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Abstract

This paper addresses the issue of face representations for fgmiassion recognition and syn-
thesis. In this context, a global active appearance model is used imetinjuwith two bilinear
factorization models to separate expression and identity factors fronidbal @ppearance pa-
rameters. Although active appearance models and bilinear modellinmgpainew concepts, the
main contribution of this paper consists in combining both techniques to iraffamial expres-
sion recognition and synthesis (control).

Indeed, facial expression recognition is performed through Linésgrninant Analysis of
the global appearance parameters extracted by active appearadeke(AAM) search. Results
are compared to the ones obtained for the same training and test imaggslassi cation of the
expression factors extracted by bilinear factorization. This experitighlights the advantages
of bilinear factorization.

Finally, we propose to exploit bilinear factorization to synthesize facialesgions through
replacement of the extracted expression factors. This yields verestieg synthesis perfor-
mances in terms of visual quality of the synthetic faces. Indeed, synthdic mouths recon-
struction either with or without appearing teeth is of better quality than with cksknear
regression based synthesis.

1 Introduction

Natural human-machine interaction is becoming an actidemmportant research area.
Adequate feedback like speech, facial expression and bestyiges are essential modal-
ities of such interaction since these components satistgioecommunication expec-
tations in human-human interaction. Furthermore, the mufaee constitutes a source
of informative social signs which allow good communicatéxpectation response. In-
deed, Mehrabian [1] states that the textual content of aspoiessage contributes only
for 7% of the message effect whereas voice intonation anal fexpressions contribute
respectively for 38% and 55% of the global message impact.

This paper addresses the issue of face representatiorsiaréxpression recogni-
tion and synthesis. We consider the six basic emotionafoatss that are universally

recognized according to [2] namely: joy, sadness, angegudt, fear and surprise.



Moreover, these expressions are encoded by a high levall facimation parameter
of the MPEG-4 standard [3]. In this context, a global appeeeamodel is used and
two bilinear factorization models are subsequently prepds separate expression and
identity factors from the global appearance parameters.

Facial expression recognition is performed through Lir@igcriminant Analysis
(LDA) of the global appearance parameters [4]. Results arepared to the ones
obtained for the same training and test images using clesson of the expression
factors extracted by bilinear factorization. Experimehighlight the advantages of
bilinear factorization of the appearance parameters.dade better recognition rate is
achieved with the bilinear model than with LDA using the saraaing and testimages
extracted from the Canergie Mellon University (CMU) exsigs face database [5].

It has already been shown that facial expression synthasibe successfully per-
formed using direct or evolutive linear expression modgllj6]. In this paper, we
propose to exploit bilinear factorization to control fd@apressions through replace-
ment of the extracted expression factors. The conducteeriempnts highlighted the
advantages of bilinear factorization. Indeed, bilineasdabsynthetic open mouths re-

construction is of better quality than with classical linezgression based synthesis.

2 Face appearance representation

We choose to represent faces using the active appearanad (AddVl) [7] which is

a powerful tool allowing to extract from any previously uesetarget face, a set of
appearance parameters coding a synthetic face similaettatget in terms of mini-

mum texture error. AAM uses Principal Component Analysistidel both shape and

texture variations seen in a training set according to:

si=s + Qsc; and gi =g + Qci; (1)

whereQs andQ; are truncated matrices describing the principal modes wibtoed
appearance variations in the training set, ands a vector of appearance parameters
simultaneously controlling the synthesized shapand textureg;. S andg are the

mean shape and mean texture computed on the aligned andlizedrteaining faces.



Furthermore, in order to allow pose displacement of the madis necessary to
add to the appearance vectypra pose vectop; allowing control of scale, orientation
and position of the synthesized face using a similitudesficim.

The active appearance model can automatically adjust igectandp to a target
face by minimizing a residual imagéc; p) which is the texture difference between the
synthesized face and the corresponding mask of the imageet€ The optimization
scheme used here is based on the rst order Taylor expangearided in [7] and
returns the optimal appearance and pose vectgrandp,, respectively.

The appearance model is constructed using the CMU expecfssie database [5].
Each sequence of this database contains ten to twenty imaggisning with a neu-
tral expression and ending with a high magnitude expressiga select 338 frontal
still images showing 26 neutral expression faces, 26 meelarad 26 high magnitude
anger, disgust, fear, joy, surprise and sadnegsressions. Each moderate expression is
chosen manually by extracting an intermediate frame frondeossequence. 37 other
neutral faces are also added. The appearance model is$nit 50 shape modes, 170
texture modes and nally 120 appearance modes retaininge@8ept of the combined
shape and texture variation. The shape-free texture vgcisrcomposed of 5871 pix-
els and the shape vectgrdimension is 106 (53 feature points are used to annotate a
face).

AAM search is illustrated on a previously unknown and undaea (Fig. 1.a) with
the mean shape and texture used as a rst approximation datieeappearance. The
mean shape and texture are the ones synthesized with theappaarance vector
computed over the training set. The pose vector is inigglizlose to the target one
through manual eye positioning. (Fig 1.b). The model cogesito the target face as

shown in gure (1.c).
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Fig. 1: a: Unknown target face. b: Model initialization. c: Convenge to the target
face.

3 Bilinear appearance factorization

The face representation procedure described above allotesnatic extraction of a
set of appearance parameters from any unknown target fheeextracted parameters
control simultaneously the reconstructed face shape atdréewhich contain infor-
mation about the reconstructed face identity and faciatesgion in particular. Hence,
this representation might be used for facial expressioogeition using classi cation
of AAM parameters, and facial expression synthesis usingcticontrol of AAM pa-
rameters through linear modelling [6].

However, such an approach suffers from a major drawbackeelthdexpression
and identity of a given person are not independently encoddte AAM based repre-
sentation since each appearance mode represents a mikideaitity and expression
variations. Hencea priori knowledge of the facial expression shown on a target face
is required in order to perform facial expression synthedide keeping the target
identity intact.

We wish to introduce a more general representation whidwallto extract from
any appearance vector a subset of parameters controllatgsérely facial expression
independently of identity and withoatpriori knowledge of either expression or iden-
tity. Such a model would allow immediate expression syrigh@s any unknown target
face by replacing the extracted facial expression paraseiith the parameters corre-
sponding to the desired expression we wish to synthesizaila®liy, extraction of the

parameter subset exclusively controlling facial exp@ss$s expected to boost facial



expression recognition performance.

In this perspective, we choose to model the mapping fromesgion and identity
parameters to natural faces using a bilinear factorizatiodel.

Bilinear models are two-factor models with the propertyt ttheeir outputs are
linear in either factors when the other is held constant. yTvide rich factor
interactions by allowing factors to modulate each othedstdbutions multiplica-
tively [8, 9, 10, 11]. Two types of bilinear models are deised in this section, namely
the symmetric bilinear model and the asymmetric bilineadeho The general sym-
metric model allows to represent the interaction betwegle sind content factors for
a given observation, whereas the simpler asymmetric madgtlyle speci ¢ and re-
quires one factor to be known in advance [10]. Detailed modaktruction for both

con gurations is addressed below.

3.1 The bilinear symmetric model

A bilinear symmetric model represents the interaction leetwa style factoa® and a

content factob® for a given observation vectgf® according to:

ye¢= a wyb® 2)
whereyg°represents thie” component ofs¢ andwy, is a style and content independent
matrix characterizing their interaction.

For a training set o5  C observations witls different styles andC different
contents, the observation matrix is obtained by stackiegth C observation vectors
yS¢ style-wise. We obtain the vector transpose (denofdd of such a stacked ma-
trix by permuting the stacking procedure from style-wisedotent-wise as shown in
equation (3). [12, 10]
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The symmetric model can then be written in a compact matrixifo

Y= wWTA'TB YT =[wB]'" A (4)



whereA andB represent the stacked style and content factor matrices,

A= al:::a° B= bl:::b° (5)
andW is the stacked interaction weights matrix.

Let | andJ be the dimensions of the sty and contenb® vectors. Training a
bilinear symmetric model consists in learning style, cahtand weight matrice4, B
andW which minimize the total squared error over a training setveen the actual
and the reconstructed observations.

Least squares optimal values AfandB are iteratively estimated using singular
value decompositions repeatedly re-ordering the obdervatatrix elements to alter-
nate the role of the expression and identity factors as ihestim [10]

Upon convergenc®/ is given by:
h v
w= [YBT]VTAT (6)

3.2 The bilinear asymmetric model

While the symmetric bilinear model decomposes an observatto a style component

a®, a content componeif and a style and content independent interaction component
Wy, the style speci ¢ asymmetric bilinear model decomposeseolations into a con-
tent componenb® and a style speci c linear mapping matri%/® [10]. For a given

observatiory*¢ with a known style ¥’, the bilinear asymmetric model is given by:

ySC - WSbC (7)

In a compact matrix form:

Y = WB (8)

Training the bilinear asymmetric model consists in leagritre stacked content and
weight matriced8 andW which minimize the total squared error between the actual
and the reconstructed observations of a training set. Tdet kxjuare optimal factors

are obtained by singular value decomposition of the trgimiatrix: Y = [U:S]:VT,



whereU contains the left singular vectorg,contains the right singular vectors, ag&d
contains the singular values.
ThenW is given by the rstJ columns of matriXJ:S andB is given by the rstJ

rows of V' .

3.3 Experimental setup

In the following, facial expression will be considered adestaind identity will be con-
sidered as content. Hence, from now, the corresponding atyd content factors will
be denoted respectively adandb', wheree stands for expression andor identity.

To build the bilinear model, we extract from the CMU databgdea training set
containing 70 frontal face images of 10 different persodsrttities) showing each of
the 6 basic facial expressions in addition to the neutratesgion. The CMU database
contains sequences of ten to twenty images, beginning withuéral expression and
ending with a high magnitude expression. Images were aagjuising S-Video cam-
eras (approximately 425 lines per frame) and digitizedaat# rate omitting odd elds.
However, the constructed model is of low resolution (arod®@0 pixels organized ver-
tically) and thus high training images quality is not a maggquirement. Furthermore,
only 11 persons in this database consented for publicafitretr image.

The observation matrix is built by stacking the AAM appeaeaparameter vectors
coding the training faces. Each column of the observatiatnirg contains the appear-
ance vectors of a speci ¢ person with different expressiweutral, Anger, Disgust,
Fear, Joy, Surprise, Unhappiness (Sadness)) whereasosachmtains the appearance

vectors of all the persons showing a speci ¢ expression.
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We set the dimensionality of expression vectatdo be equal to the number of

expressions in the training det= 7 to allow maximum expressiveness, and the dimen-



sionality of the identity vectors' to beJ = 10 which corresponds to the maximum
number of training identities. We then construct the béingymmetric and asymmetric
models for 70 observation vectors of dimenslior= 120 each. Indeed, the appearance
model is built using 120 appearance modes, thus retainitig&&he global shape and
texture variations.

This training set will be subsequently used to perform fleexaression recognition

(section 4) and control (section 5).

3.4 Bilinear model tting

This section describes the procedure allowing to compuehimal expression and
identity parameters which minimise the total error betw#en original and recon-
structed appearance vector coding a given unknown face.

Bilinear symmetric model tting to an unknown target facenststs in extracting
from the optimal appearance vectgp (obtained by AAM search and coding this face
as shown in gures 2.a and 2.b), a subset of parameters éxelysoding expression
a®, and a subset of parameters exclusively coding idebtityThe target face is of
undetermined identity and undetermined previously seemseen expression.

Iterative adaptation of the symmetric bilinear model torgeaface with undeter-
mined identity and expression is detailed in [10].

Symmetric bilinear model tting (eq. (4)) on a target facamundetermined iden-
tity and expression is shown in gure 2.c.

On the other hand, if the facial expression shown on the tdege isa priori
known, the extraction of the identity parametbf$s immediatevia simple least square

tting of the expression speci ¢ asymmetric bilinear modesing equation 10.

b' = [W" cop (10)

whereW¢ represents the pseudo-inverse of mati%
The asymmetric bilinear model tting (eq. (7)) on a targetdavith undetermined

identity and determined (neutral) expression is shown ireg2.d.



Fig. 2: a: Unknown target face. b: AAM tting. c¢: Symmetric bilineanodel tting
d: Asymmetric bilinear model tting.

It should be noted that asymmetric bilinear model tting teetneutral face of
gure 2.a gives a more accurate representation of the téagegtl expression since this
(neutral) expression is supposed toderiori known. Symmetric bilinear tting on
the same target face simulates an expression close to dfige(c). This behavior is
not surprising since adapting the symmetric model suppibsedhe target expression
is unknown, while the asymmetric model requires this exgiogsto be determined
in advance. Hence, it is expected that the asymmetric made$ @ more accurate
representation of the target expression. However, thditgéactors extracted with the
symmetric model are correct since when a neutral expressiomposed, the similitude
of the synthetic output with the target face increases asbgilshown in section 5
(Fig. 9.b).

4 Facial expression recognition

This section aims to perform automatic facial expressi@ogaition of unseen face
images using either AAM or bilinear face representationkh@dugh AAM based fa-
cial expression recognition has already been addressgdtg3nain novelty provided
here consists in exploiting bilinear factorization to jpenh facial expression recogni-
tion through appropriate parameter matching. These exjgats show that bilinear
factorization is of particular interest when only a resteal number of training images
is available, which represents a typical problem in compuigion as image acqui-
sition consists in a heavy procedure. Furthermore, somécafipns require quick

model building as for a few users speci ¢ face model for asaamtrol for example.
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In order to perform facial expression recognition, we esttfilom the CMU database [5]
a test set of 108 face images of unknown persons showing ddlh six basic facial
expressions in addition to the neutral expression. All #sted faces belong to persons
not included in the training set and are thus completely haVe then run AAM opti-
mization to extract the appearance paramedgygorresponding to each tested face.

In the context of AAM representation we wish to compute fromeleappearance
vector a subset of relevant parameters that represent éxgigession information.

In this context, Linear Discriminant Analysis (LDA) is a ®ipised learning tech-
nigue which searches for the vectors that best discrimiaateng classes (rather than
those that best describe the data as in PCA) [14, 15, 16]. fidjegpion of a global ap-
pearance vectarin the obtained subspace results in a set of discrimina@ngrpeters.
The predictive learning is performed on the training setdbed in section 3.3.

It should be noted that LDA computes an estimation of intetiatra class covari-
ance matrices and thus requires a training set containilegsttas many images as the
number of appearance modes. Thus, for a training set camgari® images, only the
rst 69 appearance modes can be used to compute the 6 moshdismt directions.
We plot the global recognition rate versus the number of argree modes retained to
compute the most discriminant directions on gure 3. Thipesment shows that the
rst 20 appearance modes constitutes an optimal solutieltlyig a global recognition

rate of 67.59%, which constitutes a very poor performance.
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Carrect recognition rate &3 a function of the number of retained modes:

Fig. 3: LDA based global recognition rate versus number of retaiapdearance
modes.

The confusion matrix for the LDA expression classi er, ugimearest mean in terms

of Euclidian distance in Fisherspace, is given in table 1.

neut. ang. disg. fea. joy surp. sad

neut 22 8 4 1 0 0 5
ang. 0 6 1 0 0 0 2
disg. 0 2 4 0 0 0 1
fear 2 0 2 6 0 0 0
joy 1 0 1 4 13 0 0

surp. 0 0 1 0 0 13 0
sad. 0 0 0 0 0 0 9

Tab. 1: Confusion matrix for the LDA expression classi er. The et recognition
rate for 108 unknown test images is 67.59%.

Bilinear modelling constitutes an interesting alternatis LDA for extracting ex-
pression related parameters. Indeed, an asymmetricjtidepeci c, bilinear model
decomposes a given face appearax‘(gg@f known identity i” and unknown expression

into an expression factd,, and an identity speci c linear mappingy'.

¢y = Wibgy (11)

Learning an asymmetric, identity-speci ¢, bilinear modsinsists in computing
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the expression and weight factds& andW' which minimize the total squared error
between the actual and reconstructed observations ofrértgeset as detailed in sec-
tion 3.2. In practice, the same training set used as for LAwlimg is employed.

To extract facial expression factors from each unknowretefice we rst assume

that its identity corresponds to the rst training identity

bop, = [W'* Cop (12)
The Euclidian distance is then computed between the egtideictorb,,, and
each of the training expression factd$ This measurement is repeated for all the
training identities and the tested face is attributed tacthes with the maximum num-
ber of votes yielding a correct recognition rate of 83.33%e Tonfusion matrix for

the asymmetric bilinear expression classi er is given ipl¢a2.

neut. ang. disg. fea. joy surp. sad.

neut 31 0 2 0 0 2 5
ang. 2 7 0 0 0 0 0
disg. 1 0 5 0 0 0 1
fear 1 0 0 8 1 0 0
joy 0 0 0 1 18 0 0

surp 1 0 0 0 0 13 0
sad. 1 0 0 0 0 0 8

Tab. 2: Confusion matrix for the asymmetric bilinear factorizatiexpression classi-
er. The correct recognition rate for 108 unknown test peisis 83.33%.

Expression recognition was performed using bilinear fazation and LDA using
the same training and test faces and this yielded much hetseits in the case of
bilinear factorization which suggests that bilinear faitation is of particular interest
for expression recognition when compared to LDA especialhgn a few number of
training images is available.

It should be noted that the dimension of the extracted esmedactors is at the
most equal to the number of classes which is comparable tdithension of the dis-
criminant vectors obtained by LDA (humber of classes -1).

We compare these results with the recognition performantésined humans.

To perform this experiment, the correctly labeled trainimgges are rst shown once
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to the candidate. These images are then hidden and the esmdhds to choose for
each unknown tested face which expression it displays. dtilshbe noted here that
when acquiring the CMU database images, the human subjexissiructed by an
experimenter to display a certain expression, hence thengrtruth is not acquired by
human labeling.

For 30 different persons the global cumulated confusiornrimit given in table 3.
Human based expression recognition using a different numbeest faces was also

performed in [17] and yielded similar recognition percgyes

neut. ang. disg. fea. joy surp. sad.

neut. 1062 128 37 17 14 3 89
ang. 19 397 37 4 0 0 53
disg. 16 123 441 7 1 4 8
fear 26 12 59 313 46 35 19
joy 10 1 11 18 720 15 5
surp. 0 0 1 33 1 654 1
sad. 74 62 29 7 0 3 365

Tab. 3: Confusion matrix for 30 trained humans. The correct redogmirate is
79.36%.

The recognition rates for each facial expression in bothesgntation schemes and

for trained humans are given in table 4.

AAM + LDA Bilinear Trained
(First 20 modes) asymmetric humans

neut. 55% 77.50% 78.67%
ang 66.67% 77.78% 77.84%
disg 57.14% 71.43% 73.50%
fear 60% 80% 61.37%
joy 68.42% 94.74% 92.31%
surp. 92.86% 92.86% 94.78%
sad. 100% 88.89% 67.59%
total 67.59% 83.33% 79.36%

Tab. 4: Recognition rates for each facial expression using the tA&dAepresenta-
tions and trained humans.

The above experiments show that bilinear based facial egjme recognition out-

performs both LDA and human experts performance. Many reasmay explain the



14

poor human performance. Indeed, the human recognitionveaies largely between
different candidates and depends on the person's mood @mdedef concentration.
Furthermore, the expressions that are most confused arethieal, angry and sad
expressions. This might be explained by the fact that vidifedrentiation between
these three expressions depends on very subtile appearanagons as shown on

gure 4, thus leading to frequent misclassi cation.
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Fig. 4: a: Tested angry face. b: Tested neutral face. c: Tested sad fa

5 Facial expression synthesis

This section aims to provide a solution to the problem ofdhexpression control.
In this context, an adequate control of the appearance maeasnextracted by AAM
search from a target face is expected to modify the faciatessgion of a target un-
known face without affecting its identity. Although lineexpression control has al-
ready been addressed in previous works, the main noveltjida® here consists in
exploiting bilinear factorization to impose an arti ciakgression to a face of unknown
identity and expression.

In order to modify the expression shown on a target face Waping its identity
intact, a relationship must be established between appeaarameters and facial
expression. In a previous work [6] facial expression madghvas performed through
linear regression between appearance parameters anldefgmiassion intensity using
either a direct or an evolutive linear expression modelidt@xpression control using
both linear models computed using the same training setibescin section 3.3 is

shown on gures 5 and 6 respectively.
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Fig. 5: Linear expression synthesis. a: Target face. b: Neutrahnger. d: Disgust.
e: Fear. f: Joy. g: Surprise. h: Sadness.

Fig. 6: Evolutive linear expression synthesis. a: Target face. buthl. c: Anger.
d: Disgust. e: Fear. f: Joy. g: Surprise. h: Sadness.

The linear evolutive model constitutes a more intuitiverapgh for facial expres-
sion modelling. Indeed, in this approach, all facial expr@s modelling hyperplane
intersect at a common origin whereas in the direct linearehedch facial expression

modelling hyperplane has a different origin. Visual conigam of the synthetic faces



16

reveals that both models give very similar results.

We propose to use bilinear modelling as an alternative tériear expression mod-
els in order to modify expression factors on a target facéek@eping identity factors
intact.

Indeed, an expression-speci c asymmetric bilinear moglarned using the same
training set described in section 3.3 yielding a set of igfactorsb’' and expression-
speci ¢ weightsW®. These weights correspond to the style-speci ¢ weightsidesd
in section 3.2.

Any appearance vectaf, coding a target face with unknown identity and known
expression &’ can be decomposed as:

Co

5= Webgp (13)

wherebg, corresponds to the extracted identity factor.
To synthesize a novel expressiogl™while keeping identity intact, the extracted

identity factorb,, is combined with the desired previously learned weightgimsy® :

Cg‘p = Wel bop (14)

Facial expression synthesis, using asymmetric bilineatatiog, on an unknown
neutral face is shown in gure 7. Similarly, facial expressisynthesis on an unknown

joyful face is shown on gure 8.
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Fig. 7: Asymmetric bilinear expression synthesis. a: Neutraldafgce b: Neutral.
c: Anger. d: Disgust. e: Fear. f: Joy. g: Surprise. h: Sadness

Fig. 8: Asymmetric bilinear expression synthesis. a: Joyful tafgee b: Neutral.
c: Anger. d: Disgust. e: Fear. f: Joy. g: Surprise. h: Sadness

However, when the facial expression shown on a target facedstermined, nei-
ther the linear expression model nor the asymmetric bitinezdel can be utilized and
the symmetric bilinear model offers an interesting altéwea

Indeed, a symmetric bilinear model represents the interatietween expression
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aop and identityb,, factors for a given appearance veatgy of unknown expression

and identity according to:

Cop(k) = a;l)-ka bop (15)

wherecop (K) represents thie™ component ot,, andwy is an expression and identity
independent matrix characterizing their interaction.

To perform facial expression synthesis on an unknown tdeget encoded by ap-
pearance vectar,, with an undetermined identity and expression, the bilirsyan-
metric model is rst adapted and the corresponding expoesai, and identityboy
factors are extracted according to the iterative procedaseribed in section 3.1.

To synthesize any novel expressicgi™while keeping identity intact an arti cial
appearance parameter is built by combining the extracteatiiyl factorb,, with the
desired expression factor learned from the traininga&et

Facial expression synthesis, using symmetric bilinearetiod), on the target face

of gure 5.a with unknown identity and expression is showngare 9.

e f g h

Fig. 9: Symmetric bilinear expression synthesis. a: Symmetriodgr model tting.
b: Neutral. c: Anger. d: Disgust. e: Fear. f: Joy. g: SurpriseSadness.

We notice, from a larger test set, that the use of bilinearetiogd) for expression
synthesis enhances photorealism when compared to linpaession synthesis. In-

deed, synthetic open mouth reconstruction either with ahavuit teeth (joy, surprise
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expressions for example) is of much better quality withrigiir based synthesis than
with classical linear regression based synthesis. Thisamigndue to the fact that
novel texture appearing implies a high degree of non-libe#nat can be dif cultly
represented by the simple linear models.

Of course, for a given person, the synthetic expressionsoticarrespond to the
same texture as the original expressive face since theisgadfaces are obtained
through a combination of various training expressive fadesrthermore, the way a
particular expression is displayed on a face is very perpeni€ and thus cannot be

speci cally reconstructed.

6 Conclusion

This paper tackled the issues of appearance factorizatiofadial expression recog-
nition and control. In a rst part, we addressed facial appaae representation using
AAM, and appearance factorization through symmetric alythasetric bilinear mod-
elling. Adaptation results on unknown target faces weravshaext.

Facial expression recognition using LDA on the appearaacampeters and expres-
sion factors extraction through asymmetric bilinear fazttion was then performed.
Results were compared with the ones obtained by 30 trainethhs. These experi-
ments highlight the advantages of bilinear factorizatispezially when the number of
training images is restrained. Indeed, a correct recagnitite of 83.33% was achieved
with the bilinear model, whereas LDA yields only 67.59% ewtirecognition using the
same training and test images.

Finally expression synthesis using linear regression otMAgarameters, as well
as bilinear factorization was addressed. The conducteerienpnts highlighted the ad-
vantages of bilinear factorization. Indeed, syntheticropmwuth reconstruction either
with or without teeth appearing is of much better qualityhabilinear based synthesis
than with classical linear regression based synthesis.

As a conclusion, the bilinear factorization constituteseay\vinteresting represen-
tation for facial expression analysis since it allows toraet factorized appearance

parameters which have interesting properties for recmgnénd synthesis.
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