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Abstract

We demonstrate a novel method for producing a synthetic talking head. The method
is based on earlier work in which the behaviour of a synthetic individual is generated
by reference to a probabilistic model of interactive behaviour within the visual domain -
such models are learnt automatically from typical interactions. We extend this work into
a combined visual and auditory domain and employ a state-of-the-art facial appearance
model. The result is a real-time synthetic talking head that responds appropriately and
with correct timing to simple forms of greeting with variations in facial expression and

intonation.
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Chapter 1

Introduction

1.1 Interaction with the machine

A personal computer is now an object present in everybody’s home. We use it as often as
our televisions and our refrigerators. We work with it, we play with it but still consider it

as a cold tool.

Recent progress in graphical display, audio production and computational speed allow
computers to reproduce ‘reality’ with very high quality. Nevertheless, the relationship we
have with them is still really basic. The interfaces we use haven’t changed a lot for the

past 20 years and we are still very far from a real human like interaction (Figure 1.1).

A ‘talking head’ is the most human display a computer could have to encourage the user
to interact with it. Not only it has to look and sound real, it also has to have a human

sense of behaviour based on facial expression, voice intonation and timing.

1.2 Motivations for an Interactive Talking Head

Proper human behaviour is something that can not easily be taught or described with

rules. People learn how to interact by watching and participating. We believe it is the



Figure 1.1: Is this how we interact with our computers?

same for the machine. Of course the content of what is said is important. However, the
sequence and timing of accompanying facial expressions is also important; mistimed or
inappropriate expressions may convey unintended meaning and can therefore be disruptive.
It is reasonable to suppose the same requirements will apply for human interaction with

a synthetic talking head.

The screen-based talking head is a powerful device for mediating interaction between
humans and machines, enabling a form of interaction that mimics direct communication
between humans [65, 8, 75]. The experience of realism is further enhanced when the
computer is equipped with visual and auditory senses with which to perceive the user and
react appropriately [48, 13, 97, 37]. In this symmetric situation, both the human and

synthetic head can see and be seen, and can hear and be heard.

Usually based on rules manually set [101, 100, 26, 79, 82, 13], most of the talking heads
look highly synthetic [78]. Some attempts have been made to automatically learn through

observation interactive partners that have appropriately timed responses [48]. These char-



acters however were not as evolved as a talking head. This is exactly where the core of

this research lies.

This thesis adapts a learning approach to interaction proposed by Johnson et al. [51] and
by Jebara et al. [48], and extends this to deal with spoken as well as visual modalities
within the same unified framework. Four applications of such a model are proposed and

experimental results are presented.

Figure 1.2 illustrates some results obtained with the interactive talking head. The Inter-
active head responds appropriately and with natural timing to each new input (tracked

face and sound). More experiments are shown in Chapter 5.

1.3 Approach

The interactive model is learnt from observation of human conversation. Speech and facial
expressions are acquired and compressed into an internal representation from which this

can be regenerated.

From a database of observation (the training set), the learning system creates a model

that can be used to generate new behaviours (see Figure 1.3).

An approach that begins to meet these requirements is proposed in [51] and [48]. Their
idea is based on the common notion of a state space, in which each vector represents
the instantaneous configuration of a participant in an interaction. Such vectors are the
end-point of a perceptual process within the computer, sensing the human party, and the
start-point for a graphical process generating the synthetic individual. An interaction
can be thought of as a pathway through the joint configuration space corresponding to
the human and synthetic party in an interaction. The range of possible interactions is
represented as a stochastic process over the joint configuration space, which is learnt
through observation of real interactions captured on video. Johnson et al. [51] modeled
the profiles of two people shaking hands. Jebara et al. [48] modeled head and hand
gestures. In both cases, the models were used to drive a synthetic individual in response

to past joint behaviour.
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Figure 1.2: In (a) and (b) : On the first row, the face as input saying “hello” with
the associated speech waveform, and on the second row, the synthesised face with the

associated speech waveform.
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Figure 1.3: Learning by observation

In our case we deal with facial appearance and speech to create a talking head behaviour

model.

1.4 Outline of the thesis

This introduction presented our approach on how we should interact with computers and

the need for a new kind of interfaces.

Chapter 2 describes techniques that are related to the modelling and use of ‘talking heads’
as interfaces between humans and computers. It also describes our original research un-
dertaken including descriptions of related background techniques. The remainder of the
chapter is a description of current state of the art research in component areas such as

face tracking and speech processing.

Chapter 3 presents the specific techniques used for the video and sound acquisition. The

face tracker and face generator is presented as well as the speech analyser and generator.



Chapter 4 describes behaviour modelling. This is the heart of the interactive talking head

application. The model is built from a training set of human interactions.

The use of a learnt behaviour model to generate a talking head is presented in Chapter
5. This chapter introduces four applications using the behaviour model with experimental

results. It also includes an evaluation of the talking head results.

Finally, in Chapter 6, the thesis is summarized. The results are discussed and some

pointers for future research are given.



Chapter 2

Background

Due to increases in processing power, especially in the domain of image and audio pro-
cessing, the dream of being able to converse with a machine as if it were a human is now
theoretically possible. The idea of a virtual interactive partner - a talking head - has been
the subject of many projects. In the first section of this chapter we propose an overview of
what has been done in the talking heads field until today, including the Leeds interactive
behaviour system which is the base for the interactive talking head described here. To be
able to converse with the machine we need to track voices and faces and process them.
The following two sections present a short overview of the Face Tracking and Speech

processing field.

2.1 Talking Heads

A study by Takeuchi and Nagao (of the Sony corporation) [97] demonstrated that users
feel more comfortable interacting with a human like partner on screen than manipulating
windows and reading text on a screen. Often, the aim of a computer interface is to
display as much information as possible in the simplest way possible and to improve the

communication between the user and the machine.

Human communication is composed of different methods: words, voice intonation and



Abilities

Type | Interaction | Behaviour rules | Learning

I X X X
11 v X X
111 v v X
v v v v

Table 2.1: Interaction abilities of each type of Talking Head

body language, see for example [73]. In a normal human conversation, if one try to deliver
a message, it has been shown [73] that body language is 55% effective, intonation 38%
effective and words 7% effective. What you say is not nearly as important as how you say
it. So in H.M.I. (Human Machine Interaction), to communicate the best with the user,

the use of a visual talking head is an obvious choice.

Solutions to the problem can be classified into four types, with increasing sophistication
based on the ability to interact, to think and to learn (see Table 2.1). We shall call these
type I, II, III and IV talking heads.

e Type I : a Non-interactive talking head. An artificial character (realistic or not)

which talks and shows some visual information (Figure 2.1).

e Type II: an Interactive talking head. An artificial character can interact with
the user via sensors. Even if the interaction is very basic the user can communicate

with the machine and get a real time reply adapted to the situation (Figure 2.6).

e Type III: a Rule-based interactive talking head. A proper human conversation
is possible. The machine is able to interact like a thinking entity by utilizing a set

of artificial behaviour rules that are manually set (Figure 2.7).

e Type IV : a Learning interactive human. Much of our interactive behaviour
is unconscious, therefore difficult to manually encode as ‘behaviour rules’. The
machine should learn, by observation, how to react like a human being and create

those behaviour patterns we don’t even realise we're obeying ourselves (Figure 2.9).



2.1.1 Type I : Non-interactive talking head

Generate
Data Base >
Talking head

i

DISPLAY

Figure 2.1: Non interactive synthetic talking head framework

Many synthetic talking heads are created every day for different purposes (broadcasting,
business meetings, chat channels, video games). Many laboratories are actively attempt-
ing to develop better ways to create them. A survey on facial modeling and animation
techniques by Jun-yong Noh and Ulrich Neumann [69] describes much of this work. These
type I synthetic talking heads do not interact but try to communicate information as

realistic as possible with a displayed head.

One of the first talking heads producing speech from text and audio was created by
Morishima [65]. The mapping from speech to audio is achieved in two different ways.
One is a rule-based phoneme to facial movement system, manually set, mapping input
phonemes coded from either audio speech or text. The other, from pre-learnt codebooks
encoding LPC (Linear Predictive Coding) and corresponding facial position selected via

a vector quantisation of the linear coefficient of the new audio input.

A plausible approach has been to animate synthetic characters from real human facial
expression [71, 70]. The technique is called ‘expression cloning’ (see Figure 2.2). The
resulting synthetic talking head is silent as the speech has not been included yet. The
3D synthetic model is animated from feature points selected on real subjects. The best
mapping between the real feature points and the synthetic ones is represented by radial

basis functions.
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Figure 2.2: Expression cloning

Cosatto and Graf are working on a photo realistic head created from video footage of
talking faces [20, 34]. 2D features of real faces are extracted to create the model. The
synthetic head is driven by a real talking person whose characteristic feature points are
tracked with correlation methods. Audio is integrated at the end with a text to speech

synthesiser.

A photo realistic 3D head from photographs is proposed by Pighin [80]. The 3D face
models are created from 2D pictures of real people. To generate the 3D model they adapt
a generic 3D face to a specific individual face photograph. Feature points are detected
and matched on each 3D model. The different facial expressions are achieved by morphing

between those models (see Figure 2.3).

Olives et al. created a synthetic talking head with a method of auditory speech synthesis

[75]. A 3D head model, with characteristic points controlling the facial expression and lips
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Figure 2.3: Synthesizing realistic facial expressions from photographs

movement is manually set to match each of the phonemes used in Finnish. Those matches

are called ‘visemes’. The talking head is rendered by interpolating between the visemes.

Brooke has worked on talking heads for a better understanding of speech in computer
interfaces [8, 9]. The model learns, with HMMs (Hidden Markov Models), low defini-
tion grey level talking faces compressed with PCA (Principal Component Analysis). The

talking faces are regenerated using the learnt HMM.

Bowden et al. [6] create a humanoid face, Jeremiah, looking at moving objects in a movie.
The object detection is based on a background subtraction. To model the variation of
the background the system builds a Gaussian mixture of the colour distribution for each
pixel. From simple parameters extracted from moving objects the system sets Jeremiah’s
emotion to preset facial expressions such as boredom, surprise or happiness, see Figure
2.4. The 3D head is an eigen-model built from motion keyframes. The eyes looking at the

moving objects are controlled separately.

The most famous talking head on the Web is probably ANANOVA, the world’s first virtual
newscaster (see Figure 2.5) who delivers the news every day on the net (and soon on mobile
phones). The animated character uses a text to speech converter with some tags manually
inserted for the intonation and emotion it is supposed to show. The animation model then
fits the speech with the corresponding facial movement which are manually set for each

phonemes of the english language.
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Figure 2.4: Jeremiah’s facial expressions

Figure 2.5: Ananova (www.ananova.com) and one of her followers, Chase Walker (Sprint

advanced technology lab).

2.1.2 Type II : Interactive Heads

This second type of interactive head allows feedback from the displayed head to the user.
This loop produces the talking head’s reply to the user input (see Figure 2.6).

Takeuchi and Nagao of the Sony corporation performed a study to understand the dif-
ferences between interacting with a machine with or without facial displays [97]. Their
conclusion was that the new modality helps the conversation to go forward and makes the
user more talkative. This modality needs a feedback from the synthetic character to the

user. The project was to create interactive booths to sell Sony’s products using a talking

head.

Hasegawa created an interactive head which responded to finger gestures and facial identity
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USER <—
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Figure 2.6: Interactive Head framework

[37, 38]. The displayed head recognises the palm sign and finger motion and gazes at the
hand with changing facial expressions. The tracking method is based on skin colour
detection and the face recognition uses template matching. The size of the tracked zone
gives the information to discriminate a finger gesture or a palm sign. The displayed head
is generated from mapped polygons. Parameters controlling the eye gaze, the eyelids and

lips, move along with the results of tracking.

2.1.3 Type III : Smart interactive talking head

This third type of talking head allows a more complex interaction with the user. The
interactive talking head obeys a manually set model and chooses the way it interacts with
the user. By using a set of behaviour rules the interactive partner can be human like and

a conversation is then possible.

Thorisson, from the M.I.T Media lab, created the interactive character ‘Gandalf’ which

converses with the user using speech, facial expressions and hand gestures (see Figure 2.8).
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Figure 2.7: Smart interactive talking head framework

The user is equipped with gloves, helmet and various other kinds of sensor. Hardware pitch
recognition and software word recognition are used for the speech recognition. Gandalf’s
behaviour rules for human face-to-face conduct come directly from the psychological lit-

erature on human-human interaction [101, 100].

Figure 2.8: Gandalf, the interactive cartoon, from the M.I.T. Media lab.
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Pelachaud, working with Poggi, De Carolis, Cassel, Pasquariello and Cappella have un-
dertaken extensive research on the use of behaviour rules in an interactive partner. The
alm was to create a talking head able to send complex ‘natural’ messages and emotional
meaning to users based on cognitive rules [78, 26, 79, 82, 13]. Everything is set manually
and the cognitive rules control every feature of the face and voice intonation of the charac-
ter. The latest talking head resulting from these researches is ‘Greta’ [78] a 3D synthetic
head.

2.1.4 Type IV : Learning interactive human

USER <+——

OBSERVATION

Learning —» Behaviour Rules __y, Interact

v

Generate

Sensors

Talking head

i

DISPLAY —

Figure 2.9: Learning interactive human framework

Much of our interactive behaviour is not apparent even to ourselves. To create this uncon-
scious behaviour we, humans and machines, need to observe people interacting and grab
those little things we do which make the conversation easier and richer. This fourth type

of interactive talking head learns, like humans, from observation.

Tony Jebarra proposed an approach for analyzing and synthesizing human behaviour using

a time series of perceptual measurements. The result is a gesticulating interactive partner



Figure 2.10: The interactive learning partner

(see Figure 2.10) which learns how to respond to a user [48]. This model automatically
learn from long human interactions. The interaction is produced by an ‘action-reaction’
learning system which deals with multi-dimensional time series. The multi-dimensional
series is a concatenation of the successive values of parameters describing the head and
hands, obtained from tracking for each interacting individual as a set of coloured blobs.

The size of the vectors are 30 parameters (6 Gaussian blobs).

The preprocessing rasterizes the times series into vectors (see equation 2.1) by sliding a
time window covering a fixed interval (typically 6.5 seconds, given 128 frames at 50ms

intervals in the example shown) .

V ={C1,C,...Cr} (2.1)
where
Ci = {H},H}
H' = Head and Hands blob tracking results of the left individual
H" = Head and Hands blob tracking of the right individual

T = 128 (6.5 seconds)

PCA is then performed on the resulting vectors to obtain the most energetic modes of

variation (40 modes were found to give more than 95% of the variance). Each period
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of time is then generated with a reduced number of parameters and concatenated to the
most recent vectors in the time series. Those vectors can now be associated with the next

event.
Time series of configuration vectors given by C1, Cs...C}.

Now encode T samples : Cy_7...C; to give :

At = {(],1...0,40}t (22)

Now form pairing :

{(A¢,Ct), Cpya } (2.3)

With those pairs of Action (A, Ct) Reaction (Ciy1) they can learn using Conditional
Expectation Maximization (C.E.M. [47]) how to predict and generate a virtual reaction

for a virtual partner.

The creation of a realistic talking head which creates its own set of behaviour rules via
automatic learning methods is a project built from different researches at the University
of Leeds. This talking head is a type IV learning interactive human. It automatically

learns from visual and audio observations. This application is built from previous work.

Johnson and Hogg’s work on learning the distribution of object trajectories [52] (see Figure
2.11) proposed a way to describe temporal activities. Their approach is related to Bobick

and Davis model of a temporal template for recognition of human movement [24].

The idea is to represent the conditional probability density function p(C;|Cy_1) where Cy

is a Configuration vector at time ¢.

The method is in two parts. First the state vectors derived from the behaviour training
data are approximated by a set of state prototypes placed by vector quantisation (see

equation 2.4).
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Figure 2.11: From observation of many trajectories the system is able to predict the path

of a pedestrian.

{51,852, ..., Sy} (2.4)

where

S, € VQ(Ci,Cs..Ck)

C; = {H}, H}

H! = Tracked silhouette of the left individual
H" = Tracked silhouette of the right individual

v = length

The second part builds on the first to provide a vector representation for extended be-
haviours. The way in which this is achieved may be visualized as follows. Each state
prototype has an associated activation level that is initialised to zero for the encoding of
a single behaviour. The behaviour is traced from beginning to end, and at each time step
the activation of each state prototype either decays by a fixed proportion or takes on a
value that is a linearly decreasing function of the prototype’s distance from the current
state, whichever gives the largest value. The pattern of activation levels at each time-
step provides an encoding of the behaviour up until that point on the trajectory and this
is recorded as a vector - referred to as a behaviour vector to distinguish from the state

vectors.
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Figure 2.12: Example of a suspicious trajectory in a car park

The same procedure is repeated for all behaviours in the training set, giving a large col-
lection of behaviour vectors encoding these trajectories and all partial trajectories implicit
in their generation. This approach to encoding the evolution of a system is equivalent to
the so-called leaky neural network model [85, 107]. Finally, the distribution of behaviour
vectors extracted from the training data are themselves encoded by a set of prototype

behaviours, again derived by vector quantisation (see equation 2.5).

(X1, X, ooy X} (2.5)

where

X, € VQ(Vl, VQ...Vk)

Vi = joint ‘activations’

The final behaviour prototypes provide a compressed model for the range of behaviours
observed in the training data. This model can be adapted to serve as a piecewise uniform
probability density function in which each prototype is replaced by a uniform region with
magnitude proportional to the local density of prototypes, which is in turn proportional
to the observed density of training behaviours. A Markov chain is then superimposed on
top of the behaviour prototypes, with transitions defining the ways in which behaviours

in the neighbourhood of prototypes may evolve between time-steps. The probability of
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a transition is estimated from the proportion of such transitions observed in the training

set.

Figure 2.13: Leeds’ first interactive partner

This work led to the first approach of an interactive partner [51] (see Figure 2.13). The
model is learnt through observation of real interactions captured on video, described in

Johnson [50].
Subsequently, different works on behaviour were undertaken :

- A surveillance application to detect abnormal behaviour in a car park [66], see Figure

2.12. The work was based on the prediction model of walking people.

- An extension of the model with grammar based on Variable Length Markov Models was

proposed by Galata to model people doing aerobic exercises [32].

- The first interactive head which learns automatically how to react . First with basic

silent expressions in Hogg et al. [41], then with speech in this research (see Figure 2.14).

2.2 Face tracking

The domain of face tracking is very active. Major surveys of this domain include Samal &
Yiangar in Pattern Recognition [92] and Rama Chellappa [14], with more recent surveys
by Hjelmas in 2001 [58] and Ming-Hsuan Yang, David Kriegman and Narendra Ahuja in
2002 [108].
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Figure 2.14: Leeds Interactive Talking Head

In this section we produce a reduced and basic overview of the most commonly used
methods in face tracking. A more accurate and complete description can be found in the

surveys mentioned above.

There are two kinds of approach to face tracking : Feature-Based and Image-Based.
The Feature-Based approach uses facial knowledge by locating and tracking specific
prominent features. The Image-Based approach uses the face as a whole and can classify
results into face and non-face classes. I will finish by describing the tracker I'm using in
my application which can track heads and facial expression but also reproduce what has

been tracked.

2.2.1 Feature-Based approaches

In the feature-based approach, low level features of the face are selected and used for
detection and tracking. Contour tracking uses knowledge of the shape of the face or
any other specific facial feature. Intensity techniques use the intensity value of areas
of pixels composing the face. Motion tracking techniques locate moving objects by using
displacement measures. Feature tracking uses prior knowledge of one or several specific

prominent facial features and anthropometric face geometry.
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2.2.1.1 Contour

A popular way to track faces from their contours is with an active contour method. This
method requires a previous edge detection. The Sobel operators, the Marr-Hildreth edge
operator or different first and second derivatives Laplacian of Gaussians [11] are commonly

used. More recent edge-based techniques can be found in [25, 59].

The principle of an active contour is to deform a contour to take the shape of the face
or feature to track. The first active contour method (called a ‘snake’) was introduced by

Kass et al. [53]. The snake tries to minimize an energy function :

Esnake = Linternal + Eewternal (26)

where Fjpternat depends upon a predefined shape applied to the snake and Ecgierna de-
scribes the effect of the image after being processed (e.g., edge detection). The predefined
shape depends upon the nature of the feature to track. By minimizing its energy the snake

will stick to the contour and track the feature.

Terzopoulos improved this technique by adding a Kalman filter in the tracking [99], and
later on Isard and Blake added the CONDENSATION method [46], an application in
vision of the particle filter [33].

The PDM (Point Distribution Model) was created by Taylor and Cootes. This is also

known as the ‘smart’ snake [18]

The PDM is a statistically compact description of the shape. The contour is discretized
into a set of labeled points and extracted from a large set of faces. PCA is then performed

to extract the principal modes of variation over all the contours:

T = & + Pybs (2.7)

Where Z is the mean shape, P; is a set of orthogonal modes of variation and by is a set of

shape parameters.
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The manual contour point setting was simplified by Hill in an automatic landmark tech-
nique [39]. The PDM approach may also be combined with the use of intensity information.

This is know as the Active Appearance Model (described in Section 2.2.3)

2.2.1.2 Intensity

The colour information within a face can be used to locate and track it. A complete review
of intensity tracking methods can be found in [58]. The most common colour model used
to describe the skin is the normalized RGB representation as the skin appearance changes
with the lightning conditions [7, 88, 68, 89]. The HSI (Hue, Saturation, Intensity) has
been proven actually better than RGB by Hwan Lee Choong [15] and is now commonly
used for face segmentation [34, 93, 63, 103].

A recent review has been undertaken by Terrillon in his comparative study of widely used

colour spaces for face detection [98]

The location of the face can be done with a skin colour threshold where the skin colour is
modeled through histograms [54, 55, 38, 34, 88, 68, 89]. The use of Gaussian distribution
to detect skin colour is also used to get a more general spectrum of colour [74, 64, 22, 63].
The Gaussian parameters can be set up with colour samples taken from different ethnic

groups.

2.2.1.3 Motion

In the case of sequences of faces the use of motion detection is an effective method to

locate faces.

The detection of natural eye blinking [59, 22] is a nice way to locate the face using frame
differences. Most motion tracking methods try to locate what is actually moving as a pre-
tracking process. It is usually followed by a more sophisticated method such as pattern
recognition or PCA performed on the new region of interest set by the motion detector

7, 63, 38, 88, 109, 103, 22]



24

A spatio-temporal Gaussian filter has been used by McKenna et al [62] to detect faces.
The process involves convolution of a grey image I(z,y) with the second order temporal

edge operator m(x,y,t) which is defined from the Gaussian filter G(z,y,t) :

The optical flow method is based on short-range moving pattern and is sensitive to fine

motion. The method is modeled by the image flow equation :

LV, + LV, +1;=0 (2.9)

Where I, I, and I; are the spatio-temporal derivatives of the image intensity and V,
and Vj are the image velocities. By solving this equation for V, and Vj an optical flow
field that contains moving pixel trajectories is obtained. Then a classification of moving
and non-moving region has to be done from those trajectories. Lee et al. proposed a line
clustering algorithm [15]. This method is a faster version of the original algorithm by

Schunck [87]. Optical flow is now a widely used algorithm [25, 27, 34, 88|

2.2.1.4 Features

Locating specific features is a common and effective way to track a face. The method
is used as it allows to create fast applications [86], but also because of its reliability. If
used with multiple features this method is relatively insensitive to occlusions. People
usually locate the eyes [22, 40, 89] but all the other prominent features of the face are
valid [103, 93, 42, 10, 96, 27, 7, 4, 34, 88, 109]. Features are usually located via correlation

methods. An experimental comparison of correlation techniques can be found in [23].

For a better location of these features, some anthropometric measures of the face are

usually used [49, 25, 11, 10].
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Feature location is a powerful tool for face tracking but also can be used for person
recognition or even expression recognition. Usually the imaged-based approach (2.2.2)
is more common for that kind of detection. Brunelli discusses and experiments those

methods in his comparison between features and templates [11]

2.2.2 Image-based approaches

The Image-Based approach considers the task of face tracking as a pattern recognition
problem. The face is taken as a whole and can be classified into face and non-face classes.
Usually used for expression and person recognition it also has some very good tracking
properties. While some people use basic template matching [57, 42] with the methods

described in 2.2.1.4, the face description is often made in a linear subspace.

Although many different approaches exist, PCA is by far the most common method used,

involving linear subspaces.

Used in the 1980s by Sirovich and Kirby [91] to represent faces it has been developed
later by Turk and Pentland [104] for face recognition. Given a set of training images an
optimal subspace is determined such that the mean square error between the projection

of the training set onto this subspace and the original images is minimised.

For example we have a dataset of n faces, F1, Fo, ..., F},. The average face is defined by

- % zn: F (2.10)
®; = (F; Z—:iI’)"
(2.11)

where @ is the image vector for each image of the training set. Then with D = [®®3...9,]
and C = DD! we compute the eigenvectors u; of C. An input image can be projected

onto face space by
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w = ul® (2.12)

where k£ = 1...m and m is the number of principal components selected.

This method has been used in much research [63, 64, 1, 22, 88, 28, 19, 17, 36, 29, 27, 21, 3]

for face tracking, encoding and compression.

It has been extended for face discrimination (Linear Discriminant Analysis) and factor

analysis and into the Active Appearance Model described in the next section.

2.2.3 The Manchester Face Tracker

Cootes created a face tracker based on the Active Appearance Model [17]. The algorithm
can locate faces and their expression, track them and reproduce the sequence from reduced

size vectors obtained at the tracking.

First a PDM is created on a training set of moving faces. Then PCA is performed on the

grey level images of the same set of moving faces (see figure 2.15).

Figure 2.15: Grey level images

The Active Appearance Model is a combination of both PDM and grey level PCA into one
single model. The tracking of a new sequence of faces is done by deforming and matching

the face appearance model to the input faces (see Figure 2.16). The process is explained
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in [17]. Results and more details can be found in the next chapter, as this method is the

one we use to create the visual aspect of our Talking Head.

-

Figure 2.16: Face matching

Since the creation of the Active Appearance model extensions have been made. Recently
Hou et al. proposed the Direct Appearance Model [43] in which an improvement of 3%
in the tracking quality is obtained. Walker, from the Manchester lab presents another
extension to the original method with an automatic way to build the AAM using salient

features [106]

2.3 Speech Processing

Speech processing is another active research area. An overview of this field is presented
in Cole [16]. Only a subset of this field is relevant to the work presented here, specifically

the areas of Coding and Compression, Analysis, and Generation of speech.

2.3.1 Coding and Compression

Until recently, research into speech coding and compression was split in two: vocoders and

waveform coding.

The first deals with knowledge of physical speech production and manipulation of many
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parameters with great precision. The second one tries to reproduce the signal itself in the
time or frequency domains. Each of these fields has a different goal. Vocoders achieve
considerable bit rate savings at the cost of quality whilst waveform coders preserve quality
but do not compress speech to any great extent. For a good overview of this early research,

see [30].

More recently, the appearance of published work on speech coding and compression has

increased a lot and can not be easily classified into those two fields.

In the frequency domain the Fourier transform is the most commonly used technique for
any kind of speech preprocessing [90]. The selection of relevant frequencies is a start for

a compression or simple encoding of the speech.

Another frequently used technique is that of linear predictive coding [61]. This forms
the basis for many compression algorithms, such as the CELP (Code Excited Linear

Prediction) [12] which adds a residual error compression to the normal encoding of the

LPC algorithm [102].

This method can also be combined with other techniques, some of which are well known in
the vision field, for example Vector Quantisation [60]. The LPC coefficient vectors can be
quantized for a better compression of the speech and the resultant compression algorithm

is known as Ipc10 [76]

Another technique well known in the vision domain is principal component analysis. PCA
is used to remove linear dependencies between sets of coefficients [45]. The use of PCA in

speech processing will be described and evaluated in the next chapter.

2.3.2 Analysis

Speech Analysis is one of the biggest (if not the biggest) sub-parts of the Speech processing
domain. It would be foolish to try to present an overview of the entire field, even a quick

one, in a few paragraphs. For a complete one see [16].

The Hidden Markov Model (HMM) is probably the most commonly used method to de-
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scribe and analyse speech [83]. The HMM is a combination of two stochastic processes.
An observable one, which in the speech recognition domain accounts for spectral vari-
ability, and a hidden one, which in the speech recognition domain accounts for temporal
variability. The structure of the observable Markov chain is manually set and has to be
carefully chosen. The model is then trained on a dataset to set the parameters of the

hidden process.

Speech analysis is typically based on one or more of the encoding methods described in
the previous section. After being encoded and compressed the parameters of the speech
description can then be easily compared and analysed via various statistical methods.

LPC [61], Fourier Transform [90] and PCA [45] are all valid encoding methods for speech.

Another major issue within this field is that of pitch extraction. Most speech processing
needs pitch intonation information to complete the analysis [81, 84]. Also, it is worth
noting that working only with the voice intonation can be enough for some applications
such as speaker recognition. The aim of a pitch extractor is to find the fundamental
frequency (Fp). A description of that frequency and some of the most common ways to

extract it can be found in [16, 94, 72].

Approaches to speaker adaptation are similar in principle, except that the models are
more commonly general statistical models of feature variability, rather than models of the
sources of speaker-to-speaker variability [44]. Whereas the speech analysis field is very
important to the speech community this area does not concern us. All the processing we
will do is part of the statistical model we are using. On the specific ‘audio’ aspect of our

work, we will be going straight from encoding to generation.

2.3.3 (Generation

The generation of speech is the final part of the three stage process we adopt in the ‘audio’.

Some books and overviews of the field can be found in [31, 105, 16].

The ‘learn and reproduce’ approach is not really used here. Most of the work in this domain

has a pre-analysis stage and the output is always what is understood by the system. Audio
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output is usually generated from text.

Three different approaches to generating audio output can be found in the literature.

These are articulatory synthesizers, formant synthesizers and concatenative synthesizers.

Articulatory synthesizers are physical models based on the detailed description of the

physiology of speech production and on the physics of sound generation [77].

Formant synthesis is a descriptive acoustic-phonetic approach to synthesis [2, 95]. Speech
generation is performed by modeling the main acoustic features of the speech signal. The
basic acoustic model is the source/filter model. The filter, described by a small set of
formants, represents articulation in speech and the source represents phonation. Both

source and filter are controlled by a set of phonetic rules.

Concatenative synthesis is based on speech signal processing of natural speech databases
[67]. The database includes the major phonological features of a language. The synthe-
sizer concatenates speech segments, and performs some signal processing to smooth unit

transitions and to match predefined prosodic schemes.
Our approach is close to the concatenative synthesizers as you will see in the next chapter.

An evaluation of the quality of generated text-to-speech has been carried out in [56].
Human subjects were asked to assign a quality mark to generated output and express their
opinions via multiple choice questionnaires. We are using a similar method to evaluate

the quality of our results, as reported in Chapter 5.

In this chapter, the need for an automatically learnt talking head (type IV) has been

demonstrated. The remainder of this thesis will describe how this talking head is created.



Chapter 3

The acquisition of data

This chapter describes the methods used to acquire data for entry into the database of
interaction sequences needed for the learning process. This learning process is described
in Chapter 4. These acquisition methods are also used as direct input for the applications

described in Chapter 5

To create the database of interaction sequences, the video and sound are processed sep-
arately before being stored. Both of these processes, the ‘face tracking’ and the ‘speech
analysis’, use a model based compression to encode the signal into low-dimensional vec-
tors. The aim is to be able to store them easily and reprocess them to regenerate the

original signals. Figure 3.1 illustrates this process.

The data acquisition set comprises pairs of people talking to each other using cameras
and microphones in a setup similar to that shown in Figure 3.2. All of the interaction
is recorded on digital video tapes and processed. The filming is staged so the speakers
are greeting each other or having a conversation, depending upon the application and the

kind of sequences desired (see Chapter 5).

The video is processed by the face tracker, described in the first section. The sound is
processed by the speech analysis, described in the second section. The result of both
face tracker and speech analysis will be combined into one single vector to be processed

by the behaviour modelling system, described in the next chapter.

31
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I nteraction sequences

audio video audio video
Speech Analysis Face Tracker Speech Analysis Face Tracker
speech | parameters face | parameters speech | parameters face | parameters
DATABASE
speech | parameters face i parameters speech i parameters face | parameters
Speech Generation Face Generation Speech Generation Face Generation

' '

i

Figure 3.1: Data acquisition and generation process

i

3.1 The Face tracker

To encode the face into a low-dimensional vector, an existing method based on a de-
formable appearance model [17] is used (see Section 2.2.3). The purpose of the tracker is
to extract, using a preprocessed face model, the facial parameters. These parameters can

be stored and reused to recreate the face tracked (see Figure 3.3).

Facial appearance is represented by the parameters of a combined model of shape and
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Figure 3.2: The experimental setup for video capture of interaction sequences
lvideo
B

face parameters
Face Model

\ Face Generation

'

Figure 3.3: Encoding the face

intensity variation for the human face. This model is generated from training data of

typical faces, marked-up by hand with spline curves delineating prominent facial structures
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(Figure 3.4). Applying principal component analysis (PCA) to the set of parameters
describing facial lines within an aligned frame of reference, recovers an underlying set of

axes of shape variation.

Any face shape z can then be approximated with :

=71+ P,b, (3.1)

where z is the mean shape, P; is a matrix with columns which are the principal orthogonal
modes of variation and by is a vector of shape parameters. Figure 3.5 illustrates the facial

lines generated from three different sets of values for the parameters of such a shape model.

Figure 3.4: Spline curves delineating prominent structures of the face

A grey-level appearance model is constructed by warping each face from the training set
onto the mean shape and applying principal component analysis to the normalised data.
The warping is performed by triangulating between points on each facial line, as shown
in Figure 3.6, and applying an affine mapping between corresponding triangles. Any

normalised grey-level face g can then be approximated with :

g =g+ Pybg (3.2)

where g is the mean grey-level face, P, a matrix with columns which are the principal

orthogonal modes of variation and b, a vector of grey-level parameters.
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ey

Figure 3.5: Face shapes generated from three different sets of parameter values

Figure 3.6: Mean shape triangulated for warping

A face can now be synthesised from shape and grey-level parameters by generating the

normalised grey-level image and warping it to the given shape (Figure 3.7).

Different models are used for different individuals and even different applications. In the
experiments which are reported in Chapter 5, there are between 4 and 10 parameters
in the final facial appearance model to which 4 parameters, X,Y,S and R for position,
scaling and rotation are added. Some variation of the affine parameters can be seen in

Figure 3.8.

A separate model is required for each individual. Variations in identity are not modelled,

although the modeling framework can be extended to do this [17]. For better results,
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Figure 3.7: Faces generated from three sets of values for model parameters

X
Y

°o o9 0 0 O ¢
S

R

Figure 3.8: Varying the four affine parameters. Position X in first line, position Y in

second line, scale in third line and rotation R in fourth line

the face model is created to render a limited number of expression. Results are shown
in Chapter 5. Note that to model the same kind of expression with different individuals
the number of parameters needed can vary due to more or less complex facial features.

Figures 3.9 and 3.10 illustrate some individual characteristics which had to be included in
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the model. The speaker in Figure 3.9 has very animated eyes, her eye movements convey
much information. The movement of the eyelids of the speaker in Figure 3.10, is part of her
way to answer even very basic greetings. Both of these special kinds of facial expressions

have to be included in the face models.

Figure 3.9: The eye movements of the speaker are encoded in the model

Figure 3.10: The eyelid movements of the speaker are encoded in the model

To avoid any correlations between shape and intensity variations, shape and grey-level pa-
rameters are joined together and another PCA is performed. A specific face is represented

by assigning values to the n parameters of the facial appearance model: f = {fi, fo, ..., fn }-

The mapping from a given visual image to the corresponding parameters of the appearance
model is performed using the iterative search proposed by Cootes[17]. The idea is to
adjust model parameters so that the corresponding synthetic face matches the new image

as closely as possible. Figure 3.11 shows a close match between an input image and the



38

synthetic face chosen as best match.

(a) (b)

Figure 3.11: The closest matching synthetic face to a new image. (a) input frame, (b)

best matching, (c) contour of best matching superimposed on input image.

To find the best match, the difference between a new image and one synthesised by the
facial appearance model needs to be minimised. Figure 3.12 shows the difference image
obtained by subtracting the synthesised image from the new video image. A difference

vector 61 can be defined:

§1=1-1, (3.3)

Figure 3.12: Subtracting the synthesised image from the new video image shows the

difference error image

where I is the vector of grey-level values in the image, and I is the vector of synthesized

grey-level values for the current parameters. To locate the best match between model and
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image, the aim is to minimize the squared magnitude of the difference vector, A = |§1?,
by varying the model parameters f (see Figure 3.13 and 3.8). The relationship between

61 and the error in the model parameters is assumed to be linear :

5f = AST (3.4)

To find A, multivariate linear regression is performed on a random sample of model dis-

placements {éf} and the corresponding difference images {1}.

Figure 3.13: Varying the first three parameters of the face model

The tracking method can be seen as an optimization problem. The best match for each

frame must be found. The algorithm is as follows :
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for each frame t of the sequence :
1. Evaluate the error vector 61; with f;_; the facial parameters from the previous frame.
2. Evaluate the current error A,
3. Compute the predicted displacement §f; = ALy
4. Set k=1
5. Let fr = fi—1.kéfy
6. Sample the image and calculate new error A}
7. If A} < A, then accept the estimate f;
8. Else try with k € [1.5,0.5,0.25,0.125] from step 5.

9. If A} > A, for all values of k then f; = f;_1 (remain with previous facial parameters)

From Cootes [17]

A face matching result when initialising a tracker using this algorithm is illustrated in

Figure 3.14. After the initialisation the face will ‘stick’ to the face for the whole sequence.

original

Figure 3.14: Evolution of fitting a face to the real image : the algorithm starts with a face

at random position at instant ¢t = 0. Evolution can be seen at t =3,¢t =6 and ¢t = 10

We are now able to track a moving head by finding the closest match to a face generated
by the face model. The resulting vectors contain the affine parameters and the combined

shape/grey-level encoding the sequence seen.
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3.2 The Speech Analyser

The speech is processed in two different ways, depending on the application (see Figure
3.15). The first way is to extract and store only the energy of the audio signal. An
output signal is obtained, which can be used for future processing but cannot be used
for regeneration. This method does not need any pre-learnt model. The second way is to
extract audio parameters using a preprocessed voice model, as with the face tracker. These

parameters describing the waveform can be stored and reused to recreate the speech.

Audio signa
from microphone

Speech
extractor

Sound Mode

Energy signa Waveform parameters

'

Speech
Generation

'

Figure 3.15: Sound acquisition

The sound acquisition is performed via microphones on headsets (see Figure 3.16) posi-

tioned low enough so no part of the face is hidden from the video camera.

In our experiments, the raw sound is sampled at 44.1KHz. This signal is partitioned into
blocks of 4096 samples giving 10.76 blocks/second. This corresponds to the video frame
rate used. Thus a one-to-one correspondence between audio blocks and video frames exists

(see Figure 3.17).
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Figure 3.16: Headset microphone

Figure 3.17: Signal cut every 4096 samples which correspond to every video frame

From the segmented signal we then have the choice between extracting the energy or

extracting the speech parameters.

3.2.1 Energy of the voice

The energy signal is one of the simplest and most general piecess of information that
can be extracted from an audio signal. The use of such a measure and examples for the

datasets used in the thesis are shown in Chapter 5.

The equation for the energy calculation over a window {z1, ..., Ty} i

E= 2i1 |%il

L (3.5)
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where

x = signal

w = size of the energy window

In our case the energy window, w = 4096, which is the same as the number of samples in

each block. Figure 3.18 shows the energy signal extracted from a simple sentence.

A SN A S

.01

Figure 3.18: On the top is the waveform ‘Hello, how do you do, do you fancy going to the
pub?’, on the bottom the energy graph

After the energy is extracted, the speech signal is lost and can not be regenerated. This

is a one-way process only.

3.2.2 Waveform encoder

The purpose of the waveform encoder is to extract, against a preprocessed voice model,
the corresponding values for the speech parameters. These parameters can be stored
and reused to recreate the waveform (see Figure 3.19). To encode the frames using low-
dimensional vectors, a Fourier Transform followed by a Principal Component Analysis is

performed. All the processing is done from the audio signal of the person speaking.

In our experiments, the speech signal is sampled at 44.1kHz, giving 10.76 frames per
second. A spectral analysis is performed on each frame using a Fast Fourier Transform

(FFT) [90].
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Audio signal
from microphone

|

Speech Analysis

-

speech parameters
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Figure 3.19: Waveform acquisition
The discrete Fast Fourier Transform is :
n—1
kp . kp
Yp = Zxk (cos (2%;) + 1810 (2%;))
k=0
where

zr is the kth valued input sample

yp 1is the pth complex-valued output

2N

In our case N = 12 so n = 4096.

(3.7)

Applying principal component analysis (Section 3.1) to the vectors of spectral components

from a training set of utterances allows a concise representation of individual frames (see

Figure 3.20).
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Fast Fourier Transform

i

frequencies

LVOl ce Model| = | Principal Component Analysis

|

parameters
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Figure 3.20: The encoding of the waveform

Any vector y in the frequency domain can then be approximated with :

y=19y+ Pss (3.8)

where ¢ is the mean, Py a matrix with columns which are the principal orthogonal modes

of variation and s a vector of speech parameters.

For our experiments, the first 70 principal components were found to give adequate re-
construction of the waveform (see Figures 3.21 and 3.22), accounting for about 85% of
the variance. Thus, each frame (4096 waveform samples, lasting 93ms) is represented by
70 parameters. In general, a frame of sound is represented by assigning values to the n

parameters of the voice model: s = {s1, 82, ..., 8p}

In our experiments the voice model was able to reproduce with fidelity all of the vocabulary
occurring in the utterances it had been trained with. Any utterance not occurring in
the training set would be expected to give a poor reconstitution, like that shown on

the bottom-left of figure 3.22. The utterances used for the training set can be seen in
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Chapter 5, Table 5.2. In figure 3.21, the residual error for different utterances with the
use of different numbers of principal components can be observed. Note that the French
‘bonjour’ is relatively well matched globally (i.e. a comparable residual) even though it
was not part of the training set. We can observe in Figure 3.22 that the specific French

pronunciation for the ‘j’ is not reconstituted as it was not in the training set.

83 %
80 % °

78 % 78 %

256 70 30 10 256 70 30 10
number of components number of components

256 70 30 10 256 70 30 10
number of components number of components

HELLO HI HOW DO YOU DO BONJOUR

Figure 3.21: Quality of reconstitution of different utterances with the use of different

numbers of components. Only ‘Bonjour’ did not occur in the training set.

Finally, the two vectors, representing video and sound, containing the parameters describ-
ing facial expression and speech or energy signal are combined. The face parameters are
appended to the speech/energy parameters and will be used as one single vector for the

behaviour learning process. Figure 3.23 illustrates this process.

This chapter has discussed the data acquisition and processes for encoding the video and
audio data. The final joint vectors obtained are stored and can be used to redisplay the
video and sound encoded or processed by our behaviour system. The behaviour system
allowing an interactive response from a virtual talking head is introduced in the following

chapters.
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Figure 3.22: On the left the sound ‘bonjour’ (top) with reconstitution (bottom). This

sound is not in the training set. On the right the sound ‘Hello’ (top) with reconstitution

(bottom)

Speech Analysis

l

speech | energy parameters
sl|s2|s3

sm

Face Tracker

l

face parameters
f1|f2|f3| ... [fn

pl

p2

p3

p4

p5

pk k=m+n

Figure 3.23: Video encoded vector and speech encoded vector are combined



Chapter 4

Modeling Interaction

This chapter describes a method for automatically learning models of object interaction
[61] and how this method is used to learn models of interactive behaviour between two
individuals in the case of face to face conversation. The learning system initially generates
a set of state prototype vectors describing the configuration space (facial expression and
sound). State prototype vectors together with a history-trace memory mechanism are then

used to generate behaviour prototype vectors describing the interactive behaviour space.

In this thesis we are interested in modelling the joint behaviour of two interacting objects.
In order to encode interaction between two people we use a joint model of the two talking
faces. The vectors encoding face and speech for each talker are joined into a single one as

illustrated in Figure 4.1.

4.1 The joint model

The two interacting talking heads, T4 and T'®, combining speech and facial movement

are joined into single vectors T.

The vectors are encoded as:

T = {T4, T8} (4.1)

48
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Face and Speech Face and Speech
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‘Tl‘Tl‘TS‘T4‘T5‘...‘TS‘ s=k+k’

Figure 4.1: Joint vector of the combined face/speech vectors for the two talking-heads
where

TA = (plap2"'7pm)

T" = (p1,pa-...,Pn)

Prior to modelling, the joint vectors are scaled and translated to lie within a unit hyper-
cube. This is to simplify future stages of the encoding process. These normalised vectors

are configuration vectors C'.

An animated facial expression with speech is now represented by a sequence of configura-

tion vectors Cy € [0, 1]*:
{C1,Cy,...,Ci} (4.2)
with [ the length of the animated talking heads sequence.

All the vectors Cy within the hypercube [0, 1]° are a conjunction of the two talkers (nor-

malised talking head A on the right and talking head B on the left). To illustrate, a simple
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interaction within the hypercube of two people greeting each other shown in Figure 4.2 is

plotted in Figure 4.3.

Figure 4.2: Two people greeting each other. On first row speaker one saying ‘Hello’ and

on second row speaker two answering ‘Hello’

speaker 1 —s—

speaker 2 ——

/ \

Figure 4.3: The first three parameters of the combined model (greylevel+shape) of each
speaker saying ‘hello’ within the hypercube
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4.2 The learning system

From the face and speech database acquired in a previous learning phase a reduced space
is automatically created. From that new space and some interaction clips we obtain a
time-based space composed of face and speech information. This time-based space will
be once again reduced to a smaller space and a Markov chain will be superimposed to

represent these interaction behaviours. The schema on Figure 4.4 summarize the process.

The representation of behaviours and the associated learning mechanism is essentially that

proposed by Johnson et al. [51, 50].

Faceand Speech | Quantisation State prototypes
database

Tempora pattern
formation

Behaviour pattern o .
in space of state Quantisation | Behaviour prototypes
prototypes
Learning
Markov Chain

Figure 4.4: Learning system

4.2.1 Learning configuration space

To encode the behaviour clips we use sequences of state vectors representing the evolution

of the configuration and the first derivative of configuration.
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State vectors F} € [0,1]2 consist of a configuration vector C; and its derivative C;. To pro-
duce training data, the first derivative is approximated by the difference in configuration

vector between successive frames:
Fy = (Cy, ACy + H) (4.3)
where

Cy=Cy — Gy

A is a scaling factor and H € ° is a vector with all components equal to %

H and X are chosen so components of state vectors span the interval [0, 1] (for more details

see [50]).

The evolving behaviour of a talking face is represented by sequences of state vectors of

the form :

F={F,F,,.., F} (4.4)
To create a model of behaviour we use a training set of observed sequences O =
{F1,Fo.., Fo}

To make the behaviour training set invariant to the starting position in translation, rota-
tion and scale, all the behaviour clips F are expressed relative to the 4 affine components

X1,Y1, Ry and S; (see previous chapter) of their first frame F; :

For each F; ¢ F € O

X! =X, - X;
Y/ =YY
RI=R -R
Sl =8,— 5

Frame 1 for each F is thereby transformed to X{ =Y{ = R} = S} = 0.
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The distribution of all the vectors F' of F € O is modelled using a vector quantisation
[35]. This allows any distribution to be characterised by a fixed number of prototype state

vectors (see Figure 4.5).

(Sl
&
el
o] kel .
-’ 8.0,
----- 0 94
Q a Qo
> RIS
quantisation 8 % . .
g. 9% oo
93%0
P s

@ (b

Figure 4.5: (a) depicts a set of vectors in the state space, (b) shows the same set of vectors

with prototypes superimposed

The final distribution of the prototypes by a regular vector quantisation is extremely
sensitive to their initial placement within the feature space. To solve that problem we
incorporate a prototype sensitivity mechanism developed by Johnson [51] and inspired
from Bienenstock et al. [5]. Each prototype can automatically vary their sensitivity to
exclude themselves from the competition. This variation of the Vector Quantisation is

called Altruistic Vector Quantisation (AVQ) [51].

Each prototype is associated with a sensitivity value S;(¢) which modifies the Euclidean
distance metric normally used in competitive learning. A prototype with a positive value

is more likely to win the competition than a prototype with a negative value.

The complete algorithm, consolidated from Johnson [50] is on the next page :
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The algorithm places a set of m prototypes c; € [0, 1]?%, referred to as a codebook, over
N iterations:

1. Randomly place the m prototypes within the unit hypercube [0,1]25.

2. Select z(t), the current training vector, randomly from the distribution.

3. Find the prototype c;(¢) which is nearest to the current training vector z(t) :
la(t) — ¢j(8)] — S3(t) = minalat) — ei(H)] — Si(t). (45)
where S;(0) = 0 and sensitivity values are updated on each iteration using
Si(t+1) = ¢Si(t) + A; (4.6)

where ( is a damping coefficient defined as

L B
(=1 T (4.7)

and A; introduces sensitivity adjustments defined by
B ifi=j

A; = (4.8)

[3 .
7= otherwise,

where 3 is a constant in the interval (0, 1) specifying the magnitude of adjustments.

4. Update prototypes as follows:

R R CEOR ORI, )
' ci(t) otherwise,

where «(t) is a monotonically non-increasing gain coefficient,

1-099(%) ifo<t< ¥
at) = ) -2 (4.10)
0.01 ift >
referred to as the cooling schedule of the learning process

5. Repeat steps 2-4 for N iterations.
Adapted from Johnson [50]
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The resulting state models after the vector quantisation are a set of u state prototypes a;:

A= a1, a9, ..., 0y (4.11)

Those prototypes will be used as an alphabet to encode the behaviours.

Figure 4.6 shows the first 200 joint vector prototypes generated after the AVQ on the

configuration space. The training set utterances can be seen in Chapter 5, Table 5.2.

4.2.2 Learning behaviour space

To encode a behaviour, we must encode paths through state space. Each behaviour can
then be encoded as a trajectory in the state space and projected in the spatio-temporal
space to be processed. Those trajectories have to be compared to each other to decide
how similar they are. To encode those trajectories we use a memory mechanism to keep a
history of the proximity to each state prototype. We then model the distribution of those

behaviours using the Altruistic Vector Quantisation (see Figure 4.7)

The memory mechanism approach is similar to the Leaky Integrators of Reiss and Taylor

[85] and the Neurons of Wang and Arbib [107].

A real valued ‘activation’ level z is associated with each state prototype. The activation of
a prototype gives a measure of the elapsed time since the last time it was close by slowly
decaying over a period of time. The whole set of prototypes forms a trace of the history

which we use as an encoding of the trajectory.

Using the prototypes A as alphabet, the temporal pattern formation is encoded in the
proximity of successive state vectors from an ordered set F to the corresponding prototype
a. The proximity p;(t) of a state vector F; to a state prototype @; decreases linearly from
one to zero as the distance between them increases from zero to the maximum separation

within the hypercube state space:

pi(t)=1-p (Fi/_z—saz) ; (4.12)

where 2s is the dimensionality of the state space and p is a scaling factor chosen such that
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Figure 4.6: Prototypes & of the joint configuration space
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Figure 4.7: Distribution of the prototypes in the trajectory space
V2s

e is approximately equal to the maximum observed separation within state space. The

activation level of every prototype is updated at each iteration.
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Figure 4.8: Conditional decay operator applied to sample proximity data with v = 0.97

We apply a conditional decay operator to these proximity values to retain a trace of the
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history :

ai(t) = pi(t) if pi(t) > yzi(t — 1) (4.13)

vzi(t —1) otherwise,

where 7 is a coefficient in the interval [0, 1] which defines the rate of decay. For all reported
experiments, 7y is set to 0.97. On the graph in Figure 4.8 we can see the conditional decay
operator applied over time to the four first tokens of the alphabet (proximity on vertical

axis)

The ‘behaviour’ vector Z; is formed from the set of z;(t) values.

71 = (21(1), 22(8), s 2 (1) (4.14)

where u is the cardinality of the state prototype set.

The sequenced set of behaviour vectors {Z; € [0,1]*} is generated from the set A of u

prototypes and the [ state vectors Fj:

Z =271, ... 7 (4.15)

Using the AVQ algorithm with the training sets Z; we obtain a set of v behaviour proto-

types B;:

B=p1,02, ..., By (4.16)

4.2.3 Markov Chain

Unfortunately, the behaviour model represented by the learned behaviour prototypes can
not be easily used for generative purposes, that is for behaviour synthesis or prediction. In
order to facilitate the generative tasks using the learned model, a Markov Chain M (see

Figure 4.9) superimposed on the set of behaviour prototypes B is defined by the 4-tuple
M=(E,8,T) (4.17)
where

& ={e1,e2,...,ep41} (4.18)
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is the set of chain states, with e, the end state,
S = {B(el)wg(e2)a "'aB(ek-l—l)} (4.19)
is the set of state vector tokens associated with the chain states,
7w ={ 7,79, ...,k }, ™ = P(e; at step r = 0) (4.20)

defines the initial state distribution, and finally,

7—1,1 PR 7—1,]6-1-1
T = T : ,Tij = P(ej at step r + 1|e; at step ) (4.21)

Tei oo T4t

is a matrix defining the state transition distribution.

2

o ﬁ@\

0.50

1.00

Figure 4.9: Example of Markov Chain superimposed on a set of six prototypes

The initial state distribution and state transition matrix are estimated from the sequences
of behaviour prototypes derived from the training set. An example of the transition matrix
built over a 30 prototypes alphabet can be seen in Figure 4.10. This example was built
over a relatively small alphabet and was based on the ‘listening head’ application described

in the next chapter.

4.2.3.1 Optimisation in Markov Chain generation

Although behaviour prototypes encode sequences of state prototypes it is not possible to
reconstruct an approximation of these sequences. Sequenced behaviour prototypes are

needed to reconstruct a state sequence.
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30

Figure 4.10: Values of the transition of the 20 states Markov chain built for the listening
head

The highest valued component of a behaviour prototype might be expected to be a good
way to select the state prototype at the end of a given behaviour, see Johnson [50]. Note
this is rather poor compared to the mean state of the behaviours represented by each
prototype. The same prototype is often associated with a sequential chain state and we
end up with identical adjacent state vectors. It can be seen as a loss of detail if we try to
predict or regenerate an interaction. To optimize the travelling of the Markov chain and
eliminate these spatio-temporal inaccuracies the behaviour prototype is replaced, during
the learning, with the actual mean current state of the behaviour represented by each of

the behaviour prototypes :

Bes) = Z0=119 (4.22)

n

where F; are the current state vectors associated with the behaviour represented by pro-

totype BZ

We’re now able to encode behaviour vectors in the form of trajectories and apply a Markov
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chain on top of it with the transitions automatically learnt. The following section will

describe how we use joint behaviour vectors to encode interactions.

In the next chapter the use of this model to generate interaction between speakers and
the interactive talking head will be described and demonstrated. Other uses of that model

and other possible applications of a talking head will be discussed.



Chapter 5

The Talking Head

This chapter is concerned with the use of an interaction model to drive a synthetic talking

head.

The interaction model has been generated by the learning process (see previous chapter)
from observations of interaction between two people. From a new observation of only
one individual I generate an appropriate response using the model. The observation and
generation of facial expression and speech are obtained via a face and speech model (see
Chapter 3). In Figure 5.1 a summary of the learning process and the approach I use to

generate a response from a new input can be seen.

The first section of this chapter will describe this approach in detail. Then a first appli-
cation of a generated talking head with results will be shown and discussed. Three other
applications are then presented based on variations of the process, using a different kind

of input and output.

The four applications described and evaluated in this chapter are :

e Application I : the talking head. A synthetic talking head replying to greetings, in
Section 5.2.

e Application IT : the listening head. A synthetic talking head which acknowledges

the utterances of a speaker, in Section 5.3.

62
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e Application III : assisting a partially sighted listener. A speaking assistant which

describe vocally facial expressions, in Section 5.4.

e Application IV : a behaviour filter. A filter which detects atypical behaviours, in
Section 5.5.

We will finish with an evaluation of the interaction quality of the talking head.

Interaction sequences
database

video + audio

Face Tracker

Speech Analysis
7
7 joint | parameters

video + audio

LEARN

FACE & SPEECH i
MODEL
‘ INTERACTION
| MODEL
i |

video joint joint
Face Tracker J Perform J Face + Speech

— _— _—

Speech Analysis parameters Interaction | parameters Generation

+
audio W

Figure 5.1: Talking Head learning system and application

5.1 Generating a synthetic response

After the learning process described in Chapter 4, we end up with a Markov chain built over
a set of behaviour vectors. Those vectors and the matrix T of state transition probabilities

are learnt from a training set (see Chapter 4).

Travelling through the Markov chain starting from any start state and respecting the

transition distribution until reaching an end state will generate an interaction between
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two speakers. The following section describes how the model is used to respond to real

talking heads.

Each state of the Markov chain is a state vector combining two talking heads F' = T4, T'B.
We are going to use only one talking head given as input 74 and the other part of the

state vector will be generated as a synthetic talking head T'5.

In tracking the user during an interaction, we must deal with uncertainty in the elements of
that part of the state vector acquired from pre-processing each incoming frame. Following
Johnson et al. [51], a Bayesian framework is adopted in which the posterior density for a
hypothesised state F; at each time-step is estimated recursively from a prior density for

the state and a likelihood function given the current observation 7/:

P(Ft|TtA7 aT({l) X P(T;fA|Ft)P(Ft|Ttéla 7T64) (51)

where P(F|T#, ..., T§') is the conditional distribution of state given an observation his-
tory, P(T/!|F;) measures the likelihood of a state F; giving rise to observation T{, and
P(F|T{,,...T§") is the prior distribution representing predictions from the posterior dis-

tribution P(F;_1|T/ ,,...T§'), from the previous time step.

A Gaussian likelihood function is used, based on the error relating to hypothesis FtA

E(FtAaTtA)Z

E(FA TA)2
A t v 4t

where o, in our case, is chosen to 0.05. The hypothesis error is based on the Euclidean
distance between the observed vector T/* and the hypothesis states of the Markov Chain

F;.

E(FtAaTtA) = |FtA - TtA| (5-3)

The CONDENSATION tracking algorithm of Isard and Blake [46], in which the posterior
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density is represented by a set of sample hypotheses, is applied. In our experiments, a

total of 100 sample hypotheses were found to be adequate.

The algorithm, from Johnson et al. [51], is as follows :

1. Generate a set Xy of N hypotheses to represent the initial prior, where &} is obtained
by sampling with replacement from the initial state distribution .

2. For each F € X}, use the error E(F4,T/)) to calculate the likelihood of the hypothesis
using Equation 5.2.

3. Use relative likelihood values to weight sampling from X}, the prior, resulting in a set
V: of N hypotheses representing the posterior distribution.

4. Produce the virtual response TtB from the hypothesis in )} with maximum likelihood.
5. Generate a new set A;1 1 of N hypotheses to represent the new prior, where each
F' € X1 is a stochastic extrapolation at time ¢ + 1 from F € ); using the transition
probabilities 7.

6. Repeat steps 2-5 until the interaction is complete.

adapted from Johnson [51]

This algorithm generates a virtual talking head T2 from a single (a single head with a

single voice) input T}

The following sections propose some applications of this method. Experiments and results

are presented.

5.2 Application I : the talking head

In this first application we generate a synthetic head answering to simple greetings from
a real head. The model is trained with video sequences of two people greeting each other

where both audio and speech are processed.

The acquisition was staged. The two actors were facing each other, wearing a microphone
headset and two cameras were pointing at them, one on each actor, see Figure 3.2. The

first actor repeatedly greets the second who responds appropriately. After processing
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Learning clips

Question | Answer Number

“Hello 7! | “Hello !” || 31
TOTAL | 31

Table 5.1: Learning clips in experiment 1 : different intonations, speed and timing

the sequences are manually segmented into interaction clips starting with a greeting and

ending with the corresponding response.

Two experiments covering interesting aspects of this application are going to be presented
with their respective results. A general evaluation of the quality of interaction of the

talking head is proposed in Section 5.6

We performed two experiments in which a behaviour model is build with different kinds

of interaction clips.

5.2.1 Experiments

In the first experiment the system is trained with 31 simple interaction clips involving the
greetings ‘Hello’ associated with the natural ‘hello’ response. For later comparison the

utterances used are shown in Table 5.1.

These interactions differ from one another in intonation, facial expression, speed and

timing. Each interaction clip lasts between 2 and 2.5 seconds.

The face model for the first speaker had 14 components (see Section 3.1) and the speech 70
components (see Section 3.2). The face model for the second speaker had 10 components
and the speech 70 components. The variation in the number of components for the face

tracking is due to the first speaker’s more complex facial appearance.

The 31 interaction clips used represent a total of 740 frames. The model was trained with
500 configuration prototypes and 500 behaviour prototypes. We end up with a Markov

Chain of 379 connected states, we use 100 hypotheses for the propagation of a posterior
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density.

The model is then tested with new ‘hello’ interaction clip as input. Each of these clips are
an interaction between speaker one and two where all the parameters regarding speaker

two are hidden.
The first experiment results illustrated in 5.3 show some different outputs.

In Figure 5.3(a) and Figure 5.3(b) we can observe a correct response with a little pause
between the questions and the answers. This kind of timing was observed many times in

the sequences used to build the model. It is also a very natural way to greet each other.

We can observe in Figure 5.3(a) and 5.3(b) that the speed of the response varies depending
on the speed of the first speaker. The correlation between the length of the greeting of first
and second speakers was observed in the training section. It has been modelled and the
synthetic response respects it. In Figure 5.2, the corresponding time length between the
greetings and the answers of the training set and the corresponding time length between
new input greetings and their respective generated responses is shown. A slight upward

trend from left to right can be observed.

: W
| v

Figure 5.2: On the left (a) the real observation correlation timing between questions
(horizontal axis) and answers (vertical axis). On the right (b) the observation correlation
timing between real questions (horizontal axis) and synthetic answers (vertical axis). Units

are in seconds.

In Figure 5.3(c) the timing is a bit unusual and was observed in some of the training clips.
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Learning clips

Question | Answer Number
“Hello ?7!” | “Hello !” | 8
“Hi 7V | “Hi 8
“How do you do ?” | “Fine !” 12
Smile | Smile 9
|- 1
TOTAL | 40

Table 5.2: Learning clips: different interactions with different intonations

Clues in the facial expression, or the simple fact that the listener is expecting a greeting,
allow him to start answering before the first speaker is finished. This result shows that the
model includes those kind of variations in the timing and can generate fast and realistic
responses which look natural. In the evaluation experiment in Section 5.6, the subjects

reactions to that sequence are shown.
Experiment with several greetings:

In the second experiment the system is trained with 40 simple interactions involving the
greetings ‘Hello’, ‘Hi’ and ‘How do you do?’, with associated responses. The utterances

used are shown in Table 5.2.

One interaction clip in which nothing happens is included. This will create some simple
trajectories in the behaviours space of two static faces with no speech. The model will
then be able to deal with a silent speaker. Each interaction clip lasts between 2 and 2.5

seconds.

The face model for the first speaker had 10 components (see Section 3.1) and the speech 70
components (see Section 3.2). The face model for the second speaker had 10 components
and the speech 70 components. Again, the variation in the number of components for the

face tracking is due to speaker one’s more complex facial appearance.

The 38 interaction clips used represent a total of 899 frames. The model was trained with
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Figure 5.3: In (a), (b) and (c) : On first row the face as input saying “hello” with the
associated speech waveform and on second row the synthesised face with the associated

speech waveform.
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600 configuration prototypes and 600 behaviour prototypes. We end up with a Markov
Chain of 486 connected states using 100 hypotheses for the propagation.

The model is tested with new inputs ‘how do you do?’ and ‘smile’. Then a weird input
with unrecognisable speech (the audio signal ‘How do you do’ reversed while the face is

smiling) is tested.
The results of the second experiment are illustrated in Figure 5.4 and Figure 5.5.

Figure 5.4(a) and Figure 5.4(b) show appropriate answers to new inputs with natural
timing. The result in Figure 5.5 for the abnormal input shows how the model deals with

something unusual.

As the audio was a reversed signal of ‘how do you do’ and the facial expression associated
a smile (mouth closed), none of the states of the Markov Chain can represent it. The
algorithm keeps jumping randomly from state to state until it stabilises on a specific

closest path, which in our case is a smile with silent audio.

More experiments on how the model reacts to unusual input can be seen in Section 5.5.

5.3 Application II: the listening head

For this application we are aiming for more than just a few greetings. We want the first
speaker to talk freely and get a simple answer as a smile, a nod or any other simple

acknowledgment based on the interactional quality and facial expression of the speaker.

The model is trained with sequences of two people. One talking and the other one listen-
ing. The acquisition was staged in the same way as the previous application. The first
speaker’s video and audio are processed while only the video is processed for the listener
(see Figure 5.6). The speech model for the audio of the first speaker has been generalised to
a one-dimension energy signal (see Subsection 3.2.1). After processing, the sequences are
manually segmented into interaction clips. Each clip contains the first speaker’s ‘speech’

and finishes with the second speaker’s reaction.
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Figure 5.4: In (a) the face as input saying “How do you do?” with the associated speech
waveform and the synthesised face with the associated speech waveform. In (b) the face
smiling as input with the associated speech waveform and the synthesised face with the

associated speech waveform.

5.3.1 Experiment

In this experiment the system was trained with 20 interaction clips.

Those clips were extracted from a 3 minutes conversation where only speaker one was
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Figure 5.5: On first row the face smiling as input with the unusual associated speech
waveform “how do you do” reversed and on second row the synthesised face responding
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Figure 5.6: Listening Head learning system and application

talking and speaker two was listening. Each interaction clip lasts between 3.5 and 9.7

seconds.

The face model of the first speaker had 11 components (see Section 3.1) and the speech
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had one component measuring the energy (see Section 3.2). The face model of the second
speaker had 8 components. The variation in the number of components for the face
tracking is due to the fact that the second speaker has very few mouth movement as he’s
only nodding and smiling. The number of component for the first speaker could be much
higher if we were trying to get the precise movement of the mouth for all the complex
speech but it has been reduced to get a general head shifting and a few facial expression
with barely any lip movement. This is to make the tracking as general as possible. We
don’t want the tracking to be affected by what the speaker is saying, only by how he
says it. The 20 interaction clips used represent a total of 1340 frames. The model was
trained with 100 configuration prototypes and 400 behaviour prototypes. We end up with
a Markov Chain of 353 connected states using 100 hypotheses for the propagation. The
number of prototypes has been chosen to be very low to get a model as general as possible

and able to deal with new utterances.

A slight variation in the algorithm is made. As the interaction clips used for training have
large variation in their length, reaching an end state in the Markov Chain doesn’t mean
the interaction is over. The algorithm will loop from an end state to a new start state and

keep going until the new input clip is over.
The model is tested with two new inputs of different lengths.

The experiment results illustrated in 5.7 show some different outputs. In the first result

5.7(a) the input was 6 seconds. The listening head reacts well to the talker.

In the second result 5.7(b) the input was 9.6 seconds. The algorithm had to loop 5 times
to give the response. In both case the listening head reacted actively to the speaker’s
speech. Driven by the energy of the speech signal and the facial expressions it gives the

illusion of an interested person.

Unfortunately, as it can be seen in Figure 5.8, with an energy signal forced to zero the
model can still generate a convincing nodding and smiling head. This means that the valid-
ity of using facial expression/energy has not been proven. The listening head experiment

is inconclusive.
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Figure 5.7: (a) and (b) : At the top the speaker talking freely as input with the associated

energy signal and at the bottom the synthesised face responding
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Figure 5.8: At the top the speaker talking freely as input with the associated energy signal
and at the bottom the synthesised face responding

5.4 Application III: Assisting a partially sighted listener

In this application we generate, as output, a voice describing what the input face is doing.
It is easy to see the various applications for wearable computers with video cameras for
partially-sighted people and also video conferencing. People will be able to hear and be

aware of what’s happening in video conferencing events from a basic telephone.

We encode the joint behaviour of someone speaking (person 1) and a second person verbal-
ising the facial expressions and the meaning of head gestures (person 2). This is achieved
using a combined model of facial appearance (from person 1) and auditory waveform

(from person 2). The model encodes non-verbal behaviours like nodding or smiling and
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Figure 5.9: Facial expression descriptor learning system and application.

the sound model encodes a vocal description of these behaviours - the utterance ‘yes’ when
the person is nodding, ‘no’ when they shaking their head and ‘oh’ when looking surprised,

and ‘smile’ when they are smiling.

Person one is obtained from the visual components with a zeroed audio channel and person
two from the audio components with a zeroed visual channel. - in practice we use the same

person verbalising a recording of their own facial expressions.

In summary, the aim is to create a model of usual silent face expressions and head gestures

associated with their vocal description (see Figure 5.9).

5.4.1 Experiments

In our experiments, we use 38 training video clips of non-verbal behaviours commentated
as described. The utterances used are shown in Table 5.3. As the application will be used
in conjunction with a normal conversation, it seems more natural, as explained before, to

use the same person’s voice joint to his or her facial expressions. Thus, the model created
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Learning video clips
Face expression || Vocal description | Number

Smiling faces || “Smile !” 9
Nodding faces || “Yes !” 9
Shaking faces || “No !” 9

Surprised faces || “Oh !” 10
- - 1

TOTAL 38

Table 5.3: Learning video clips : different face expressions

is the person’s description of their own behaviour. Figure 5.10 shows the different kinds

of expressions used.

Figure 5.10: Four different expressions commentated and trained. Top left, a head shake
associated with the sound signal “No”. Top right, a head nod associated with the sound
signal “Yes”. Bottom left, a surprise face associated with the sound signal “Oh!”. Bottom

right, a smiling face associated with the sound signal “Smile”

Each interaction video clip lasts between 2.5 and 5 seconds.

The face of the speaker was tracked with a model based on 12 components (see Section 3.1)
and the speech with a model based on 70 components (see Section 3.2). The 38 clips used

represent a total of 1688 frames. The model was trained with 800 configuration prototypes
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and 800 behaviour prototypes. We end up with a Markov Chain of 420 connected states
using 100 hypotheses for the propagation.

The model is tested with two new inputs, a smile and a surprise face.

5.4.2 Results

Figure 5.11 and 5.12 show the results obtained with those two basic and frequently used

facial expressions. Those expressions are visually understandable for sighted people and

now, with the synthesised output, for partially-sighted people.

Figure 5.12: The face expression as input and the audio output description ’Oh !V’

As explained with previous application the timing is very important in this application
and, as opposed to expression recognition software with synthesised speech, the output
comments have a very natural response. We can observe in Figure 5.13 the kind of response

timing we obtain. The vocal description output starts before the end of the smile.
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Figure 5.13: Timing for the vocal description response

5.5 Application IV : a behaviour filter

In this application we demonstrate the use of interaction models as behaviour filters. Any
‘improper’ behaviour can be detected and the application can take over and replace what

is observed by what is ‘proper’. By ‘improper’ we mean not ‘observed’ response.

In the talking Head and listening Head applications the models describe all the behaviour
seen in the training interaction clips. If a new input clip cannot be processed correctly by

the model this means it’s an incorrect one and can be erased or altered.
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5.5.1 Method

With a large and varied training data set all the basic action/reaction pairing should be
modelled. Any interaction clip of a correct behaviour should be able to go through the
Markov Chain keeping the error E(F},T}), where T} is speaker one AND speaker two’s

joint observation, under a fixed threshold.

This behaviour threshold (BT) can be used as a filter for a correct behaviour. Any incorrect

behaviour would be detected when the error E(F},T;) crosses the threshold.

To avoid filtering proper behaviour when noise occurs in the tracking, we filter on a

smoothed accumulated error E° :

E} = AE(F,,T)) + (1 - N E} , (5.4)

with ES = E(Fy, Ty) and A = 0.2

The algorithm to go through the Markov Chain is :

1. Generate a set A of N hypotheses to represent the initial prior, where A} is obtained

under sampling with replacement from the initial state distribution 7.

2. For each F' € X, use the error E(F,T;) to calculate the likelihood of the hypothesis

E(Ft,Tt)2
202 .

using Equation P(T;|F;) = exp (—

3. Use relative likelihood values to weight sampling from A}, the prior, resulting in a

set )V, of N hypotheses representing the posterior distribution.

4. Update E*® with the error E(F},T;) from the hypothesis in ); with maximum likeli-

hood. If E® > BT then signal improper behaviour.

5. Generate a new set X1 of N hypotheses to represent the new prior, where each
F' € X;,1 is a stochastic extrapolation at time ¢t+1 from F € Y; using the transition

probabilities T
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new input clip

speaker one | speaker two || length
“How do you do 7!” | “Fine !” 2.4s
“How do you do 7!” | “Yawning...” || 2.4s
“How do you do?... Hi!?” | “Fine !” 2.4s

Table 5.4: tested interaction clip for the behaviour filter

6. Repeat steps 2-5 until the interaction is complete.

5.5.2 Experiment

To test the filtering we use the interaction model built for the second experiment of
application 1, see Section 5.2. The model was trained to recognise and generate simple

greetings (see Table 5.2).

We input three different new inputs of the same length (see Table 5.4). The first input is a
common interaction that the model should recognise and process without much difficulty.
The two others, on the other hand, are rude behaviours. The response by the second
speaker who’s not paying attention in the second clip and in the third clip by the first

speaker who’s not listening to the answer and greets again.

In Figure 5.14 we can observe the accumulation error through time of the input clip. If
we fix the Behaviour Threshold at 2.3 all the interaction clips encoding an ‘improper’

behaviour would cross it and be detected.

The filter is actually an ‘improper behaviour’ detector. When the threshold is reached the
application can inform that the interaction clip doesn’t fit the model. From that point

there are many possibilities :

- The application can take over and generate the appropriate virtual talking head by using

TP
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Figure 5.14: E* values (vertical axis) for the three different inputs over time (unit is in

frame)

- If the original interaction clip was nearly finished when the inappropriate behaviour was
detected, the application can stop and re-input the clip from the beginning with only F4

visible and generate a proper response like application 1.

- The threshold crossing can be seen as a warning and the user, if the interaction clip was
acquired in real time, can be informed that they are doing wrong. Or the clip can be

rejected if the application is working off line.

5.6 Evaluation of the Interaction quality

In application 1, we generate a synthetic output claimed, in previous section, as realistic.
To test this statement, an evaluation of the interaction quality of the application has been

carried out.

The method used was a user evaluation marking. 20 subjects had to judge the interaction

quality of interaction clips generated by application I Figure 5.15.
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Figure 5.15: User evaluating the interaction

5.6.1 Setup

Synthetic Interaction clips were generated from the two different models described in Sec-
tion 5.2. ‘Synthetic’ meaning generated responses from real observations. Real interaction
clips were taken from the two different training datas. ‘Real’ meaning observation, after
face tracked and sound analysed, but without any further processing except graphical

reconstruction.

As both types of clip were going to be mixed for the evaluation the best synthetic clips
generated were chosen to join the real ones in the 16 interaction clips to evaluate (see

Table 5.5)

These 16 interaction clips were duplicated 6 times and randomly arranged to form a 7
minute video, so each subject will have to mark the same clip several times. 20 subjects

were selected and spent 10 minutes each doing the evaluation.

The subjects were told to watch 1 minute of the movie first without marking to get used

to the kind of interaction they were going to mark. They were also told that half of them
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evaluation clips
greeting | real/synthetic || Number
“Hello 7!”...“Hello !” | real 2
“Hello 71”...“Hello !” | synthetic 2
“How do you do 7”...“Fine !” | real 2
“How do you do 7”...“Fine !” | synthetic 2
“Hi 7. “Hi ! | real 2
“Hi 7”...“Hi!” | synthetic 2
Smile...Smile | real 2
Smile...Smile | synthetic 2
TOTAL 16

Table 5.5: interaction clips used for the evaluation

are real observations of two people interacting.

Before starting the marking the subject instructions were :

- Do not point out which ones are synthetic and which one are real but mark all of them

in interaction quality.

- The marking scheme is in 7 points. 0 for neutral, -3 when it looks very unrealistic and

+3 when it looks very realistic.

- Pause the movie if thinking is needed and even go back if the interaction has to be seen

again.

5.6.2 Results

We can observe in Figure 5.16 the distribution of the marks for the real and synthetic
interaction clips. The mean score for both real and synthetic interaction clips errs on the
side of realistic. The fact that the real interactions have been marked higher than the

synthetic ones was expected. Nevertheless, the average marking difference between the
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Figure 5.16: Distribution of the marks

real and synthetic interactions is low enough so we can say that the synthetic clips are

admited as realistic as the real ones.

The marks ‘-3’ and ‘-2’ (looking unrealistic) is, in both real and synthetic interactions,
occurring with lowest frequency. The mark used the most was ‘1’ which can be explained
by the fact that two faces without hair staring at the subject and greeting each other is

difficult to mark as ‘very realistic’.

If we observe the variation graph in Figure 5.17 we can notice that the real interactions,

on average, caused more trouble to the subjects, especially the greeting ‘How do you do’.

In the case of the synthetic ’hello’ variation, the high value can be explained. One of the
two synthetic ‘hello’ had the specific timing seen in the third experiment of Subsection
5.2.1, which we called ‘the fast answer’. The fact that the response overlapped the question

might have troubled some of the subjects and created that big variation in the marking.
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Figure 5.17: Variance of the marking for each type of greeting

The complete results of the evaluation can be seen in appendix A

The use of the behaviour model to generate a talking head has been demonstrated. Various
possible applications have been presented, performed and evaluated. In the next chapter

the future of this research will be discussed.



Chapter 6

Conclusion

Our aim was to create a virtual talking head which learns from observation of real human
conversations. The results shown in Chapter 5 validate our method. The overall framework
linking speech with video within a reactive system has been demonstrated. The synthetic
talking head, application I, responds appropriately and with correct timing to simple
greetings with variations in facial expression and intonation. Other applications of the
behaviour model have been presented: application II, the listening head, Application III,
the partially sighted people assistant and application IV, the behaviour filter. The results
show some encouraging results even if in the case of the listening head the experiments
were inconclusive. The behaviour filter has been introduced, using the behaviour model
database to signal any incorrect interaction sequence and some experiments show possible

applications.

6.1 Discussion

We have not demonstrated the limits of application I and III. The full encoding of speech
vocabulary must have a limitation in our applications. We don’t know how high we can
increase the number of greetings in application I and the number of expression descriptions
in application IIT before the method fails to generate responses. The number of training

sequences will have to increase and so will the number of prototypes needed to encode

87
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them. The number of ramifications in the Markov Chain will get so high that the propa-
gation won’t be able to generate sensible responses. If we keep the number of prototypes
low the quality of the response generation is going to drop until unrecognisable answers

will be obtained.

A correlation has been shown in Chapter 5 between the length of the greetings. This
correlation was observed in the training data. We showed that synthesised answers kept
that correlation true to prove the quality of the model. What if some other interaction
patterns were observed in the model. It would be an interesting way to extract, prove
or discover some human interaction behaviour pattern by automatically generating an

interactive model from human interaction databases and synthesising some interactions.

Application IT is probably the most promising aspect of this research. The generalisation
of the interaction is the most interesting part. Even if the method doesn’t offer a full
intelligent conversation with the machine the illusion is good enough to encourage the
user to interact in the most natural way. This application needs more training sequences
(see below) while the number of prototypes has to stay low. Also, the interaction clip size
is an important matter that hasn’t been dealt with yet. It is difficult to decide, in the
case of a speaker talking freely and listener nodding, when the interactions start and when

they end. This leads to the supervisor proposed in the next section.

If we want to test the limit of application I and IIT and to experiment more on application
IT we need to sort out the training data set size problem. To get a large amount of
interaction data we need to be able to collect them from different people. We need a
more general model including interaction between lots of different individuals. A solution
would be to build a more general face tracker and speech analyser able to deal with different
individuals. But the precision in the lips and facial expression has to stay the same. It
seems difficult to build such a general model and keep that kind of tracking precision.
Another way would be to keep individual models and map them into a single one which I
will use to build the interaction model. Multiple individuals could then contribute to the

final global interaction model.
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6.2 Work extension

So far the face tracker uses and generates grey scale faces. A color model would probably
not increase the performance of the tracker but would generate a more realistic output
face. Furthermore, some subjects of the evaluation (see Section 5.6) pointed out that
two floating faces talking to each other do not look particularly realistic. The use of a
fixed or modelled background containing the rest of the face, hair and neck, on which the

generated face is overwriten would make it look more realistic.

One aspect of the work done in application IV could be exploited in a different way. The
joint model of speech and facial expression could be used as a biometric system. We
model a person (face + speech) from a series of simple sentences with different timing
and intonation. Then only that person would be able to input their face and voice,
pronouncing the valid sentence, in the system and pass the validation test. A sentence
would be validated when the Markov chain has been traversed until reaching an end state
without the smoothed error Es crossing a fixed threshold. Only a person with the same
face, knowing the sentences and able to imitate the voice, intonation, timing and facial

expression can pass the test.

Applications I and II need more thorough evaluation, as explained in the previous section.
A simple aspect of the face tracker hasn’t been fully used, the scale S. So far, this affine
transformation was used to help the tracker initialising. None of the interaction sequences
used in a training data set has large scale variations. The scale, which can represent the
proximity of the face, can track and reproduce faces getting closer or further back. This
kind of behaviour expresses emotions and also is used to grab the attention of a speaker

(see Figure 6.1).

The only way, so far, to have a general conversation with one of our talking heads is to use
application II. Unfortunately, the response from the machine is only an ‘acknowledging’
head. If we want to keep the property of application I, full speech answers, or maybe
mix application I and II into a single one, we need a supervisor. Something above all the
methods which would switch between models and application and help the conversation

to go forward. This supervisor would need a speech interpreter and maybe a manually set
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Figure 6.1: The proximity of the face can express emotions but also be used to grab the

attention

behaviour rule-base. This would not be trying to step back to a type III talking head (see
section 2.1.3) but adding a rule-based system on top of an automatically learnt Type IV

talking head.



Appendix A

Evaluation tables

e Evaluation raw results
e Evaluation synthetic results

e Evaluation real results
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real hi 1
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real hi 1
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