between gesture and semantics, without having to
explicitly formalize semantics through an ontology. We introduce a new, small-
scale video corpus of spontaneous spoken-language dialogues, from which we
have used computer vision to automatically derive a set of gesture features. The
relevance of these features to coreference resolution is then discussed. An analy-
sis of the timing of these features also enables us to present new findings on
gesture-speech synchronization.

1 Introduction

Although the natural-language processing community has traditionally focused mainly
on text, the actual usage of natural language between people is primarily oral and face-
to-face. Extension of robust NLP to face-to-face communication offers the potential for
breakthrough applications in domains such as meetings, lectures, and presentations. We
believe that in face-to-face discourse, it is important to consider the possibility that non-
verbal communication may offer information that is crucial to language understanding.
However, due to the long-standing emphasis on text datasets, there has been little work
on non-textual features.

In this paper, we investigate the relationship between gesture and semantics. We use
machine vision to extract hand positions from a corpus of sixteen videos. We present a
set of features that are derived from these hand positions, and use statistical methods to
characterize the relationship between the gesture features and the linguistic semantics.
Semantics is captured concretely in the context of coreference, which occurs when two
noun phrases refer to the same entity. If gesture features can predict whether two noun
phrases corefer, then they can contribute to the semantic analysis of speech.

2 Corpus

To conduct this research, we have begun to gather a corpus of multimodal dialogues.
This work is preliminary, and the size of the corpus is relatively small; as we will de-
scribe in more detail at the end of Section [3 our corpus is roughly half the size of

S. Renals, S. Bengio, and J. Fiscus (Eds.): MLMI 2006, LNCS 4299, pp. 154-{163] 2006.
(© Springer-Verlag Berlin Heidelberg 2006
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the MUC-6 coreference evaluation formal corpus [[1]. We hope that interest in multi-
modal natural language processing will increase, leading to the development of better
and broader corpora.

2.1 Procedure

Thirty college students and staff, aged 18-32, joined the study by responding to posters
on our university campus. A subset of nine pairs of participants was selected on the
basis of recording quality, and their speech was transcribed and annotated. The corpus
is composed of two videos from each of the nine pairs; technical problems forced us
to exclude two videos, yielding 16 annotated documents, each between two and three
minutes in duration.

McNeill [2] and others have long advocated studying dialogues in which the speaker
and listener already know each other. This eliminates a known confound in which the
speaker and listener increase the rate of gestures as they become acquainted over the
course of the experiment. For this reason, we recruited participants in pairs; 78% of
participants described themselves as “close friends” or spouses; 20% as “friends”, and
3% as “acquaintances”.

One participant was randomly selected from each pair to be the “speaker,” and the
other to be the “listener.” The speaker’s role was to explain the behavior of a mechanical
device to the listener. The listener’s role was to understand the speaker’s explanations
well enough to take a quiz given later. The listener was allowed to ask questions of the
speaker; however the listener’s speech has not yet been transcribed, and is not consid-
ered in this study.

Prior to each discussion, the speaker either privately viewed a simulation of the de-
vice in operation, or left the room and examined the actual physical object. In explain-
ing the device, the speaker was provided with either a whiteboard marker with which
to create a sketch, a pre-printed diagram of the device, or no visual aids at all. In this
paper, we will consider only data from the condition with the pre-printed visual aid.
The interpretation of gestures in this condition is thought to be more straightforward;
many, if not most of the gestures involve pointing at locations on the diagram. While
the (presumably) more challenging problem of understanding gesture without visual
aids is interesting future work, printed or projected diagrams are common in business
presentations and lectures, so this restriction does not seem to be overly limiting to the
applicability of our work.

The speaker was limited to two minutes to view the video or object and three minutes
to explain it; the majority of speakers used all of the time allotted. This suggests that we
could have obtained more natural data by not limiting the explanation time. However,
we found in pilot studies that this led to problematic ordering effects, where participants
devoted a long time to the early conditions, and then rushed through later conditions.
With these time constraints, the total running time of the experiment was usually around
45 minutes. More details on the data-gathering portion of this research can be found
in [3].

2.2 Speech and Vision Analysis

Speech was recorded using headset microphones. A homebrew Java system controlled
the synchronization of the microphones and video cameras. Speech was transcribed



156 J. Eisenstein and R. Davis

manually, and audio was hand-segmented into well-separated chunks with duration not
longer than twenty seconds. The chunks were then force-aligned by the SPHINX-II
speech recognition system [4].

Video recording was performed using standard digital camcorders. Participants were
given different colored gloves to facilitate hand tracking. Despite the use of gloves, a
post-study questionnaire indicated that only one of the thirty participants guessed that
the study was related to gesture. The study was deliberately designed so that participants
had very little free time to think; when not actually conducting the dialogue, the speaker
was busy viewing the next mechanical system, and the participant was busy being tested
on the previous conversation. We also presented consent forms immediately after the
gloves, which may have diverted attention from the gloves’ purpose.

An articulated upper-body tracker was used to model the position of the speaker’s
torso, arms, and hands. By building a complete upper-body tracker, rather than simply
tracking the individual hands, we were able to model occlusion directly. Search across
configurations of the tracker was performed using an annealed particle filter, imple-
mented using the OpenCV libraryl] Essentially, the system performed a randomized
beam search to simultaneously achieve three objectives: a) maximize coverage of the
foreground area, b) match the known glove color to the color observed at the hypothe-
sized hand positions, c¢) respect physiological constraints and temporal continuity.

The tracker was based largely on the work of [5]]; the main differences were that
Deutscher et al. did not use color cues such as gloves, but had access to multiple cam-
eras to facilitate 3D tracking. We used only a single monocular camera and a 2.5D
model (with just one degree of freedom in the depth plane). From inspection, the lack
of depth information was the cause of many of our system’s errors; bending of the arm
joints in the depth dimension caused the arm length to appear to change in ways that
were confusing to our model. Nonetheless, we estimate that both hands were tracked
accurately and smoothly over 90% of the time. It is difficult to assess the tracker perfor-
mance more precisely, as that would require ground truth data in which the actual hand
positions were annotated manually at each time step.

3 Annotation

Coreference annotation is a two-step process [6]. First, all noun phrases (NPs) that
may participate in coreference relations are selected; these are sometimes called “mark-
ables.” All third-person noun phrases were included as markables; in addition, nested
markables were annotated (e.g., “[one of [these walls]]”@). First and second person NPs
were excluded as markables, as they were thought to be irrelevant to the issue of un-
derstanding the explanatory narratives about physical devices; furthermore, it seemed
unlikely that gesture could play much of a role in disambiguating coreferences among
such entities. It would be easy to automatically separate out these NPs in most cases.
Manual annotation also disambiguated different senses of words like “that,” which can
be a referential pronoun (e.g. “that is rotating”) or a relative pronoun “the one that ro-
tates.” The word “there” and “it” were also not included as markables when they did
not indicate entities, as in “there’s no way out of here,” and “it’s hard to tell.”

! http://www.intel.com/technology/computing/opencv/
2 In this notation, noun phrases are set off by brackets.
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The corpus consists of spontaneous speech, so disfluencies abound. Repeated word
disfluencies were automatically eliminated when the repetitions were adjacent, but other
disfluencies were left uncorrected; rather than performing coreference resolution on an
error-free text, we include the markables that occur inside disfluencies without prej-
udice. A frequent type of disfluency involves restatement of a noun phrase, e.g., “so
this pushes [these] [all these things] up.” This is a substitution disfluency, where “all
these things” substitutes for “these.” However, both are treated as markables, with a
coreference relation between them, since they refer to the same set of objects.

A total of 1141 markables were found in the corpus, an average of 71 per video
sequence (o = 27). After the markables were annotated, the second step is to specify
the coreference relations between them. As with the selection of markables, coreference
annotation was performed by the first author, following the MUC-7 task definition [6].
A coreference relation was annotated whenever two noun phrases were judged to have
an identical reference. 74.5% of markables participated in coreference relations, and
there were a total of 474 entities, yielding a markable-to-entity ratio of 2.4.

4 Features

To assess the relationship between gestures and coreference, we computed a set of fea-
tures describing the position and motion of the tracked hands. Two of the these features
are comparative, in that they can be used to measure the similarity of gestures during
different points in time. These can be applied directly to coreference, comparing the
gestures observed during the two candidate noun phrases. Five other features are not
comparative, meaning that they describe only a single gesture. These features can be
used to assess the likelihood that an individual noun phrase relates to any previously
defined entity, or the likelihood that the comparative features will be applicable to de-
termining coreference.

Some of the features invoke the idea of “focus”: which hand, if any, is gesturing
during the utterance of the noun phrase. There are four logical possibilities: both, left,
right, or neither. For the moment we ignore bimanual gestures, which were not frequent
in our data. The determination of which hand is in focus is governed by the following
heuristic: select the hand farthest from the body in the x-dimension, as long as the hand
is not occluded and its y-position is not below the midsection of the speaker’s body. If
neither hand meets these criteria, than no hand is said to be in focus.

In the notation that follows, T4, 1 refers to the x-position of the left hand at the
start of the noun phrase j. For the non-comparative features, there is only one noun
phrase, and so no need to index them. ys;qr¢, refers to the y-position of whichever
hand is in focus at the start of the noun phrase.

4.1 Comparative Features

— Focus DISTANCE: The distance between the positions of the in-focus hand during
the two candidate noun phrases. The focus distance is undefined if there is no focus
hand during either candidate noun phrase. FOCUS DISTANCE is given by

\/(xmidpointj,Fj - xmidpoi7zt7¢,Fi)2 + (ymidpointj,Ej - ymidpointi,Fi)z (1)
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WHICH HAND: Takes three values: SAME, if the same hand is in focus during both
candidate NPs; DIFFERENT, if a different hand is in focus; MISSING, if no focus
hand is found during at least one of the NPs.

Non-comparative Features

Focus sPEED: The total displacement of the in-focus hand, divided by the duration
of the word. FOCUS SPEED is undefined if there is no focus hand at either the
beginning or end of the word, or if the focus hand is different at the end of the word
from the focus hand at the beginning. Note that by this metric, the FOCUS SPEED
is zero if a gesture ends in the same place that it begins, regardless of how much
distance the hand traversed. FOCUS SPEED is given by

\/(1'end,F - (Estart,F)2 + (yend,F - ystart,F)Q/duration~ (2)

JITTER: JITTER measures the average frame-by-frame speed of each hand, over
the course of the NP. Since this feature does not require the determination of the
focus hand, it is never undefined. However, contributions at instants when a hand is
occluded are not counted in the sum. This feature was found to be more informative
when smoothed by a Gaussian kernel. JITTER is given by

end

Z V(@ —20)? + (wer — Tr)? + (Yo, — §2)? + (Ye.r — Ur)?
duration '

3)

t>start

PURPOSE: This feature captures how much of the overall motion (the JITTER) is
explained by purposeful motion between the start and end points of the gesture.
PURPOSE is simply FOCUS SPEED / JITTER; it is defined to be zero whenever jitter
is zero, and is undefined whenever FOCUS SPEED is undefined. The value is maxi-
mized for fast, directed motions that go linearly between the start point and the end
point; it is minimized for erratic motions for which the end point is not far from the
start point. As with FOCUS SPEED, this feature will give a low score to any periodic
motion, even large circles.

SYNCHRONIZATION: SYNCHRONIZATION measures the degree to which the two
hands are moving on the same trajectory. Like JITTER, this feature does not use
focus information, and is therefore never undefined. However, contributions at in-
stants when a hand is occluded are not counted in the sum. The value of this feature
is 1 if the two hands are perfectly synchronized, O if the hands are moving orthogo-
nally, and -1 if the hands are antisynchronized (i.e., one hand is moving clockwise
and the other counterclockwise). atan?2 is the full circle arctan function, which
returns values in the range {—m, 7}.

O = atan2(ye,n — Ye—1,hs Tt,h — Te—1,h) )
synch, = cos(0¢,r. — 6¢.r) (5)
d synch
synch = ——L (6)
t>start duratlon
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— SCALED SYNCHRONIZATION: SCALED SYNCHRONIZATION scales the SYNCHRO-
NIZATION score at each time step by the average of the speeds of the two hands at
that time step. Thus, large synchronized movements are weighed more heavily than
small ones. The velocities v, ;, — referring to the velocity of hand & at time ¢ — are
smoothed using a Gaussian kernel.

Ve = \/(Cft,h —xi—1,0)% + (Yen — Ye—1,n)? (7

end
>t start (Vt,L + V¢ R)Synch,
2 x duration

®)

scaled_synch =

5 Feature Relevance

Both of the comparative features were predictive of coreference. FOCUS DISTANCE,
which measures the distance between the hand positions during the two noun phrases,
varied significantly depending on whether the noun phrases coreferred (see Table [I)).
The average noun phrase has a FOCUS DISTANCE of 48.4 pixels to NPs with which it
corefers (o = 32.4), versus a distance of 74.8 to NPs that do not corefer (¢ = 27.1);
this difference is statistically significant (p < .01,dof = 734). We expected to find
larger differences for pronouns or NPs starting with the word “this,” expecting gesture
to play a larger role is disambiguating such NPs. As shown in the table, this does not
appear to be the case; there was no significant increase in the discriminability of the
FOCUS DISTANCE feature for such linguistic phenomena. However, FOCUS DISTANCE
does appear to play less of a discriminative role for definite NPs (e.g., “the ball”’) than
for non-definite NPs (¢ = 3.23,dof = 183,p < .01). This suggests that the definite
article is not used as frequently in combination with gestures that communicate meaning
by hand location, and that computer systems may benefit by attending more to gesture
during non-definite NPs.

Table 1. Average values for the FOCUS DISTANCE feature (Equation [I)), computed for various
linguistic phenomena

| |coreferring|n0t coreferring|difference|

all 48.4 74.8 26.4
pronouns 50.3 76.5 26.2
non-pronouns 46.5 73.5 27.0
definite NPs 50.8 70.0 19.2
non-definite NPs|  48.0 75.7 27.7
“this” 44.5 71.8 273
non-"this” 50.2 76.1 259

The FOCUS DISTANCE feature is based on a Euclidean distance metric, but this need
not be the case; it is possible that coreference is more sensitive to movement in either
the y- or x- dimension. Figure [Tl helps us to explore this phenomenon: it is a contour
plot comparing relative hand position (indicated by the position on the graph) to the
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Fig. 1. A contour plot of coreference likelihood based on the relative position of the focus hands.
The level of brightness indicates the likelihood of coreference, quantified in the color bar on the
right.

likelihood of coreference (indicated by brightness). At (0,0), the hand positions during
the candidate NPs are identical; at (0,50), the x-coordinates are identical but the y-
coordinates of the focus hand at the time of the anaphoric noun phrase is 50 units higher
than at the time of the antecedent NP.

The graph shows that the likelihood of coreference is greatest when the hand po-
sitions are identical (at the origin), and drops off nearly monotonically as one moves
away from the center. However, there are some distortions that may be important. The
drop-off in coreference likelihood appears to be less rapid in the y-dimension, suggest-
ing the accuracy in the y-coordinate is less important than in the x-coordinate. This may
be explained by the fact that the figures we used were taller than they were wide — the
exact dimensions were 22 by 17 inches — or it may be a more general phenomenon. The
decrease in coreference likelihood also appears to be less rapid as one moves diagonally
from upper-left to lower-right. This may be an artifact of the fact that speakers more of-
ten stood to the left of the diagram, from the camera’s perspective. From this position,
it is easier to move the hand along this diagonal than from the upper-right to lower-left
corners.

The choice of gesturing hand was also found to be related to coreference. As shown
in Table[2] speakers were more likely to use the same hand in both gestures if the asso-
ciated noun phrases were coreferent. They were less likely to use different hands, and
they were more likely to gesture overall. These differences were found to be statistically
significant (p < .01, x2 = 57.3, dof = 2). Table 2 also shows how the relationship be-
tween hand choice and coreference varied according to the type of noun phrase. Hand
choice was a significant feature for all types of NPs, except those beginning with the
word “this” (p = .12, x? = 4.28,dof = 2).
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Table 2. Hand choice and coreference. All figures are percentages.

|same|diﬁ‘erent|no gesture
overall

coreferring 5991 199 20.2

not coreferring| 52.8 | 22.2 25.1

all 532 22.0 24.8
anaphor is a pronoun
coreferring 58.9| 18.6 22.6
not coreferring| 50.5 21.0 28.5
all 51.2] 20.8 28.0
anaphor is definite NP
coreferring 57.8] 25.6 16.6
not coreferring| 54.7 | 22.2 23.1
all 54.9| 225 22.7

anaphor begins with “this”

coreferring 65.6| 21.8 12.6
not coreferring| 61.6 | 23.0 15.4
all 61.8| 229 15.3

The overall rate of detected gestures varied across linguistic phenomena, shown in
column 4. The fewest gestures occurring during pronouns, and the most occurring dur-
ing NPs beginning with the word “this.” It is somewhat unsettling that the greatest pro-
portion of gestures occurred during such NPs, and yet our comparative features were
not better at predicting coreference — in fact, the WHICH HAND feature was worse for
these NPs than overall.

5.1 Non-comparative Features

Non-comparative features cannot directly measure whether two noun phrases are likely
to corefer, as they can be applied only to a single instant in time. However, they can
be used for at least two purposes: to determine whether a given noun phrase is likely
to have any coreferent NPs, and to assess whether the comparative features will be
useful. In other words, non-comparative features may tell us whether gesture is worth
attending to.

The first question — the relationship between non-comparative features and
anaphoricity — is addressed in Table 3l For a given noun phrase, its “children” are sub-
sequent NPs that corefer to it; its “parents” are preceding NPs to which it corefers.
Columns two and three list the mean feature values, conditioned on whether the NP has
children. Columns five and six are conditioned on whether the NP has parents.

As indicated by the table, the FOCUS SPEED and PURPOSE features predict the pres-
ence of “children” NPs when they take on low values. Both features attempt to quantify
whether the hand is being held in position during the associated NP, or if it is in the
process of moving to another location. The presence of a hold during a noun phrase
seems to predict that future NPs will refer back to the present noun phrase; perhaps
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Table 3. Non-comparative features, with 95% confidence intervals

feature children | no children | p parents no parents
FOCUS SPEED .0553 £ .0056|.0688 + .010|.05||.0634 + .0068|.0557 £ .0079
JITTER 1.37 £.066 | 1.36 £.079 1.39 £.067 | 1.34 £ .079
PURPOSE .0561 4 .0066.0866 £ .020(.01|[.0656 % .0093| .0705 £ .017
SYNCHRONIZATION| .0273 &£ .043 |.0515 4= .049 .0281 £+ .046 | .0504 £ .045
SCALED SYNCH .095 £.096 | .085 £ .12 .0969 £+ .11 | .0826 £ .10

speakers are more likely to produce gestural holds when describing concepts that they
know are important.

In contrast, none of the features were capable of predicting whether a noun phrase
had parents — previously uttered NPs to which it refers. This is somewhat disappointing,
as we had hoped to find gesture cues indicating whether an entity was being referred to
for the first time. As always, it is possible that this information is carried in gesture, and
our feature set is simply insufficient to capture it.

Non-comparative features as meta-features. Finally, we consider the possibility that
non-comparative features can serve as meta-features, telling us when to consider the
comparative features. If so, we would expect to observe a non-zero correlation between
useful meta-features and the discriminability of the comparative features. That is, the
meta feature is helpful if for some values, it can alert us that the comparative feature is
likely to be highly discriminable.

For a given noun phrase N P;, the discriminability of the FOCUS DISTANCE feature
can be measured by subtracting the average FOCUS DISTANCE to all coreferring noun
phrases N P; from the average FOCUS DISTANCE to all non-coreferring noun phrases:

cr(N P;) = Set of all noun phrases coreferent with N P;, not including N P; itself.
¢r(N P;) = Complement of cr(N Pj), not including N P; itself.
FD(N P;, NP;) = FOCUS DISTANCE between N P; and N P;, as defined in Equation[I]

1
= NP _Z FD(NP;,NP;) —

CT(NPj )

1

dNFs) [er (V)]

> FD(NP;,NP;) (9
c'r(NPj)

For each N P;, we can measure the correlation of the non-comparative features at
N P; with the discriminability d(N P; ), to see whether the non-comparative features are
indeed predictive of the discriminability of the FOCUS DISTANCE feature. The results
are shown in Tabledl Significance values are computed using the Fisher transform.

Table ] shows that low FOCUS SPEED and PURPOSE are indicative of a possibly use-
ful gesture, which is expected, since they are indicative of a gestural hold. Additionally,
the x-distance from the center of the body is also predictive of gesture discriminability.
This reflects the fact that useful gestures typically refer to the diagram, and the speakers
are usually mindful not to stand in front of it. The last two lines of the table show results
for linear and interaction regression models, suggesting that a classifier built using these
features could be strongly predictive of whether the current gesture is informative. This
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would suggest a meta-learning system that could tell us when to pay attention to gesture
and when to ignore it.

6 Gesture-Speech Synchronization

Given that gesture carries semantic content associated with speech, it is logical to ask
how the speech and gesture are synchronized. Does the more informative part of gesture
typically precede speech, follow it, or synchronize with it precisely? This is relevant
from both an engineering and scientific perspective. To build systems that use gesture
features, it is important to know the time window over which those features should
be computed. From a psycholinguistic perspective, the synchronization of gesture and
speech is thought to reveal important clues about how gesture and speech are produced
and represented in the mind [[78].

We compared the effectiveness of the FOCUS DISTANCE feature at assessing corefer-
ence identity, using discriminability as defined in Equation[9] evaluated at varying tem-
poral offsets with respect to the start, midpoint, and end of the associated noun phrases.
The results are shown in Figure 2l The optimal discriminability is found 108 millisec-
onds after the midpoint of the associated noun phrase. With respect to the speech onset,
optimal discriminability is found 189 milliseconds after the speech onset. With respect
to the end of the lexical affiliate, the optimal discriminability is found 81 milliseconds
after the end point; while it is somewhat surprising to see the optimal discriminability
after the end of the word, this may be the result of noise, as this graph is less sharply
peaked than the other two.

Some of the existing psychology literature suggests that gesture strokes typically
precede the associated speech [7U8]. Our data may appear to conflict with these results,
but we argue that in fact they do not. The existing literature typically measures synchro-
nization with respect to the beginning of the gesture and the beginning of speech. Note
that the FOCUS DISTANCE feature only captures the semantics of deictic gestures, which
McNeill defines as gestures that communicate meaning by hand position [2]]. In partic-
ular, we believe that our results capture the beginning of the post-stroke “hold” phase
of the gesture: exactly the moment at which the movement of the gesture ends, and the

Table 4. Non-comparative feature correlations with FOCUS DISTANCE discriminability

feature r  |significance (dof = 377)
FOCUS SPEED -.169 p < .01

JITTER .0261

PURPOSE -.1671 p<.01
SYNCHRONIZATION -.0394

SCALED SYNCHRONIZATION|-.0459

Y-distance from bottom .0317

X-distance from body center | .215 p<.01
Regression, linear model 288 p < .01
Regression, interaction model| .420 p < .01
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hand rests at a semantically meaningful position in space. This analysis is supported
by the finding that the FOCUS DISTANCE discriminability is negatively correlated with
hand movement speed (see Table[d). At the onset of gesture motion, the hand is not yet
at a semantically relevant location in space, and so the discriminability of the FOCUS
DISTANCE feature cannot capture when motion begins. In future work, we hope to con-
sider whether segmentation of hand motion into movement phases could be automated,
facilitating this analysis.

7 Related Work

The psychology literature contains many close analyses of dialogue that attempt to iden-
tify the semantic contribution of gesture (e.g., [2l9]). This work has been instrumental
in documenting the ways in which gesture and speech interact, identifying features of
gesture (termed “catchments”), and showing how they relate to semantic phenomena.
However, much of this analysis has been post facto, allowing psychologists to bring to
bear human-level common-sense understanding to the interpretation of the gestures in
dialogues. In contrast, we focus our analysis on coreference — rather than asking “what
does this gesture mean?”’, we ask the simpler, yes/no question, “do these two gestures
refer to the same thing?” Thus, we are able to systematize our treatment of semantics
without having to create an ontology for the semantics of the domain. This, in combi-
nation with automatic extraction of gesture features through computer vision, clears the
way for a predictive analysis without human intervention. We believe such an analysis
provides a useful complement to the existing work that we have cited.

Another relevant area of research is in gesture generation, which has developed and
exploited rich models of the relationships between gesture and semantics (e.g., [10]).
However, there is an important difference between generation and recognition. Humans
are capable of perhaps an infinite variety of gestural metaphors, but gesture genera-
tion need only model a limited subset of these metaphors to produce realistic gestures.
To understand the gestures that occur in unconstrained human communication, a more
complete understanding of gesture may be necessary.

a. speech start b. speech midpoint c. speech end d. midpoint, 20-second window

Fig. 2. Gesture-speech synchronization data. The y-axis is the discriminability of the Focus
DISTANCE feature (Equation [9), and the x-axis is the offset in seconds. Part (d) shows a wider
window than the other three plots. Parts (b) and (d) show the discriminability when the offset is
computed from the speech midpoint. In parts (a) and (c), the offset is computed from the start and
end points respectively.
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Conclusion

This paper introduces a new computational methodology for addressing the relationship
between gesture and semantics, avoiding time-consuming and difficult gesture annota-
tion. We have found several interesting connections between gesture features and coref-
erence, using a new corpus of dialogues involving diagrams of mechanical devices. In
our data, the position of gestural holds appears to be the most important gesture feature,
and other gesture features can help to determine when holds are occurring. In addition,
an analysis of the timing of gesture/speech synchrony suggests that the most useful in-
formation for deictic gestures is located roughly 100 milliseconds after the midpoint of
the lexical affiliate.
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Abstract. Syntactic chunking has been a well-defined and well-studied
task since its introduction in 2000 as the CONLL shared task. Though
some efforts have been further spent on chunking performance improve-
ment, the experimental data has been restricted, with few exceptions, to
(part of) the Wall Street Journal data, as adopted in the shared task.
It remains open how those successful chunking technologies could be ex-
tended to other data, which may differ in genre/domain and/or amount
of annotation. In this paper we first train chunkers with three classi-
fiers on three different data sets and test on four data sets. We also
vary the size of training data systematically to show data requirements
for chunkers. It turns out that there is no significant difference between
those state-of-the-art classifiers; training on plentiful data from the same
corpus (switchboard) yields comparable results to Wall Street Journal
chunkers even when the underlying material is spoken; the results from
a large amount of unmatched training data can be obtained by using a
very modest amount of matched training data.

1 Introduction

Very successful syntactic chunkers have already been developed using part of the
Wall Street Journal (wsJ) data from Penn Treebank (pTB) [1] for training and
testing in the framework of CONLL 2000 shared task [2]. But so far extensive
research on chunking has concentrated solely on making performance gains for
this one corpus. The problem of chunking new data, which are usually from
other domains/genres, possibly more different from newspaper texts, such as
transcribed or even recognised spontaneous speech (e.g., from the AMI corpus
[3]), has not received enough attention yet. But for the task of chunking per se,
we need to take a step further to widen the scope of chunking technology through
chunking new data, in addition to deepening it through improving performance
on a specific data set. This also has some practical implications since chunk
information has potential for higher-level tasks, like semantic role labelling [4],
or some text and speech end applications. Chunking (or partial parsing) should
also be able to help when full parsing is very difficult or even impossible.
There are some interesting issues that chunking new data could present. How
will those state-of-the-art classifiers work on new data? How will the chunkers
trained on old data (wsJ) work on new data (like AMI), and vice versa? Or how

* This work was carried out under funding from the European Commission (AMI,
FP6-506811).

S. Renals, S. Bengio, and J. Fiscus (Eds.): MLMI 2006, LNCS 4299, pp. 166-[[77] 2006.
© Springer-Verlag Berlin Heidelberg 2006
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will the genre and size of data affect chunking performance? In this paper, two
series of experiments were carried out to address these issues. First we trained
chunkers with three different classifiers on three different corpora, which differ
in several aspects, including genre (or similarity) and size, among others. Our
goal is not to maximise performance for any of them, but instead to show the
effect of corpus and classifier difference on chunking performance. We further ran
experiments to show the effect of training data size on chunking performance.
Together we would like to inform some strategy for developing chunkers for real
applications that use new material, yet within the reach of existing approaches,
instead of resorting to advanced techniques like domain adaption or learning
from unlabelled data. Therefor our goal remains very modest.

In what follows we first give a brief review of syntactic chunking, then in-
troduce the data and classifiers used. After that, we will present two series of
chunking experiments on data of different genre and different size. Finally we
conclude with some discussions.

2 Review

Chunking is the task of “dividing text into syntactically related non-overlapping
groups of words” [2, p.127]. It can be considered a form of partial parsing, and
was partly motivated by the psychological evidence that the human parser works
on non-recursive cores of major phrases [5]. Abney both pioneered the idea of
parsing by chunks and built a knowledge-intensive, rule-based chunker [6].

More recently, chunking has been reformulated as a task similar to part-of-
speech (POS) tagging [7]. In this approach, if only noun chunks are required,
then the words from a corpus might be marked up using three tags: B for the
initial word of a noun chunk, I for a non-initial word of a noun chunk, and O
for a word outside any chunk. Tagging more chunk types requires a larger tag
set that has B and I categories for each chunk type; for instance, a noun and
verb chunker might use a representation that has the tag set {B-N, I-N, B-V,
IV, O}. This reformulation allows the many learning approaches that have been
developed for sequential classification and which are familiar from POS tagging
to be applied directly to the problem of chunking [8] [@].

The first community competition for chunking technology was held in CONLL-
2000. In the chunking shared task, which used part of wsJ articles as the base
material, the organisers created training and test data for not just noun and verb
chunks but a wide variety of chunk types by converting some of the syntactic
annotation distributed as part of the PTB into tags using the basic reformulation
described above[] The agreed evaluation metrics for the task were precision,
recall, and an F score (Fz—1, which gives precision and recall equal weight).
The best performance among the eleven participating systems was F1=93.48
[10]. The main choices that developers of chunkers have exercised are the set of
features to use when classifying, exactly how to reformulate the chunks as a tag

! The script used for this conversion is available from http://ilk.kub.nl/"sabine/
chunklink.
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set, and which classifier to use. Common features used include the current word
being tagged; words in windows of various sizes extending into the left context
of the current word, and possibly also into the right context; POS tags for all
of these words including the current word; and chunk tags for words in the left
(or right, if chunking backward) context windows. Alternative reformulations
typically augment the basic dichotomy between chunk-initial (B) and non-initial
(I) words with distinctions for the I category that differentiate based on position
in the chunk, particularly picking out chunk-final words.

After the cONLL 2000 shared task, various efforts have been spent on improv-
ing chunking performance on the common data, e.g., F1 reached 93.91 with SVM
voting [11], 93.57 with generalised Winnow [12], 93.71 with filtering-ranking per-
ceptron learning [13], 94.39 with additional unlabelled data [14], etc.

All chunking work to date has focused solely on performance improvements
for wsi texts. However, one paper, [9], has considered the effects of training on
data drawn from the SWBD corpus, which contains conversational dialogues, but
testing on wsJ data. Osborne carried out this test not because he was interested
in the effects of training on one corpus and testing on another, but as a way of
estimating the effects of noisy training data. That is, he was using the known
degraded grammaticality associated with speech as an approximation for noise
in training data. For instance, using section 2 of the SWBD corpus for his training
data, a maximum entropy-based classifier, and a feature set that included the last
four letters of the current word plus POS labels for the current and two following
words, he achieved a performance of F1=82.97. Although he did originally intend
his data for these purposes, his results can be reconstructed as more data points
about the effects of training on one corpus for testing another from a fairly
dissimilar genre. They are not directly comparable to our own results that train
on swBDdata and test on WSJ because we have used a larger training set but
done less to maximise performance. However, when reinterpreted in this way, his
results are broadly compatible with our own.

3 The Data

We use four different corpora in this work, first three of which are drawn from
PTB [I], the last from AMI corpus [3], labelled in our figures and tables as follows:

— PTB/WSJ (CONLL)
This is the same data that was used in CONLL-2000: that is, sections 15-18
of the wsJ portion of the PTB as training data, and section 20 as test data.
— PTB/BROWN
This is taken from the portion of the Brown corpus that has been labelled
with syntactic annotation as part of the PTB. It consists of a collection of
textual sources ranging in genre, but largely drawn from different types of
fiction. For our test data, we chose one text from each of the annotated
subsets representing different text genres.
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— PTB/SWBD
This is taken from the portion of the Switchboard corpus that has again
been labelled with syntactic annotation as part of the PTB. We used sections
2 and 3 as training data and section 4 as test data. The switchboard corpus
consists of telephone conversations between pairs of unfamiliar participants
in which the participants were given an overall topic of conversation.

— AMI
This is a portion of the section of the AMI meeting corpus that consists of
four-party group discussions in which the participants simulate a workplace
design team. Two short meetings (IS1008a and ES2008a) are used as test
data, and two long meetings (IS1008b and ES2008b) as training data.

Because the first three of these corpora come from the PTB, we simply derive
chunks for them using the scripts distributed for cONLL-2000. This leaves the
AMI meeting corpus, for which no PTB portion is available. To address this gap,
we hand-annotated training and test data sets from the AMI corpus for most
of the chunk types used in CONLL-2000, omitting PRT, LST, and UCP because
they are extremely rare.

From these corpora, we used wsJ (CONLL), SWBD, and AMI for training and
all of the corpora for testing. The training sets vary considerably in size, as
can be seen from table [Il Note that two of the four corpora are from textual
sources and two consist of transcribed speech. All four are arguably from different
genres, although one would generally expect the text corpora to share more
characteristics with each other than with the speech corpora, and the speech
corpora to share more characteristics with each other than with the text corpora.
This means, for instance, that whether one’s target corpus is a text corpus or
a speech corpus, it would be reasonable to expect better performance when
training on another corpus of the same basic type than the opposite basic type.

Table 1. Data details (in words, 1K = 1,000)

data training| test| size
wsJ (coNLL)|  220K| 49K |medium

SWBD 1,054K|223K| large
BROWN —| 20K
AMI 13.6K| 6.6K| small

4 The Classifiers

When building a chunker, the first step is to choose a classifier. There were many
possible classifiers we could have chosen, and if we were interested in maximising

2 Our annotation manual is available from the first author upon request; annotation
was performed using a version of the named entity annotation tool reconfigured for
chunks, from the NITE XML Toolkit, which is available at http://www.1ltg.ed.ac.
uk/NITE/ or http://sourceforge.net/projects/nite/
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performance alone, we might wish to try them all. The three below represent
a reasonable spread of choices. Each comes from a different theory and is both
publicly available and well-implemented.

MaxEnt/MXPOST. [ This is a classical statistical POS taggers based on max-
imum entropy theory [15]. Although it was written in Java about ten years
ago, it is fast and demands less computing resource than the other two.

SVM/YAMCHA-TinySVM. A This classifier is based on support vector ma-
chines (svM) [I6]. An svM-based chunker won the first place in the CONLL
2000 task [10]. This particular implementation produced even better result
than that [I1].

CRF/CRF++. E This is one of the post-CONLL models that achieve better per-
formance CRF [I7], based on Conditional Random Fields theory [1§]. Though
the experiments were carried out on NP chunking, the performance is com-
parable with other chunkers on the same task.

For the features, we refrain from using some complex ones: for words, we use
unigram of current word and two words before and after current word; for chunk
tags, we use unigram of last two tags@ We did not use POS information so as
to make things less complicated because for any new data there will be neither
directly available tagger, nor manual annotation. The reason we choose such
simple features is, on the one hand, to ensure fair comparison across classiﬁersﬂ
and on the other, to make computation as easy as possible, keeping in mind
limited resources available for online processing in some real-world applications.

5 Experimental Results

We trained a couple of chunkers with the above three classifiers and simple
feature configuration on the training sets of three corpora. And all the chunkers
were tested on the four test sets (with additional selection of BROWN as test
data). The results are given in Table 2

First we can see from the table that despite its relatively modest computa-
tional demands, the maximum entropy classifier performs best most of the time
when the test and training data come from different sources. When the test and
training data come from the same source, the result of the maximum entropy
classifier is very close to the best results from the CRF one.

3 Available at ftp://ftp.cis.upenn.edu/pub/adwait/jmx/jmx.tar.gz

4 Available at hhttp://chasen.org/ taku/software/yamcha/| and http://chasen.
org/~taku/software/TinySVM/

5 Available at http://chasen.org/~taku/software/CRF++/

5 It was not untill very late that we found that features for MXPOST target tags
are unigram of last tag and bigram of last two tags. But the result from this is
only slightly better than that using unigrams of last two tags. So the results and
discussions below should still hold though the comparisons are not strictly fair.

" This is the default feature manipulation for MXPOST. It is possible to extend through
concatenation, like [§].
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Table 2. Chunking performance (F1) for three classifiers trained on three training
corpora, tested on the four test sets

[IMAXENT|SVM|CRF
Training on WSJ/CoNLL
WSJ 88.35 |87.85(88.55

BROWN| 83.29 (80.37|81.57
SwWBD | 71.06 |70.62(71.49
AMI 62.84 |58.34|61.91

Training on SWBD

WSJ 76.70 |75.39|77.78
BROWN| 82.43 (79.55|81.20
SWBD | 89.93 1]90.96(91.82
AMI 75.08 |71.90(73.50

Training on AMI
WSJ 61.41 |51.54|57.29
BROWN| 62.62 [49.62|55.16
SWBD | 70.09 [66.88(69.28
AMI 81.72 |78.96(82.02

It is also very clear that the chunkers work best when trained on the data from
the same source. This is not beyond expectation. But there is some difference
between them: F1 is around 88 for wsJ, 90 for SWBD, and 81 for AMI. This could
be easily explained by the difference in the training data size. From Table [II
compared with the medium-sized wsJ (CONLL), SWBD is much larger and AMI is
much smaller. Further experiments on the effect of training data size on chunking
performance will be presented below (§ []).

But it is not that easy to compare the performance for the chunkers on un-
matched data (i.e., trained on the data from one source, tested on the data from
others). Can we explain by genre difference in terms of the distinction between
written texts and spoken dialogue? For the chunkers trained on written wsJ,
the performance on BROWN is much closer than that on SWBD and AMI. For the
chunkers trained on AMI data, the performance on SWBD is much closer than that
on WsJ and BROWN. The spoken-written distinction can partly be supported by
the chunk distributions in the data, as shown in figure [l

But for the chunkers trained on SWBD, the performance on BROWN is much
closer than that on wsJ and AMI, which could not be simply explained by the
spoken-written distinction. We further calculated Kullback-Leibler divergence
(or relative entropy) — a measure of distance between two distributions p and ¢
— for the chunk distributions. It is defined as D(p||q) = >_, x p(z)log p(z)/q(x).
For our case, p,q € [WSJ, SWBD, BROWN, AMI|, x is the chunk type. The result
is given in Table Bl

Since Kullback-Leibler divergence indicates the inefficiency of assuming that
the distribution is ¢ when the true distribution is p [I9], and is asymmetric with
regard to p and ¢ (as can been seen from both the definition and table B)), if we
look at the table horizontally, we can see that it would be more efficient
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Fig. 1. Chunk distribution in the data

Table 3. Kullback-Leibler divergence for chunk distributions

ql p— |wWsJ (CONLL) BROWN SWBD AMI
wsJ (CONLL) 0.00 0.02 0.61 0.98
BROWN 0.02 0.00 0.27 0.54
SWBD 0.18 0.12 0.00 0.15
AMI 0.27 0.21  0.06 0.00

— to approximate BROWN with wsJ than SWBD and AMI;
— to approximate WsJ with BROWN than SWBD and AMI; and
— to approximate SWBD with AMI than WsJ and BROWN.

And although it seems more efficient to approximate BROWN with SWBD than
wsJ and AMI, it is similarly efficient (or inefficient) to approximate any of wsJ,
BROWN and AMI with SWBD. This explains why for the chunkers trained on SWBD
the performance on BROWN is much closer than that on wsJ and AMI, instead
of that the performance on AMI should be closer than that on wsJ and BROWN.
If we look at the table vertically, we can see that it would be more efficient

— to approximate wsJ with BROWN than with SWBD or AMI,
— to approximate BROWN with wsJ than with SWBD or AMI,
— to approximate SWBD with AMI than with wsSJ or BROWN, and
— to approximate AMI with SWBD than with WSJ or BROWN.

This should help on how to choose from relavant data when we have to build
chunkers without matched data.
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6 Estimating Data Requirements

So far we have investigated the effects of employing different training corpora on
chunking performance. There is another open and similarly important question:
when annotating new data from the target corpus, how much data is required
to reach a given level of performance? Having the answer to this question, to-
gether with the cost of annotation, would aid those planning work that relies on
chunking technology.

To answer the question, we run an experiment for wsJ and SWBD data that
starts with 10K words of training data and add 10K words at each iteration,
testing performance at each data round. The experiment uses the same data
set as before for SWBD, which we again label as SWBD, but instead of restrict-
ing ourselves to the 220K words of wsJ training data that were employed in
CONLL, here we used the full 1,173K words available from the PTB. We chose
our maximum entropy classifier for this investigation because it provided the
best all-round performance for the lowest computational costs. But this time we
ran two feature set versions: our original, plus one that concatenates POS to the
word features used. The POS tags do not come from some automatic tagger, but
from the PTB annotation. This is to avoid unnecessary uncertainty. But in many
cases we will have to use the output of some POS tagger. The results are shown
in Figure

In the figure, the learning curves are all quite similar. Pos tags help for wsJs
data when the training data set is small, but these gains nearly disappear as

learning curves for MXPOST on WSJ/SWBD data with/without POS
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the training data set size increases. However, for the SWBD corpus, the gains
remain almost constant throughout the curve. The figure shows that after 20-25
iterations, or 200-250K words, the potential performance gains of annotating
more data are really quite low.

Although the amount of training data that we used was in this range or
higher for the wsJ and SWBD corpora, our AMI training data set was much
smaller than this, as it consisted of 13.6K words. Figure [3] shows the result of a
similar experiment intended to blow up the initial section of the learning curve
by having the iterations start at 1K words and add 1K words per round. This
time we exclude the POS tagged conditions, but include a curve for the AMI
data. The figure shows that the learning curve for the AMI data is very similar
to those for the other corpora, at least in this initial section, and gives no reason
to believe that the relationship between performance and data requirements is
any different for this corpus.

7 Discussion

We have presented an empirical study on cross-corpora syntactic chunking, train-
ing on three different corpora and testing on four. We also plot the learning curves
in order to estimate how much data would be enough for training a chunker. Our
work is a promising beginning for the deployment of chunking in a wider range
of speech and language technologies.
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Our experimentation shows

— that if the very highest performance is required, there is no substitute for
training chunkers on plentiful annotation from the target corpus.

In our experiments on data from the AMI meeting corpus, the best perfor-
mance we attained using training data from a different corpus could be easily
beaten by using annotation from the target corpus for an extremely modest
amount of data (ca 4.3K WOI‘dS)E This also echoes a similar statement from
statistical parsing [20, p.200]: “a small amount of matched training data
appears to be more useful than a large amount of unmatched data.” But
annotation is expensive. Performance gains diminish greatly once 200-250 K
words of annotation are available for the target corpus, suggesting there is
little point in investment beyond this.

— that if there is no annotation from the same source available, but only some
annotated data from other sources (maybe in other form, like syntactic trees
in the PTB), then reuse a more similar data would be more beneficial. The
performance levels that can be attained by training on existing data from
other corpora may well suffice for many end applications, particularly those
in speech where imperfect speech recognition means that safeguards against
incorrect interpretation must be built in anyway.

— that chunking spontaneous speech does not raise any particular difficulties
or require any change of chunking strategies previously derived for news-
paper texts. Actually it is the distributional difference that matters more
to chunking than the distinction between written text and spoken dialogue
where there is more noise from disfluencies. Hence chunking is very much
noise-tolerant. This further confirms previous work on the effect of noisy
materials on chunking [9].

There are still some open problems. In order to determine the best strategies
for developing a chunker on new types of data, we must develop some measure
(like K-L divergence) for the distance between source and target corpora that
predicts how well a chunker trained on the source will perform on the target.
In future work we should also consider the possibility of training chunkers using
data drawn from multiple sources and determine how to predict the amount
of corpus-specific annotation required to raise performance to whatever level an
application requires.We need work on some general framework for domain/genre
adaption, like [21]. Another more challenging task would be to find out how
semi-supervised techniques could help chunking through learning from additional
unlabelled data, like [T4].

8 From Table @ the best performance for AMI data while training on non-aM1 data is
F1=75.08 (training on SWBD with MXPOST). This performance could be achieved by
the chunker trained on AMI data at the amount of 4.3K words or so, as can be seen
from Figure
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