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Abstract

We considerthe problemof learninghow a person’s facebehavesin a
long video sequence,with the aim of synthesisingconvincing sequences
demonstratingthe samebehaviours. We describea novel approachto seg-
menta sequenceinto shortsections,eachrepresentinga distinctaction(or a
part of an action). Thesesectionsaregroupedanda modelof the variabil-
ity of the action learnt. A variablelengthMarkov model is trainedon the
sequenceof suchactionsto learnthetemporalrelationships.Theresultis a
systemthatcangeneraterealisticsequencesof anindividual face.

Keywords: humancomputerinterface,active appearancemodel, facial
behaviour, variablelengthMarkov model.

1 Intr oduction

We seekto developa systemwhich canmodelboth the appearanceandbehaviour of a
person’s face. We would like to be able to presentthe systemwith a sufficiently long
trainingsequenceof anindividual speaking,moving their headandchangingexpression,
andhave thesystemlearna modelcapableof simulatingtheir behaviour. Sucha system
would beusefulfor many applicationsfrom computergamesto thegenerationof believ-
ableavatarsfor human-computerinteraction.This paperdescribesa prototypeof sucha
systemanddemonstratesits performanceat learningrelatively simplefacialbehaviours.

In this paperwe will concentrateon relatively low-level behaviour (how a person
tendsto shake their heador the particularway they smile) ratherthanmorehigh-level
behaviours(suchaswhenthey smileor theorderin which they tendto performactions).
We assumetheselow-level behaviours arecharacterisedby relatively short time scales
andarerepeatedsufficiently oftenin a trainingsequencethatwe canrecognisethemand
modeltheir variability. Implicit in thework is the assumptionthatpeopledo not repeat
any actionexactly (no-onesmilesthe sameway twice), but that it is possibleto learna
distribution representingthe variationson a particularactionthat an individual tendsto
make.
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We modeltheappearanceof the individual usinga statisticalappearancemodelthat
combinesshapeandtexture[5], andassumethattheinput sequencecanbetrackedsuffi-
ciently accurately(in practiceusinganactive appearancemodel[4]). Thesequencecan
thenberepresentedasaseriesof pointsforminga trajectorythroughtheparameterspace
of theappearancemodel. A challengingstepis thento analysethis trajectory, automati-
cally breakingit down into sub-unitswhich correspondto distinctactions,andto model
theseactions. We presenta novel approachto this, in which we locatenodesin space
at pointsof high densityandusetheseto split the trajectoryinto segments,which are
thengroupedandthegroupsmodelled.A variablelengthMarkov modelis thentrained
to learnthe relationshipsbetweenthe groups. This allows us to synthesisenovel paths
throughthegroupsandthusnovel sequenceswhichcapturethebehaviour observedin the
trainingset.

In thefollowing wereview relatedwork, describethesystemin moredetailandshow
theresultsof experiments.

2 Relatedpastwork

Bregler, in [2], usesa hierarchicalframework to recognisehumandynamics.His frame-
work canbedecomposedinto four steps:theraw sequence,a modelof movementusing
a mixtureof Gaussians,a modelof lineardynamicsanda modelof complex movements
usinga hiddenMarkov model. He highlightedthe needof high level informationfor a
correctmodelof behaviour.

Brandet al., in [1], describesa modelof interactioncalledcoupledhiddenMarkov
model.Dif ferentbehavioursareencodedusingseparatestatesfor two interlocutors.Each
statedependsonall thepreviousstates,thatis thepreviousstatesof bothinterlocutors.He
developsanefficient learningalgorithmandshows that this modeloutperformsclassical
modelssuchashiddenMarkov models.

In [8], shapesareapproximatedby splines.Theparameterscontrolling thosesplines
aswell astheirspeedarefirst clusteredinto prototypevectorsusingacompetitivelearning
neuralnetwork. A compressedsequencederived from the prototypevectorsequenceis
learntusinga Markov chain.A cubicHermiteinterpolationis usedalongwith thelearnt
Markov chainto recover the temporalstructureof thesequencebeforecompressionand
to extrapolatea behaviour. Furthermore,for generationpurposes,a single hypothesis
propagationanda maximumlikelihoodframework aredescribed.During thegeneration,
statesof the Markov chainarechosenaccordingto the stateof the shapeof a tracked
person.This canallow generationof a shapeof a virtual partnerdrivenby a trackedreal
person.In [6], Devin andHoggaddedsoundandappearanceto theframework in orderto
demonstratethatproducinga talking headis possible.[7] introducestheuseof variable
lengthMarkov modelwith theprototypevectorsto learnthestructureof thesequence.

In [10], Walter et al. modelgesturesby groupsof trajectorysegments.The trajec-
tory segmentsareextractedby detectingdiscontinuitiesin the gesturetrajectory. After
normalisingthetrajectorysegments,their dimensionsarereducedusinga principalcom-
ponentanalysis.Clustersarethenextractedfrom thecomponentspaceusinganiterative
algorithmbasedon minimumdescriptionlength.Theclustersform atomicgesturecom-
ponents. Thereis a parallel betweengroupsof trajectorysegmentsand the actionsor
visualunitswe wantto extractfrom thevideosequence.Howeverour segmentationand
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groupingalgorithmsarebothdifferent.
Finally, the experimentsof Martin et al. [9] suggestthat it is possibleto recognise

faceexpressionsfrom their trajectoriesin theappearanceparameterspacewe usein our
model.Thus,ourmodelshouldbeableto generatedifferentexpressions.

3 Structure of the model

3.1 Intr oduction

In orderto beableto generatevideosequencesof faces,wefirst needanunderlyingmodel
thatis ableto synthesisea facefor eachframe.Thanksto its synthesisfacility, theactive
appearancemodelof Cooteset al. [4] is a perfectcandidatefor this task.

In orderto encodeeachframefrom the training sequence,we usea full appearance
model that combinesshapeand texture information. After having computedthe mean
shapefrom thetrainingset,thenumberof parametersof themodelis reducedby applying
consecutive principal componentanalysisto both the shapeand the texture part of the
model.Thedetailsof themodelaredescribedin [5]. Theshapeanda shape-freetexture
aremodelledby thesetof linearequations:����� ���
	���

� � � �
	���
where

�
is a vectordescribingthe shape,

�
is a vectordescribingtheshape-freetexture,

	��
and

	��
arematriceslearntfrom thetrainingset.

�
and

�
representthemeanshapeand

meanshape-freetexturecomputedfrom thetrainingset.
Givenavectorof appearanceparameters


, theshape

�
canbecomputed.A shape-free

texture
�

canbewarpedto theshapeto reconstructthefull appearanceof a face.
Eachvectorfrom theappearanceparameterspacerepresentsa facewhile eachfacial

imagecanbeapproximatedby avectorin theappearanceparameterspace.A sequenceof
a facecanberepresentedby a trajectoryin theappearanceparameterspace.Visualunits
arethereforesub-trajectorieswithin this trajectory.

Figure1 shows an overview of the modelof facial behaviour. First, the facehasto
betrackedin thevideosequence(1). Theactive appearancemodelparametershave then
to bededucedfrom thetrackedface(1 � 2). Thetrajectoryformedby thoseappearance
parametervectorsis thenbrokeninto sub-trajectorygroups(2 � 3) andthesequenceis
now a sequenceof sub-trajectorygroups(3). The sequenceof sub-trajectorygroupsis
learnt(3 � 4) by a variablelengthMarkov model(4).

In order to generatenew trajectories,a sequenceof sub-trajectorygroupshasto be
sampledfrom the variablelengthMarkov model(4 � 3). A new sub-trajectoryhasto
besampledfrom eachgroupin the sequenceof sub-trajectorygroups(3 � 2) to give a
sequenceof sub-trajectories,that is a trajectory(2). Eachpoint in thatnew trajectoryin
theappearanceparameterspacecanthenbesynthesised(2 � 5) to giveavideosequence
of faces(5).

3.2 Extracting the sequenceof parameters

The active appearancemodel is able to fit an appearancemodelonto a faceimage,by
minimising the differenceof texture betweenthe synthesisof the modelandthe image
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Figure1: Overview of thecomponentsof themodel.Pis theappearanceparameterspace.
Arrowsfrom left to right representthelearningandarrowsfrom right to left representthe
generation.

of interest.As it is a local minimisation,it requiresa goodfirst approximation.For each
trainingsequence,thefirst frameis markedup. In orderto geta goodapproximationfor
eachframewe usethe stateof the face(pose,scale,positionandappearance)from the
previousframeasthefirst approximationfor thefitting procedurein thecurrentframe.By
comparingthesynthesisedfaceandthecorrespondingpixelsin thecurrentframe(using
a meansquareerroron thegrey-level pixel values),we candeterminewhetherthefitting
procedurehasfailedor not. If it hasfailed,aglobalsearchis performed.

This semiautomaticmethodhasbeenusedto representan imagesequenceasa se-
quenceof parametervectors.

3.3 Segmentinginto sub-trajectories

Given a long sequenceof points in the parameterspace,we want to divide it into sub-
trajectories.Thesesub-trajectoriescorrespondto actionsor visualunits in thevideose-
quence.

The aim of the segmentationis to extract somenodesthat will split the trajectory
into several sub-trajectories.The nodeswill form the beginningsandendsof the sub-
trajectories.Thesub-trajectoriesarecomputedin orderto begroupedlaterin theprocess,
sosimilarsub-trajectoriesshouldalsohavesimilarbeginningsandendsrespectively. Fur-
thermore,we would like to find the pointswheredifferentbehaviours split or converge
together. Findingpointsof highdensityin theappearanceparameterspaceis a goodway
of meetingtheserequirements.

In orderto find the high densitypoints,we usethe samplemeanshift, describedby
ComaniciuandMeer[3]. We iteratively modify ourcurrentestimateof thelocalmaxima
of densityby moving to the meanof the � closestpointsof the currentestimate.The
processconvergesto thepositionof thelocalmaximumdensity.

We initialise themeanshift algorithmat eachpoint of thetrajectoryin turn. Running
the algorithmto convergencefinds all the nearly local maximain the densityestimate.
The trajectorypointsnearestto eachlocal maximaaredefinedto be the nodessplitting
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Figure2: High densitypointsextractedfrom atrajectory. Thefigureontheleft represents
thesequenceof points.Thecentresof thecircleson thefigureon theright representsthe
selectednodes.Thefour cornerswheresplit andmergeof trajectoriesoccurshave been
correctlyidentifiedasnodes.

thefull pathinto sub-trajectories.In practice,we only do this for each� pointsfrom the
trainingsequence.This improvesefficiency with a negligible effect on theresult.Figure
2 showsanexampleof nodesextractedfrom ahanddrawn trajectory.

3.4 Grouping similar sub-trajectories

3.4.1 The model of a group of sub-trajectories

We modeleachsub-trajectoryusinga linearstatisticalmodel,assuminga Gaussiandis-
tribution. Eachsub-trajectoryis describedby a vector, which is a simpleconcatenation
of thesub-trajectorypoints. A sub-trajectorygroupis a setof vectors,on which we can
applya principalcomponentanalysis.Eachsub-trajectory� is approximatedby:� � � �
	������

(1)

where � is a vector representingthe meansub-trajectoryof the group,

	��
is a matrix

computedby the principal componentanalysisanddescribinghow the datavaries,and
� �

is the vectorof parametersfor that particularsub-trajectory. The probability density
functionof the setof parameters

� �
is modelledby a Gaussian,by computingthe mean

andvarianceof

� �
for all sub-trajectories� in thegroup.

In order to be ableto performthe principal componentanalysison a groupof sub-
trajectories,it is requiredthatall thesub-trajectoriesareencodedwith thesamenumber
of points.Therefore,we interpolateall thesub-trajectoriesby cubicsplinesandhomoge-
neouslyre-samplethemto a givennumberof points.

3.4.2 The grouping algorithm

We experimentedwith two groupingalgorithms.Thefirst is a greedyalgorithm. It first
assumesthat eachsub-trajectorygiven by the segmentationinitially forms a group by
itself. Let � bethis initial setof groups.

We want to know how to merge groupsso that the resultinggroupsaresufficiently
coherentthataGaussianmodelis a goodrepresentation.

For every pair ���� "!#�%$'& of elementsof � , we computethe varianceof the group �� )(�$
that is built usingthesub-trajectoriesfrom both �� and �%$ . We selectthepair of groups���+*,!-�+."& thatgivesthelowestvarianceandmergethosetwo groupsto form only onegroup.
We delete�+* and �+. from � andinsert �+*�(/. instead.
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We iteratetheprocessuntil we reacha givennumberof clusters.
Unfortunatelythis algorithmbecomesquite inefficient if we want to processa large

numberof sub-trajectories(severalhundredsin practice).Its complexity is 021436587 where3 is thetotalnumberof sub-trajectories.
For largertrainingsetsof sub-trajectories,weusethenormalisedcutsalgorithmof Shi

andMalik [12]. Thiscomputesgroupsby analysingtheeigenvectorsof a 3:9�3 similarity
matrix. Thecomputationof thismatrix is in 021;3=<'>?�;3=&"7 where>?�@3A& is thecomplexity of
thesimilarity measure.Thecomplexity of thesolutionto theeigenvalueproblemusually
hasa complexity of 0 1 3CB 7 but fortunately, for a sparsematrix, it canbe reducedto a
lowercomplexity, usingtheLanczosalgorithm.

We tried this algorithmwith two similarity measures,oneis the euclidiandistance,
andthe otheroneis basedon dynamictime warping. Both have a complexity of 0D�43=&
which bringsthe complexity of the whole algorithmto 0 1 3CB 7 . The resultsareslightly
betterfor theeuclidiandistancebecausethedynamictimewarpingmeasureis invariantto
transformationssuchasrotationsor translations.Theprincipalcomponentanalysisused
to computeequation1 performspoorly if we usea similarity measurewhich is not strict
enoughon theallowedtransformations.

The results,even if still acceptable,are visually lesseffective than thosefrom the
greedyalgorithm.However, thenormalisedcutsmethodscalesbetterfor a largenumber
of sub-trajectories.

3.5 Learning temporal relationshipsbetweengroups

We now want to learn the structureof the sequenceof sub-trajectorygroups. In order
to do that,we usea variablelengthMarkov modelintroducedby Ron et al. [11] in the
context of learninga sequenceof lettersin Englishtexts. Theideaof this modelis to use
amemoryof lengthvaryingwith thecontext. In particular, whenthetrajectorysplitsinto
two trajectories,we needto know wherethe sub-trajectoriesarecomingfrom, in order
to decidewhat is thenext sub-trajectoryto infer. A memoryof a long sequenceof sub-
trajectorygroupsis neededin thatcase.Ontheotherhand,if group E is alwaysfollowed
by group F , we needonly a shortmemory(statingthat if thecurrentgroupis E , then F
is next).

The probabilitiesof sequencesof sub-trajectorygroupsare storedin a tree. Each
branchof thetreecorrespondsto asequence.Thetreeis constructedrecursivelyby adding
sequences.A sequenceG is addedto thetreeif andonly if its probability is greaterthan
a previously chosenthresholdand addingthe sequenceG gives a statisticallydifferent
tree. Two treesaresaidstatisticallydifferentif the probability distributionsencodedby
the trees,weightedby the probability of the sequenceG , aredifferent. Thuswe needa
measureof distancebetweenprobabilitydistributions. TheKullback-Leiblermeasureis
usuallyusedwith thevariablelengthMarkov model.However, by trying themodelonthe
generationon Englishtexts, we found that the Matusitameasuregivesbetterresultson
longtexts(about33%of lettersweresuccessfullypredictedagainst26%for theKullback-
Leibler measure).TheMatusitameasureis givenby:H �@3JI�KL& �NMPO,Q 3R� � &JS Q K/� � &"T <VU �
for two probability distributions 3 and K . 3W� � & is the probability of observinga group
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�
given the sequenceG . K/� � & is the probability of observinga group

�
given the sub-

sequenceof G thatrepresentsashortermemoryalreadyencodedin thetree.Thestatistical
differencetells us whetherthereis any advantagein using longermemoryfor the cur-
rentcontext. Thealgorithmstopswhenevery sequenceof lengthlessthana predefined
thresholdhasbeeninspected.

3.6 Generating newsequences

A new videosequenceof facescanbegeneratedfrom themodelasfollows. First, given
anhistoryof generatedsub-trajectorygroups,onecanfind thelongestmemoryencodedin
thevariablelengthMarkov modeltree.Thustheprobabilityof generatinganew groupcan
bereaddirectly from thetree,if it is encodedin thetree.Theprobabilitiesnotencodedin
thetreearesmallprobabilities,thatwe canapproximateby a uniform distribution. After
having fetchedthe probabilitiesof generationof eachsub-trajectorygroups,we sample
from this setof probabilitiesto generatethenext sub-trajectorygroup.We thengenerate
new parametersby samplingfrom a Gaussiandistribution. The new sub-trajectorycan
thenbegeneratedgivenequation1. All thesub-trajectoriesgeneratedarethenconcate-
nated.This givesa sequenceof appearanceparameters.Thevideosequencecanthenbe
generatedby synthesisingthoseparametersinto a faceasdescribedin section3.1.

4 Experimental results

(a) Extractionof nodes (b) Generatednew sequence

Figure3: Figure3(a)representstheextractionof nodesfrom thetrainingvideosequence.
Theplanof thegraphrepresentsthetwo first componentsof thesevencomponentsof the
appearanceparameterspace.Thepointsrepresentingthesequencearelinkedby lines if
they follow eachother. Theextractednodesarerepresentedby blackcircles.Figure3(b)
representsthepointsof a new sequencegeneratedusingthemodel.
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Figure4: The six groupsobtainedafter the groupingof sub-trajectories.Groups1 and
2 look similar becauseonegroupmodelstrajectoriesthatgo from left to right while the
otheronemodelstrajectoriesthatgofrom right to left. Thesameappliesfor groups3 and
4. Thegroup5 correspondsto severalreally smalltrajectories.

Wehaveappliedthealgorithmto asequenceof apersonrepeatedlyshakingtheirhead.
Framesextractedfrom thetrainingsequencecanbeseenonfigure5(a).Thoseframesare
thesynthesisof theappearanceparameterssequenceafter tracking.Thewholesequence
has317 frames.Eachfaceis encodedusingsevenparametersincluding the scale,pose
andposition.Thesequenceof thetwo first componentsis representedonfigure3(a)along
with thenodesextractedfrom thesequence.Thenodesareextractedusing � �YX'Z

and� �\[�Z
.

Figure4 shows the resultof the groupingalgorithmif we askfor 6 clusters.Figure
3(b) shows an exampleof trajectorythat canbe generatedusingthose6 clustersanda
variablelengthMarkov modelthathasbeentrainedwith a thresholdof

Z^] Z�Z6X
for boththe

probabilitiesstoredandthestatisticaldifference.Thesynthesisof a generatedsequence
canbefoundonfigure5(b).

5 Conclusionsand futur ework

We have presenteda generative model of visual facial behaviour that is basedon the
assumptionthat peoplerepeatfacial expressionsover time. It hasbeenshown that this
modelis ableto reproducesimplebehaviours.

A novel decompositionof sequencesinto visualunitsallowsahigherlevel of abstrac-
tion thanothermodelsthatarebasedon sequencesof frames.Theuseof variablelength
Markov modelallows us to efficiently encodehistoryof visual units in long sequences.
Generationof new sequencescanbedonethanksto thecombinationof thegenerativefea-
turesof boththevariablelengthMarkov modelandtheappearancemodel.Furthermore,
theuseof variablelengthMarkov modelfor learninghelpsus to betterunderstandwhat
is goingon with themodel.Thereareno hiddenvariablesor hiddenstates.

However, thetransitionbetweenvisualunitshasto besmoothed.For thetime being,
somejumpsareperceptiblein the generatedsequences.Anotherimprovementthat can
bedoneis to modify themodelsothatit handlesoutliersandtimingsin abetterway.

In our futurework, weplanto usetwo activeappearancemodelswith thesameframe-
work in ordertomodelinteractionsbetweentwopersonsspeakingtogetherin aninterview
typescenarioin a similarmannerto [6].
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(a)Trainingsequenceof a facegesturing”no”

(b) Generatedsequence

Figure5: Figure5(a) representssomeframesextractedfrom thevideosequenceusedto
train the model,while figure 5(b) representssomeframesextractedfrom the sequence
generatedby themodel.

806


