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Abstract

We considerthe problemof learninghow a persons facebehaesin a
long video sequencewith the aim of synthesisingcorvincing sequences
demonstratinghe samebehaviours. We describea novel approacho sey-
menta sequencénto shortsectionsgachrepresenting distinctaction(or a
partof an action). Thesesectionsare groupedanda model of the variabil-
ity of the actionlearnt. A variablelength Markov modelis trainedon the
sequencef suchactionsto learnthe temporalrelationships.Theresultis a
systemthatcangenerateealisticsequencesf anindividual face.

Keywords: humancomputerinterface,active appearancenodel, facial
behaiour, variablelengthMarkov model.

1 Intr oduction

We seekto develop a systemwhich canmodelboth the appearancand behaiour of a
persons face. We would like to be ableto presentthe systemwith a sufficiently long
training sequencef anindividual speakingmoving their headandchangingexpression,
andhave the systemlearna modelcapableof simulatingtheir behaiour. Sucha system
would be usefulfor mary applicationdrom computergameso the generatiorof believ-
ableavatarsfor human-computeinteraction. This paperdescribes prototypeof sucha
systemanddemonstrates performancetlearningrelatively simplefacialbehaiours.

In this paperwe will concentrateon relatively low-level behaiour (how a person
tendsto shale their heador the particularway they smile) ratherthan more high-level
behaiours (suchaswhenthey smile or the orderin which they tendto performactions).
We assumeheselow-level behaiours are characterisedby relatively shorttime scales
andarerepeateduficiently oftenin atraining sequencéhatwe canrecognisehemand
modeltheir variability. Implicit in the work is the assumptiorthat peopledo not repeat
ary actionexactly (no-onesmilesthe sameway twice), but thatit is possibleto learna
distribution representinghe variationson a particularactionthat an individual tendsto
male.
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We modelthe appearancef the individual usinga statisticalappearancenodelthat
combinesshapeandtexture[5], andassumehatthe input sequenceanbetracked suffi-
ciently accurately(in practiceusingan active appearancenodel[4]). Thesequencean
thenberepresentedsa seriesof pointsforming atrajectorythroughthe parametespace
of theappearancenodel. A challengingstepis thento analysethis trajectory automati-
cally breakingit down into sub-unitswhich correspondo distinctactions,andto model
theseactions. We presenta novel approacho this, in which we locatenodesin space
at points of high densityand usetheseto split the trajectoryinto segments,which are
thengroupedandthe groupsmodelled. A variablelengthMarkov modelis thentrained
to learnthe relationshipsbetweenthe groups. This allows us to synthesisaovel paths
throughthe groupsandthusnovel sequencewhich capturethebehaiour obsenedin the
trainingset.

In thefollowing we review relatedwork, describethe systemin moredetailandshowv
theresultsof experiments.

2 Relatedpastwork

Bregler, in [2], usesa hierarchicafframework to recognisehumandynamics.His frame-
work canbe decomposecéhto four steps:theraw sequencea modelof movementusing
amixture of Gaussiansa modelof linear dynamicsanda modelof complex movements
usinga hiddenMarkov model. He highlightedthe needof high level informationfor a
correctmodelof behaviour.

Brandet al., in [1], describesa modelof interactioncalled coupledhiddenMarkov
model. Differentbehaioursareencodedisingseparatstatesor two interlocutors.Each
statedepend®nall thepreviousstatesthatis the previousstateof bothinterlocutors.He
developsan efficient learningalgorithmandshaows thatthis modeloutperformsclassical
modelssuchashiddenMarkov models.

In [8], shapesreapproximatedy splines.The parametergontrollingthosesplines
aswell astheirspeedarefirst clusterednto prototypevectorsusingacompetitvelearning
neuralnetwork. A compressedequencealerived from the prototypevectorsequencés
learntusinga Markov chain. A cubic Hermiteinterpolationis usedalongwith the learnt
Markov chainto recover the temporalstructureof the sequencdeforecompressiorand
to extrapolatea behaiour. Furthermore for generationpurposesa single hypothesis
propagatioranda maximumlik elihoodframewnork aredescribed During the generation,
statesof the Markov chain are chosenaccordingto the stateof the shapeof a tracked
person.This canallow generatiorof a shapeof a virtual partnerdrivenby atraclkedreal
person.n [6], Devin andHoggaddedsoundandappearance theframework in orderto
demonstratehat producinga talking headis possible.[7] introduceshe useof variable
lengthMarkov modelwith the prototypevectorsto learnthe structureof the sequence.

In [10], Walter et al. modelgesturesy groupsof trajectorysegments. The trajec-
tory sggmentsare extractedby detectingdiscontinuitiesin the gesturetrajectory After
normalisingthetrajectorysegmentstheir dimensionsarereducedisinga principalcom-
ponentanalysis.Clustersarethenextractedfrom the componenspaceusinganiterative
algorithmbasedon minimum descriptionlength. The clustersform atomicgesturecom-
ponents. Thereis a parallel betweengroupsof trajectory segmentsand the actionsor
visual unitswe wantto extractfrom the video sequenceHowever our segmentatiorand
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groupingalgorithmsarebothdifferent.

Finally, the experimentsof Martin et al. [9] suggesthatit is possibleto recognise
faceexpressiondrom their trajectoriesin the appearancparametespacewe usein our
model. Thus,our modelshouldbe ableto generatalifferentexpressions.

3 Structur e of the model

3.1 Intr oduction

In orderto beableto generaterideosequencesf faceswefirst needanunderlyingmodel
thatis ableto synthesisea facefor eachframe. Thanksto its synthesidacility, the active
appearancenodelof Cooteset al. [4] is a perfectcandidateor this task.

In orderto encodeeachframefrom the training sequenceywe usea full appearance
modelthat combinesshapeand texture information. After having computedthe mean
shapdrom thetrainingset,thenumberof parametersf themodelis reducedoy applying
consecutre principal componentanalysisto both the shapeand the texture part of the
model. The detailsof the modelaredescribedn [5]. Theshapeanda shape-fredexture
aremodelledby the setof linearequations:

T =T+ QzcC
t:¥+QtC

wherez is a vectordescribingthe shape¢ is a vectordescribingthe shape-fredexture,
Q. and@; arematricedearntfrom thetrainingset.z and¢ representhe meanshapeand
meanshape-fregexture computedrom thetrainingset.

Givenavectorof appearancparameters, theshaper canbecomputed A shape-free
texturet canbewarpedto theshapeo reconstructhefull appearancef aface.

Eachvectorfrom the appearancparametespaceepresents facewhile eachfacial
imagecanbeapproximatedy avectorin theappearancparametespace A sequencef
afacecanberepresentetly atrajectoryin the appearancparametespace.Visualunits
arethereforesub-trajectoriesvithin this trajectory

Figure 1 showvs an overview of the modelof facial behaiour. First, the facehasto
betrackedin thevideosequencél). Theactive appearancenodelparametertiave then
to bededucedrom thetrackedface(1 — 2). Thetrajectoryformedby thoseappearance
parametewectorsis thenbrokeninto sub-trajectorygroups(2 — 3) andthe sequencés
now a sequencef sub-trajectorygroups(3). The sequencef sub-trajectorygroupsis
learnt(3 — 4) by avariablelengthMarkov model(4).

In orderto generatenew trajectories,a sequencef sub-trajectorygroupshasto be
sampledfrom the variablelength Markov model (4 — 3). A new sub-trajectoryhasto
be sampledirom eachgroupin the sequencef sub-trajectorygroups(3 — 2) to give a
sequencef sub-trajectoriesthatis a trajectory(2). Eachpointin thatnew trajectoryin
theappearancparametespacecanthenbe synthesised2 — 5) to give avideosequence
of faceg(5).

3.2 Extracting the sequenceof parameters

The active appearancenodelis ableto fit an appearancenodelonto a faceimage, by
minimising the differenceof texture betweenthe synthesisof the modelandthe image
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Figurel: Overview of thecomponentsf themodel.Pis theappearancparametespace.
Arrowsfrom left to right representhelearningandarronsfrom right to left representhe
generation.

of interest.As it is alocal minimisation,it requiresa goodfirst approximation.For each
training sequencethefirst frameis marked up. In orderto geta goodapproximatiorfor
eachframewe usethe stateof the face(pose,scale,positionandappearanceffom the
previousframeasthefirst approximatiorfor thefitting proceduren thecurrentframe.By
comparingthe synthesisedaceandthe correspondingixelsin the currentframe (using
ameansquareerroron the grey-level pixel values) we candeterminewhetherthefitting
proceduréhasfailedor not. If it hasfailed,aglobalsearctis performed.

This semiautomaticmethodhasbeenusedto represeninimagesequencasa se-
quenceof parametevectors.

3.3 Segmentinginto sub-trajectories

Given a long sequencef pointsin the parametesspacewe wantto divide it into sub-
trajectories.Thesesub-trajectoriesorrespondo actionsor visual unitsin the video se-
qguence.

The aim of the sggmentationis to extract somenodesthat will split the trajectory
into several sub-trajectories.The nodeswill form the beginningsand endsof the sub-
trajectories.Thesub-trajectoriearecomputedn orderto begroupedaterin theprocess,
sosimilar sub-trajectorieshouldalsohave similar beginningsandendsrespectiely. Fur-
thermore ,we would lik e to find the pointswheredifferentbehaiours split or corverge
together Finding pointsof high densityin theappearancparametespacds agoodway
of meetingtheserequirements.

In orderto find the high densitypoints,we usethe samplemeanshift, describedby
ComaniciuandMeer|[3]. We iteratively modify our currentestimateof thelocal maxima
of densityby moving to the meanof the n closestpoints of the currentestimate. The
procesonvergesto the positionof thelocal maximumdensity

We initialise the meanshift algorithmat eachpoint of thetrajectoryin turn. Running
the algorithmto corvergencefinds all the nearlylocal maximain the densityestimate.
The trajectorypointsnearesto eachlocal maximaare definedto be the nodessplitting
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Figure2: High densitypointsextractedfrom atrajectory Thefigureontheleft represents
the sequencef points. The centresof the circleson thefigure on theright representthe
selectechodes.The four cornerswheresplit andmeme of trajectoriesoccurshave been
correctlyidentifiedasnodes.

thefull pathinto sub-trajectoriesln practice we only do this for eachk pointsfrom the
training sequenceThis improvesefficiency with a negligible effect on theresult. Figure
2 shavs anexampleof nodesextractedfrom a handdrawn trajectory

3.4 Grouping similar sub-trajectories
3.4.1 The modelof a group of sub-trajectories

We modeleachsub-trajectoryusinga linear statisticalmodel,assuminga Gaussiardis-
tribution. Eachsub-trajectoryis describedoy a vector which is a simple concatenation
of the sub-trajectorypoints. A sub-trajectongroupis a setof vectors,on which we can
applyaprincipalcomponentnalysis Eachsub-trajectory is approximatedy:

s =75+ Qb 1)

wheres is a vector representinghe meansub-trajectoryof the group, @5 is a matrix
computedby the principal componentanalysisand describinghow the datavaries,and
bs is the vectorof parameterdor that particularsub-trajectory The probability density
function of the setof parameter$, is modelledby a Gaussianpy computingthe mean
andvarianceof b, for all sub-trajectories in thegroup.

In orderto be ableto performthe principal componentanalysison a group of sub-
trajectoriesijt is requiredthatall the sub-trajectoriesireencodedvith the samenumber
of points. Therefore we interpolateall the sub-trajectorieby cubicsplinesandhomoge-
neouslyre-samplehemto a givennumberof points.

3.4.2 The grouping algorithm

We experimentedwith two groupingalgorithms. The first is a greedyalgorithm. It first
assumeshat eachsub-trajectorygiven by the segmentationinitially forms a group by
itself. Let S bethisinitial setof groups.

We wantto know how to meige groupsso that the resultinggroupsare sufficiently
coherenthata Gaussiaimodelis agoodrepresentation.

For every pair (g;, g;) of elementf S, we computethe varianceof the group g;u;
thatis built usingthe sub-trajectorierom both g; andg;. We selectthe pair of groups
(94, g») thatgivesthelowestvarianceandmergethosetwo groupsto form only onegroup.
We deleteg, andg, from S andinsertg,; instead.

801



We iteratethe processuntil we reacha givennumberof clusters.

Unfortunatelythis algorithmbecomegjuite inefficient if we wantto processa large
numberof sub-trajectorie¢severalhundredsn practice).lts compleity is O (p4) where
p is thetotal numberof sub-trajectories.

Forlargertrainingsetsof sub-trajectoriesye usethenormalisectutsalgorithmof Shi
andMalik [12]. Thiscomputegyroupsby analysingheeigervectorsof ap x p similarity
matrix. Thecomputatiorof this matrixisin O (p?S(p)) whereS(p) is thecomplexity of
the similarity measureThe complexity of the solutionto the eigervalueproblemusually
hasa compleity of O (p3) but fortunately for a sparsematrix, it canbe reducedto a
lower compleity, usingthe Lanczosalgorithm.

We tried this algorithmwith two similarity measurespneis the euclidiandistance,
andthe otheroneis basedon dynamictime warping. Both have a compleity of O (p)
which bringsthe compleity of the whole algorithmto O (p3). Theresultsareslightly
betterfor theeuclidiandistancebecaus¢he dynamictime warpingmeasurés invariantto
transformationsuchasrotationsor translations.The principal componentanalysisused
to computeequationl performspoorly if we usea similarity measuravhich is not strict
enoughontheallowedtransformations.

The results,even if still acceptableare visually lesseffective thanthosefrom the
greedyalgorithm. However, the normalisedcutsmethodscaleshetterfor alarge number
of sub-trajectories.

3.5 Learning temporal relationshipsbetweengroups

We now wantto learnthe structureof the sequencef sub-trajectorygroups. In order
to do that, we usea variablelengthMarkov modelintroducedby Ronet al. [11] in the
context of learninga sequencef lettersin Englishtexts. Theideaof this modelis to use
amemoryof lengthvaryingwith the contet. In particular whenthetrajectorysplitsinto
two trajectorieswe needto know wherethe sub-trajectoriesre comingfrom, in order
to decidewhatis the next sub-trajectoryto infer. A memoryof a long sequencef sub-
trajectorygroupsis neededn thatcase.Ontheotherhand,if group A is alwaysfollowed
by group B, we needonly a shortmemory(statingthatif the currentgroupis A4, then B
is next).

The probabilitiesof sequencesf sub-trajectorygroupsare storedin a tree. Each
branchof thetreecorrespond#o asequenceThetreeis constructedecursvely by adding
sequencesA sequencé is addedto thetreeif andonly if its probabilityis greaterthan
a previously chosenthresholdand addingthe sequencé gives a statistically different
tree. Two treesare said statisticallydifferentif the probability distributionsencodedoy
the trees,weightedby the probability of the sequencé, aredifferent. Thuswe needa
measuref distancebetweernprobability distributions. The Kullback-Leiblermeasures
usuallyusedwith thevariablelengthMarkov model. However, by trying the modelonthe
generatioron Englishtexts, we found that the Matusitameasuregivesbetterresultson
longtexts (about33%of lettersweresuccessfullyredictedagains6%for theKullback-
Leibler measure)The Matusitameasures givenby:

Dl = [ (Vo) - Va@) da

for two probability distributionsp andg. p(z) is the probability of observinga group
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x giventhe sequencd. ¢(z) is the probability of observinga group z given the sub-
sequencef [ thatrepresentashortermemoryalreadyencodedn thetree. Thestatistical
differencetells us whetherthereis ary advantagein usinglongermemoryfor the cur

rentcontext. The algorithmstopswhenevery sequencef lengthlessthana predefined
thresholdhasbeeninspected.

3.6 Generating new sequences

A new video sequenc®f facescanbe generatedrom the modelasfollows. First, given
anhistoryof generatedub-trajectorygroups,onecanfind thelongestmemoryencodedn
thevariablelengthMarkov modeltree. Thustheprobabilityof generatinganew groupcan
bereaddirectly from thetree,if it is encodedn thetree. The probabilitiesnotencodedn
thetreearesmall probabilities thatwe canapproximateby a uniform distribution. After
having fetchedthe probabilitiesof generatiorof eachsub-trajectorygroups,we sample
from this setof probabilitiesto generatdhe next sub-trajectorygroup. We thengenerate
new parameterdy samplingfrom a Gaussiardistribution. The new sub-trajectorycan
thenbe generatedjivenequationl. All the sub-trajectoriegieneratedrethenconcate-
nated.This givesa sequencef appearancparametersThevideo sequenceanthenbe
generatedby synthesisinghoseparameterinto afaceasdescribedn section3.1.

4 Experimental results

(a) Extractionof nodes (b) Generatedhen sequence

Figure3: Figure3(a)representtheextractionof nodesrom thetrainingvideosequence.
Theplanof thegraphrepresentshetwo first component®f the sesrencomponentsf the
appearancparametespace.The pointsrepresentinghe sequencearelinked by linesif
they follow eachother Theextractednodesarerepresentetdy blackcircles. Figure3(b)
representshe pointsof a newv sequencgeneratedisingthe model.
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Figure4: The six groupsobtainedafter the groupingof sub-trajectoriesGroupsl and
2 look similar becaus@negroupmodelstrajectoriesthat go from left to right while the
otheronemodelstrajectorieghatgo from right to left. Thesameappliesfor groups3 and
4. Thegroupb5 correspondso severalreally smalltrajectories.

We have appliedthealgorithmto asequencef apersorrepeatedlyshakingtheirhead.
Framesextractedfrom thetrainingsequenceanbeseenonfigure5(a). Thoseframesare
the synthesiof the appearancparametersequencarftertracking. Thewhole sequence
has317 frames. Eachfaceis encodedusing seven parameteréncluding the scale,pose
andposition. Thesequencef thetwo first componentss representednfigure3(a)along
with the nodesextractedfrom the sequenceThe nodesare extractedusingn = 10 and
k = 20.

Figure4 shaws the resultof the groupingalgorithmif we askfor 6 clusters.Figure
3(b) shawvs an exampleof trajectorythat canbe generatedisingthose6 clustersanda
variablelengthMarkov modelthathasbeentrainedwith athresholdof 0.001 for boththe
probabilitiesstoredandthe statisticaldifference.The synthesif a generatedequence
canbefoundonfigure5(b).

5 Conclusionsand futur e work

We have presentedh generatie model of visual facial behaiour thatis basedon the
assumptiorthat peoplerepeatfacial expressionover time. It hasbeenshown thatthis
modelis ableto reproducesimplebehaiours.

A novel decompositiorof sequencemto visualunitsallows a higherlevel of abstrac-
tion thanothermodelsthatarebasedon sequencesf frames.The useof variablelength
Markov modelallows usto efficiently encodehistory of visual unitsin long sequences.
Generatiorof new sequencesanbedonethanksto thecombinatiorof thegeneratiefea-
turesof boththe variablelengthMarkov modelandthe appearancenodel. Furthermore,
the useof variablelengthMarkov modelfor learninghelpsusto betterunderstandvhat
is goingonwith themodel. Thereareno hiddenvariablesor hiddenstates.

However, the transitionbetweenvisual units hasto be smoothed For thetime being,
somejumpsare perceptiblein the generatedequencesAnotherimprovementthat can
bedoneis to modify the modelsothatit handlesoutliersandtimingsin a betterway.

In ourfuturework, we planto usetwo active appearanceodelswith the sameframe-
work in orderto modelinteractiondetweernwo personspeakingogetheiin aninterview
typescenaridn asimilar mannetrto [6].
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(b) Generatedequence

Figure5: Figure5(a) representsomeframesextractedfrom the video sequenceisedto
train the model, while figure 5(b) representsomeframesextractedfrom the sequence
generatedby themodel.
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