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Abstract

We describea methodfor learningclassesof facial motion
patternsfrom videoof a humaninteractingwith a comput-
erizedembodiedagent.Themethodalsolearnscorrelations
betweenthe uncovered motion classesand the current in-
teraction context. Our work is motivatedby two hypothe-
ses. First, a computeruser's facial displayswill be con-
text dependent,especiallyin the presenceof an embodied
agent. Second,each interactant will usetheir face in dif-
ferent ways,for different purposes.Our methoddescribes
facial motion using optical �ow over the entire face, pro-
jectedto thecompleteorthogonalbasisof Zernikepolynomi-
als. A context-dependentmixture of hiddenMarkov models
(cmHMM)clusters theresultingtemporal sequencesof fea-
ture vectors into facial displayclasses.We apply the clus-
tering techniqueto sequencesof continuousvideo,in which
a singlefaceis trackedandspatiallysegmented.We discuss
theclassesof patternsuncoveredfor a numberof subjects.

1 Intr oduction

Recently, thenotion that theprimary functionof facial dis-
plays is the expressionof emotionhasbeenchallengedby
psychologists,who have proposeda modelof humanfacial
displaysassignalsof socialintent (the Behavioral Ecology
View) [7]. They take thepositionthathumansusetheir face
asa way of communicatingthroughthemediumof a social
context. For example,the reasonsfacial displaysareused
in normalconversationsincludeboth semanticandsyntac-
tic supportof what the speaker is saying,as well as reac-
tions in the listenersface to offer supportof continuation
of the dialog [4]. Humancomputerinteractionresearchers
have alsomoved towardstheecologicalview, andhave fo-
cusedon interpretingthehumanfaceasa signalingmecha-
nism[3]. Thatthesameconclusionsapplyto bothgroupsof
researchersis not surprisinggiventhemediaequation[13]:
the principleswhich apply to inter-humancommunication
shouldapplyto human-computercommunication.

Analyzingfacialdisplaysascommunicativemechanisms
hasimportantrami�cations for the designof facial display
recognitionsystems.Facial displaysaredependenton the
momentarycontext in which thedisplayis shown [7]. Con-
text is de�ned asthe circumstancesrelevant to the display,

andmay includeconcurrentor proximatespeech,gestures,
or environmentalfactors.For example,eyebrowsaresome-
timesraisedduringconversationwhenthespeaker is think-
ing or remembering.However, eyebrows arealsoraisedin
backchanneldisplaysof acknowledgment,or whenanindi-
vidual is taking turn in a conversation[3]. In any case,the
observedfacialdisplaycarrieslittle meaningby itself, while
thecombinationof thecurrentcontext andtheobservedfa-
cial displayis meaningful.

Theparticularcon�gurationsandmotionsobservedin fa-
cial displaysareindividualdependent[4]. This individuality
of displaysis governedin partby cultural,educational,situa-
tionalandphysicalfactors[16]. Furthermore,althoughpeo-
plemayusesimilar facialdisplays,they usethemin dissimi-
lar situations.This impliesthatpre-de�ned,userandcontext
independentmodelsof facialdisplayswill not besuf�cient.
A facialdisplayrecognitionsystemmustadaptto theways
in whichaparticularhumanis usingtheir face.

Thispaperpresentsamethodfor adaptiveandcontext de-
pendentrecognitionof humanfacial displays. Our system
usesa color video camerato track the faceof a humanin-
teractingwith an on-screenembodiedagent.The inclusion
of an embodiedfaceis important,in orderto opena facial
displaycommunicationchannel(to give thehumana reason
to usetheir face). The motion in the human's faceis de-
scribedusingoptical �o w over the entireface,projectedto
thecompleteorthogonalbasisof Zernike polynomials.The
trajectoriesof the resultingfeaturevectoraremodeledus-
ing a context dependentmixture of hiddenMarkov models
(cmHMM). The cmHMM is a mixture of hiddenMarkov
models[14] augmentedwith an (observed) context which
conditionsthe mixture model. The cmHMM is trainedon
a setof unlabeledsequences,andextractsmodelsof salient
displaypatternsandof correlationswith thecurrentactions
of theembodiedagent(thecontext). Thisunsupervisedclus-
teringmethodallows for useradaptationandfor integration
of context. In this work, we examinewhatmotion patterns
canbeextractedwithout any prior informationaboutfacial
displays. However our Bayesianapproachcanbe incorpo-
ratedwith prior knowledgeof cross-individualstatistics.

Most human-computerinteraction systemsreact to a
small, pre-de�nedsetof userhandgestures,headmotions,
and facial displays[3]. Our work differs in that we make
no assumptionsaboutthefacialdisplaysa particularhuman
will be using. While researchershave examinedunsuper-



visedclusteringof humangesturesequences[17, 15], to our
knowledgenowork hasfocusedon facialdisplays.Wrenet.
al [17] investigateunderstandingpurposefulhumangestures
usingacombinationof akinematicmodelof humanmotion,
a mixtureof hiddenMarkov modelsanda high-level classi-
�er , similar to ourapproach.

Section2 showshow we obtainfeaturevectorsrepresen-
tativeof motionin theface.Section3 presentsthemixtureof
hiddenMarkov modelsasa clusteringtechniquefor tempo-
ral patternsof featurevectors,andshowshow to incorporate
context. Section4 presentsresultsfrom a numberof differ-
entsubjectsengagedin a facialdisplayimitation task.

2 Facial motion representation

Extracting a meaningfuland simple featurevector repre-
sentingthe humanfaceand the motion thereofcan be ap-
proachedin many ways. In this work, we focusonly on the
motionof theface,anduseaholistic representationover the
entirefacial region. We estimateoptical �o w betweensuc-
cessive images,andprojectthis �o w �eld over a trackedfa-
cial regionto thecompleteorthogonalbasisof Zernikepoly-
nomials,yielding a featurevector,
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. Thetrack
is updatedusingboth the recoveredoptical �o w andan in-
dependentestimateof the faceregion usingskin color seg-
mentation.

TheZernike representationdiffersfrom approachessuch
asEigen-analysis[11], or facialactionunit recognition[10]
in that it makesno commitmentto a particulartype of mo-
tion [9]. This is useful for adaptive recognition,andleads
to a transportableclassi�cationsystem(e.g. usablefor ges-
tureclustering).Althoughthetherecognitionof facialaction
units[10] givestheability to discriminatebetweenverysub-
tle differencesin facialmotion,it requiresextensivetraining
anddomainspeci�c knowledge.Wepreferto usearepresen-
tationwhich canbeextendedfrom simpleto complex given
the taskto be accomplished.For example,a systemwhich
only needsto recognizenodsof theheadcoulduseonly the
�rst orderZPs. More complex recognitiontasksneedonly
addasmuchrepresentationasis necessaryto distinguishthe
importantfacialdisplaysof aparticularuser.

We estimateoptical �o w betweena successive pair of
framesin a videosequenceusingthe robustgradient-based
regularizationmethodof [1]. This methodyields estimates
of �o w which aresmoothover patchesin the humanface,
preservingimportantdiscontinuitiesbut removing high spa-
tial frequency noisearisingfrom violationsof thebrightness
constancy assumption.After the �o w is computed,thecen-
troid andscaleof theareaof interestareestimated(seebe-
low) anda featurevectoris obtainedby projectingthe �o w
ontothebasisof Zernikepolynomials.

Zernike polynomialsare an orthogonalset of complex
polynomialsde�ned on the unit disk [12]. The lowesttwo
ordersof Zernike polynomialscorrespondto the standard
af�ne basis. The next orderpolynomialscorrespondto ex-
tensionsof the af�ne basis,roughly yaw, pitch androll, as

exploredin [2]. Higherordersrepresentmotionswith higher
spatial frequencies. The basisis orthogonalover the unit
disk, suchthat eachorder can be usedas an independent
characterizationof the�o w, andeach�o w �eld hasaunique
decompositionin the basis. Zernike polynomialsare ex-
pressedin polar coordinatesas a radial function, ���

������� ,
modulatedby acomplex exponentialin theangle,� :
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The orthogonalityof thebasisallows thedecomposition
of anarbitraryfunctionon theunit disk, #
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� , in termsof
auniquecombinationof Zernikepolynomials[12]:
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The coef�cients,
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� , of the decompositionof the
horizontalandvertical �o w estimates,A
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over thetrackedfacialregionarethusobtainedusing:
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the centroidandscalesof the region of interest. The �o ws
canbereconstructedfrom thecoef�cients usingEquation2.
Featurevectorsaresetsof thecoef�cients from Equation3.
The choiceof a particularsetto representthe �o w will de-
pendon the typesof �o ws beingmodeled[9]. This choice
is currentlymadeby the modeler, by removing the =

�ml

component(translation)andthenaddingasmany ordersas
canbesupportedby thedatain themodelingprocess.

Thetrackingproblemis to updatethefacialregionasde-
scribedbycentroidandscaleparameters/
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from oneframeto thenext. Weassumethatthereis only one
headpresentin all frames.We geta �rst estimatefrom the
�rst andsecondordercoef�cients of theprojected�o w:
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Updatesusingtheonly the�o w areproneto signi�cant drift
over any sequencelongerthanroughly600 frames(20 sec-
onds).Furthermore,severepermanenttracker failurecanbe
causedby adaptors, suchasscratchingtheface.Therefore,
we derive a correctionterm usingskin color segmentation.
WetransformtheRGBcolor imagesto HSV space,andseg-
mentusingsimplethresholdingin hueandsaturation.Me-
dian �ltering removesnoisyestimates,andtheresultingbi-
nary imageis projectedalonghorizontalandverticaldirec-
tions. The region of interestis thenestimatedby examin-
ing wheretheprojecteddistributionsfall below a threshold.
The centroidand scaleare then updatedusing a weighted
sumof theskin and�o w estimates.Thescaleandcentroid



for the initial frameof a sequenceis givenby theskin seg-
mentationprocedurealone. The top row in Figure1 shows
an exampletrack usingonly updatesbasedon optical �o w.
Thetracker performswell until errorsareintroducedby the
trackedindividual'shand,from which thetrackercannotre-
cover. Correctionusingtheskinsegmentation(shown in the
middlerow in Figure1) yieldsthetrackshown in thebottom
row in Figure1.

T=1200 1304 1338 1757
Figure1: Trackingusingonly �o w (top row). Skin segmen-
tation(middlerow) yield correctedtrack(bottomrow).

3 Clustering motion patterns

Oncewe have recovereda sequenceof featurevectors
� �

�
�

�
�	���
�

we wish to �nd andclassifythe trajectoriescorre-
spondingto salientfacialdisplays.Simultaneously, wewant
to modelthedependenceonthecurrentcontext. In thiswork,
wewill examinefacialdisplaysonly asreactionsto context.
A personis seatedin front of a screen,monitoredby a cam-
eramountedatopthedisplay. An on-screeneventat time ��� ,
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, is observedby thecomputeruser, who hasa reaction,
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, expressedin theface.Themeasurementof thisexpres-
sionis givenby somesub-sequenceof
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p . In
aparticularinteraction,therewill beasequenceof on-screen
events, �

�

�
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, which causea sequenceof reactions
� ��	

�
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�	� 	

�

. The time scalesof theseeventsareslower
thanthe time scaleof the video frameevents. The general
casewill have further temporaldependenciesbetweenthe
facialdisplayandcontext events,andmaybeasynchronous
in general[8]. The modelwe describeimplicitly assumes
that the context eventsde�ne time intervals for the facial
displays. This assumptionmay work well in many cases
(as it doesin Section4), sincefacial displaysare usually
timedwith othernon-facialevents[3]. In general,however, a
methodfor temporallysegmentingtheinputsequenceis nec-
essary. Previousauthorshaveapproachedthis temporalseg-
mentationproblemby exhaustive searchfor themostlikely
timescale[17, 16], or by searchingfor discontinuitiesin the
temporaltrajectories[15]. The completeBayesiansolution
involvesmaximizingover temporalsegmentations[6].

Our taskis now to clusterthe sequencesof featurevec-
tors,
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. We usea mixture of hiddenMarkov
modelsconditionedon thecontext variable

�

. The follow-
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Figure2: Mixture of hiddenMarkov modelsasa dynamic
Bayesiannetwork, includingcontext variable,

�

.

ing describesthis model,show how to learntheparameters
usingtheexpectation-maximization(EM) algorithm,andde-
scribestheinitializationprocedurewehaveused.Weassume
thatthenumberof classesof facialdisplaysis known.

3.1 Mixtur esof HMMs

Figure2 shows a time slice of the context dependentmix-
ture of hidden Markov models (cmHMM) as a dynamic
Bayesiannetwork. The descriptionof the entirevideo se-
quence(

�`� �
� �
�
� ���

) would be a seriesof such mod-
els, eachconditionedon an (observable) context variable
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. As a generativemodelof thecomputeruser,
wecandescribeFigure2 asfollows. Thecontext

�

prompts
the computeruserto perform facial display

	

. The state
of

	

thusgeneratedis a high level descriptionof the facial
displayto be performed(suchassmile or raiseeyebrows),
which itself generatesa sequenceof �

�
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��� dis-
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p . A state
���

generatesa
speci�c optical �o w description

�
�

from a Gaussiandistri-
bution over the spaceof suchdescriptions. The model is
describedby four conditionalprobability distributions: ini-
tialization( �

�
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� ), transition( �
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� fully con-
nected),observation ( �
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� parametrizedby full co-
varianceGaussiandistributions) and context ( �

�
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�

�

� ).
If we remove the context,

�

, and the conditioning link,
�

�

	
 

�

� , we recover a mixture of hiddenMarkov models
asdescribedin [14]. Thecontext variable,

�

, is an input to
thegenerativemodel,whichwill biasclusteringof theinput
sequencesaccordingto thecontext states,

�

. This distribu-
tion, �

�

	
 

�

� , will belearnedsimultaneouslywith theother
parametersin the model,andmodelsthe effectsof the on-
screeneventson theuser.

Givenasetof (temporallysegmented)featurevectors,
�

,
anda setof context variables, �

�

�
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, we wish to
learn the maximumlikelihood parametersof the mHMM.
That is, we want to �nd the model parameters," , which
maximizetheprobability
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We can use the expectationmaximizationalgorithm [5],
whichlowerboundsthisprobabilitydistributionwith afunc-
tion �

�

�

�

� , maximizesthisboundat thecurrentestimateof
the modelparameters," [ , (the 'E' step)giving �
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1, andthenmaximizesthebound
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over the model parameters," , (the 'M' step). We factor
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� andthe integral in Equa-
tion 4 becomes:
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The �rst term in Equation5 is the term that is maximized
for a mixtureof hiddenMarkov models,conditionedon the
(observed)variable

�

. Smyth[14] haspointedout that this
canbe achievedby clusteringthevariablesalongeachlink
from

	

to
�

variables.Theresultis asimplehiddenMarkov
model,with hiddenstatesgivenby thejoint variablej

�

�

	

k .
Theconstraintthat thevariable

	

doesnot changeover the
courseof the sequencecan be enforcedby initializing the
the transitionmatrix for the mixture model,

.

, as a block
diagonalmatrixwheretheblocksarethetransitionmatrices,
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� , for eachstate,; , of theclustervari-
able,

	

. The initial stateprobabilities, �
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� are then
chosento re�ect theweightsof themixture componentsas
givenby theconditionaldistribution �

�
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� .
Maximizing the secondterm in Equation5 updatesthe

parametrizedprobability distribution "('
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ter variable
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3.2 Initialization

TheEM algorithmperformshill climbing on the likelihood
surface, and thereforeis dependenton the initial choice
of the parameters.We usethe clusteringin log-likelihood
spacetechniquedescribedin [14]. It involves�tting a sim-
ple HMM to eachindividual sequence,evaluatingthe log-
likelihoodof eachsequencegivenevery simpleHMM, and
thenclusteringthe sequencesinto @ groupsusingthe log-
likelihooddistancematrix. We useagglomerativeclustering
with completelinkage(furthestneighborsmerging). Simple
HMMs arethen�t to eachof these@ clusters,andtheresults
areusedto initialize thematrix for the cmHMM. The con-
ditional probabilitiesof clustermembership,

	

, given the
context variables,

�

, areinitialized by countingthenumber
of observedstates

�

in eachcluster. Furtherdetailscanbe
foundin [8].

1Weomit explicit representationof A , for notationalease

4 Results

To evaluatethemodelpresentedin thelastsection,weasked
volunteersto perform a simple facial expressionimitation
task. They wereseatedin front of a computerterminalon
which an animatedcartoonshows facial displays. While
many facegenerationsystemsusecomplex 3D graphics,this
faceis a simplecartoon.This allows for fastrendering,and
doesnot detractfrom interactionquality, sincehumanswill
interactwith even the simplestof generatedfacesasa real
humanface[13]. Cartoondisplaysstartfrom a neutralface,
as shown in Figure 3(a), then warp to one of the 4 poses
shown in Figures3 for valuesof

�

�

K

�
�	� B

. Thesecar-
toon displayswill be referredto as

�

p

�
�	�

��C

in the follow-
ing. Theposeis heldfor roughlyasecond,andthefacethen
warpsbackto theneutralposewhereit remainsfor anaddi-
tional second.Althoughthesedisplaysmaybereminiscent
of so-calledprototypicalfacialexpressions, thedisplaysthey
elicitedwereclearlynotexpressionsof emotion,but only re-
actions

	

to contexts
�

. The subjectsweretold that their

(a)
�

p

�

a

��D ��C

Figure 3: (a) neutral face (C=1...4)Faceswhich subjects
weretold to imitate

taskis to imitatethesedisplays,andwereshown eachof dis-
playsinitially andtold to practiceimitating them.Oncethey
weresatis�ed with their imitations,they presseda key, and
thesystembeganrecordingavideosequencethroughaSony
EVI-D30 colorcameramountedabovethecomputerscreen.
While thesubjectswerebeingrecorded,thecartoonfaceper-
formeda seriesof 40 randomlyselectedfacialdisplaysover
aperiodof 2 minutes.

Zernike featurevectorswererecoveredfor the recorded
videos(3600frames),usingaselectedbasis(speci�cally ZP
coef�cients
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.

p

p
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o

9

p

p

�
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a

�
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9
a

a

). Thevideosweretempo-
rally segmentedusingtheonsettimesof thecartoondisplays
andtheresultingsequenceswereinput to theHMM cluster-
ing and training algorithmdescribedin Section3, using3

�

states(facial displaysare tri-phasic)and4 clusters(the
numberof displaysthesubjectsweretrying to imitate).The
Viterbi algorithmwasusedto assignclustermembership,

	

,
to eachsequence,which werethencomparedto theknown
classesof displaysthesubjectsweretrying to imitate.

In a cross-validationstudy, we found that the modeling
of thecontext informationdid not signi�cantly decreasethe
likelihoodsof testdata.Thesequenceswererandomlysplit
into 35trainingand5 testsequences20times,andcmHMMs
andmHMMs weretrainedon the trainingdata. The likeli-
hoodsof thetestdatawerethenevaluated.Theresults,aver-
agedoverthe20trialsandoverthe4 subjectswere E

K

� FHG

E

� l

and E�E

�

K

G

E

� l

for the cmHMM and the mHMM, respec-
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�

p 2 6 0 0
�

p 4 1 1 0
�

a

0 4 0 2
�

a

5 2 9 0
��D

0 0 0 12
��D

0 8 0 0
��C

7 0 7 0
��C

0 0 0 10
� �

Table1: Confusionmatrices:subjects
�

and
�

tively. However, qualitative analysisof the clusteringover
the full dataset for eachindividual showed the additionof
context did improvetheresults.

Only one subjectperformedsigni�cantly different dis-
playsin responseto

�

p and
�

a

. After theexperiment,most
subjectsreportedeitherthat they did not noticea signi�cant
differencebetweenthesetwo cartoondisplays,or that they
couldnot �nd awayto imitatethesecondone,

�

a

, dueto the
extremelydown-turnedmouth. The onesubjectwho accu-
ratelyimitated

�

a

tookmoretime to practicebeforestarting
theexperiment.Theclusteringresultsfor thisindividualcor-
respondedexactly with the setsof displayedcartoonfaces.
We will notdiscussthisonesubjectfurther, andshow repre-
sentativeresultsfrom two of theotherfour. Completeresults
canbefoundin [8]. Table1 shows theconfusionmatrix for
two subjects,in which eachrow is one

�

state(facial dis-
play on screen)andeachcolumn is onerecoveredcluster,

	

p

�
�
� 	

C

.
Considersubject

�

. ThecmHMM clusteredmostimita-
tionsof

�

p and
�

a

togetherin cluster
	

a

. Key framesfrom
two sequencesin this clusterareshown in Figure4. Scaled
�o w �elds reconstructedfrom thefeaturevectorsareshown
superimposed.The top sequencewas in responseto a

�

p

cartoondisplay, while the bottomonewasin responseto a
�

a

cartoondisplay. Figure5 shows the featurevector tra-

frame=2807 2819 2862

frame=2993 3006 3041
Figure4: Examplesequencesfor subject

�

. Sequenceswere
of frames2790-2880(toprow) and2970-3060(bottomrow)

jectoriesin two of the featurevectordimensions(
G

.

p

p and
o

9

p

p ) for thesetwosequences.Foreachvalueof D=2,3,4,the
threeGaussianoutputdistributions(for X=0,1,2)areshown
aslevel curvesof thecovariancematrix,andarelabeledwith
the D values. The

	 �

K model (not shown) hasa large
Gaussianwhich encompassesmostof theothers,andseems

to be modelingall thesequenceswhich do not �t well into
any of theotherthreemodels.Theremainingthreemodels
clearlypartitionthespaceevenly, describingverticalexpan-
sion andcontraction(D=4), horizontalexpansionandcon-
traction(D=3), anda combinationof both(D=2).
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(a) (b)
Figure5: ZP=1featurevectors(a),(b) correspondto topand
bottomrows in Figure4

Imitationsof
�

D

wereclusteredtogether, with two imita-
tionsof

�

a

in thesamegroupThese
�

a

imitationsequences
did not startin a neutralexpression(thesubjectwasstill re-
actingtoapreviouscartoondisplay).The

��C

imitationswere
split into two distinct groups(clusters

	

p and
	

D

), which
differedin theamountof eyebrow motionpresent.Figure6
showstwo sequenceswhichwereresponsesto

�
C

, but which
wereclusteredinto separategroups.The top row sequence
containsasigni�cant eyebrow raise(atframe108),while the
bottomonedoesnot. Figure7 shows thefeaturevectortra-

frame=108 114 162

frame=2341 2359 2416
Figure6: Examplesequencesfor subject

�

. Sequenceswere
of frames90-180(top row) and2340-2430(bottomrow).

jectories(again
G

.

p

p and o

9

p

p ) for thesetwo sequences.The
differenceis the additionaltrajectoryin Figure7(a) which
extendsinto thepositive A and F quadrant,andcorresponds
to theeyebrow raising.Themodelhasuncoveredthatthis is
a moreimportantdifferencein termsof �o w �elds thanany
differencesbetweenimitationsof

�

p and
�

a

.
Consider now subject

�

, whose confusion matrix is
shown in Table 1. This subjectattemptedto differentiate
between

�

p and
�

a

, while consistentlyperformingdisplays
�

D

and
�

C

. The
�

a

imitationsweresplit into two clusters:
thosethat weresimilar to the

�

p imitations,andthosethat
werenot. The

�

a

imitationsgroupedtogetherin cluster
	

D

containalmostno motionat all. Figure8 shows key frames
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Figure7: ZP=1featurevectors(a),(b) correspondto topand
bottomrows in Figure6

from threeexamplesequences.The top row is a
�

p imi-
tation in cluster

	

p , in which the facecontractsand then
expands. The secondrow is a

� D

imitation in cluster
	

a

.
The bottomrow shows whatwassupposedto be a

�

a

imi-
tationwhich clusteredwith the

� D

imitationsin cluster
	

a

.
Thereasonfor theapparentmis-classi�cationwasa natural
adaptorwhichoccurred(thesubjectbit herlip). Thesubject
also closedher eyes (seeframe 3405), and seemsto have
missedthe

�

a

cartoondisplay.

frame=1 13 79

frame=542 556 611

frame=3405 3415 3419
Figure8: Examplesequencesfor subject

�

. Sequencesare
frames0-90 (top row), 540-630(middle row), and 3330-
3420(bottomrow).

5 Conclusions

We have motivatedandpresentedan approachto adaptive
context dependentfacialdisplayrecognition.Weuseaholis-
tic optical �o w representationprojectedto a completeor-
thogonalbasisof Zernikepolynomials,which is aneffective
and a priori representationof facial motion. The cluster-
ing methodusesa mixtureof hiddenMarkov modelscondi-
tionedon a context variable. We have discussedthe appli-
cationof this methodto a simpleimitation experiment,and
have shown how it canuncoverclassesof facialdisplays.It
is worthnotingthattheemphasisoncontext alsoimpliesthat

therecognitionof facialexpressionduringspeechcannotbe
attemptedwithout anintegratedapproach[3, 4]. Theproba-
bilistic formulationof themodelswe proposeallow themto
beintegratedwith speechrecognition,andthusourmethods
arescalablein this importantdirection.
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