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Abstract

We describea mixture densitypropagationalgorithmto estimate3D humanmotionin monocularvideo
sequencedyasedon observationencodingthe appeaanceof image silhouettes.Our approach is discrim-
inative rather than genemtive, therefore it doesnot require the probabilistic inversion of a predictiveob-
servationmodel. Instead,it usesa large humanmotion captuie data-baseand a 3D computergraphics
humanmodel,to synthesizdraining pairs of typical humancon gurations,togetherwith their realistically
rendeed 2D silhouettes.Theseare usedto directly learnthe conditionalstatedistributionsrequiredfor 3D
bodyposetracking, andthusavoidusingthe 3D modelfor inference We aim for probabilistically motivated
tracking algorithmsand for modelsthat can estimatecomplex multivaluedmappingscommonin inverse
uncertainperceptioninferences.Our paperhasthreecontributions: (1) we clarify the assumptionsind de-
rive the densitypropagationrulesfor discriminatveinferencein continuoustempoal chain models;(2) we
propose e xible representationgor learningmultimodalconditional statedistributions, basedon compact
Bayesiammixture of expertsmodels;and (3) we presentempirical resultson real and motioncapture-based
testsequencesndgive comparisonggainstnealest-neighboandregressiormethods.

Keywords: densitypropagation, mixture modeling hierarchical mixture of experts, 3D humantradking,
Bayesiammethodssparseregression.

1 Intr oduction and Moti vation

We considerthe problemof trackingandreconstructinginferring) 3D articulatedhumanmotion
in monocularvideo sequencesThis is a challengingresearchopic with a broadsetof applica-
tionsfor scenaunderstandingyut our agumentappliesgenerallyto temporalestimatiorproblems.
Approachedgo trackingandmodelingcanbe classi ed asgeneative anddiscriminative They are
similar in that both requirea staterepresentationherea 3D humanmodelwith kinematics(e.g.

joint angles)and/orshape(e.g. surfacesor joint positions),andthey both usea setof imagefea-
turesasobsenationsfor stateinference.Their computationagoalis alsocommon:the conditional
distribution (or a point estimatefor the modelstate givenimageobsenrations.

Generative algorithms requirea constructre form of the the obserer (the obseration like-
lihood or costfunction), and explicitly usethe 3D modelfor inference. This processs comple
and searcheshe statespacein orderto locatethe peaksof the likelihood (e.g. usingnon-linear
optimizationor sampling). ThenBayes'rule is usedto computethe modelstateconditionalfrom
the obsenration conditionalandthe stateprior. Learningin theseframewvorks canbe both unsu-
pervisedand supervised.This includespriors on the state[13, 20, 44], dimensionalityreduction



[10, 58, 60, 47] or learningthe hyperparametersf the obseration model(e.g. texture andcolor,
ridge or edgedistributions using problem-dependentaturalimage statistics,etc) [19, 43, 4Q].
Temporalinference(tracking)is framedin a clearprobabilisticandcomputationaframework, e.g.
mixture or particle lters andbeyond|[23, 44, 13, 51,22, 53].

It hasbeenarguedthatgeneratie modelscan e xibly reconstruccomple« unknavn motions,
andcannaturallyhandleproblemconstraints.lt hasbeencounteramguedthatboth e xibility and
modelingdif culties leadto expensve, highly-uncertaininferenceq13, 44, 51, 48], andthata
constructre form of the obserer is somavhatindirectwith respecto the problemat hand,which
requiresconditionalstateestimatiorandnot conditionalobseration modeling.

Theseagumentsmotivate the complementargtudyof discriminative algorithms [9, 34,42,
39, 3, 2, 15], thataim to estimatethe stateconditionaldirectly in orderto simplify inference.For
this purpose,they work supervisedand usea setof examples(samples),

from the joint distribution of typical 3D humancon gurations pairedwith their 2D
imageappearancé.e. obserations) , andfocuson modelingonly this ‘relevant' datadistribution.
Inference pnthe otherhand,involvesmissingdata,unlike learningthatis supervisedBut learning
is alsodif cult, becausenodelingperceptuatiataoftenproducesighly multimodaldistributions.
[44, 48, 47]1 While this impliesthat, strictly, the inversemappingfrom obserationsto statess
multi-valuedand cannotbe functionally approximatedseveral methodsaimedto do so[42, 5, 34,
57, 3, 2]. Someauthorsconstructediatastructuredor fastnearest-neighbaetrieval [42, 5,57, 34]
or learnedregressionparameterg3, 2, 15]. Inferenceinvolved eitherindexing for the nearest-
neighborsof theobserationandusingtheir statefor locally weightedpredictionsdirectprediction
usingthelearnedegressoparameter§s, 2, 15], or af ne reconstructiorirom joint center432, 54,
34].

Amongdiscriminatve methodsanotableexceptionis [39], who clusteredheir dataseinto soft
partitionsandlearnedunctionalapproximationge.g. perceptronsr regressorsyvithin each.How-
ever, clusterwisdunctionalapproximatiori37, 12,39 is only goinghalfway towardsa multivalued
inversion,becauseanferenceis not straightforvard. The problemis thatthe modelrepresentshe
joint distribution andnot the conditional. Therefore for new inputs,cluster/ perceptrormember
shipprobabilitiescannotbe computedasduring (supervised)earning,becaus¢he stateis missing.
Thelearnedmixture coefcients arenot usefuleitherbecaus¢hey are(the x ed)averagesverthe
trainingset. Thereforeit is not clearwhatapproximatoior setof approximatorso usefor ary nev
obsenration. Variouspost-hocstratgiesbasedon nding input clusterneighboramaybe used but
thesefall out of the estimatednodelthatis not optimizedto consistentl}computesuchqueries.On
theotherhandaveragingacrosdifferentclusterpredictorscangive poorresults(see g. 2 for adis-
cussion).Neverthelessclusterwiseregression37, 12, 39 is usefulasa proposalmechanisme.g.
duringgeneraiie inferenceébasednquadrature-styl®onte-Carloapproximationsandindeedhis
is how it hasbeenprimarily used[39]. A relatedmethodhasbeenproposeddy [30], wherethey t
amixture of probabilisticPCA to thejoint distribution, consistingof silhouettefeaturesn multiple
views pairedwith their 3D pose,andreconstructusingMAP estimatesin this imagingsetting the
stateconditionalcould be unimodal but missingdatamakesinferencenonentirelytrivial.

To summarizeit hasbeenarguedthatdiscriminatve modelscanprovide fastinferenceandcan
interpolate e xibly in the trainedregion. But they canfail on novel inputs, especiallyif trained

This re ects the structureof the problemandnot a particularmodeling. E.g. think of corversationsbsered from
a side,wheregesturegointing towardsor awvay from the cameraare common. Humanscaninitiate a large variety of
motionsstartingfrom passie (e.g. stand-up)positions. Mary statetrajectorieswill intersectand produceambiguityin
suchregions.



using small datasets.Increasingthe training setor the compleity of motion inevitably leadsto
multimodal stateconditionals(seealsoour 3). But learningsuchdistributionsis dif cult, and
mostexiting methodg42, 57, 30, 3, 2, 15] areunimodal. Finally, discriminatve methodslack a
clearprobabilistictemporalestimationframework thathasbeensofruitful with generatte models
[23, 13, 43, 51]. Existingtrackingalgorithms[38, 57, 3, 2, 15] involve perframe stateinference,
possiblyusingestimatest previoustimestepg57, 3, 2, 15], but do notrely onaprovedsetof inde-
pendencassumptionsr propagationrules. Whatdistributionsshouldbe modeledandhow should
they be combinedfor optimalsolutions?This problemis non-trivial andthe answerhasimportant
implicationsfor the correctnessf trackingresults.

Thework we presenhasthr eecontributions:

1. We proposea probabilisticframevork andderie the densitypropagatiorrulesin discrim-
inative, continuous temporallychainedmodels. Thereexist, of course belief propagation
algorithms[22, 53] thatin principle apply to ary graphicalmodel. However, they havent
beenusedin a discriminatve trackingframevork, andwe are not aware of prior work that
derived conditionalsthat are relevant for this problem. Also, differently from [22, 53], we
work parametricallyto estimateandpropagatemixtures.

2. WedescribeBayesiarconditionalmixtureof experts representationthatallows e xible dis-
criminatve modeling.Ouralgorithmsarebasedon hierarchical24, 28, 61, 7] andjoint mix-
ture of experts[63, 59|, which areelaborated/ersionsof clusterwiseor switchingregression
[37, 12, 39], wherethe expertmixture proportiongcalledgates)arethemselesobsenration-
sensitve predictors,synchronizedacrossexpertsto give properlynormalizedstatedistribu-
tionsfor ary inputobseration. Inferences simpleandproducesnultimodalstatecondition-
als. Learningis differentfrom [61] in thatwe usesparsegreedyapproximationsanddiffers
from [7, 59] in thatwe usetype-Il maximumlikelihood Bayesianapproximationg33, 56,
andnot structuredvariationalones.

3. We demonstrateur methodsfor real and motion capture-basetkest sequencesand give
comparisonsvith nearesheighborandregressiormethods.

2 Formulation

Wework with discriminatve graphicaimodelswith achainstructureasshavnin g. 1, Thesehave

continuousemporalstates , prior , obserations . For notationalcompact-
nesswe alsoconsiderjoint states or joint obserations
Learningandinferences basedn local conditionals: , ,and

2.1 Discriminati ve Density Propagation

For ltering, we wishto computethe optimaldistribution for thestate , conditionedby

obserations uptotime . The ltered densitycanbedervedas:

(1)

2An expertis ary functionapproximatore.g. a perceptroror regressar
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Figurel: A discriminatve chainmodel(a, left) reverseghedirectionof thearravsthatlink thestate
andthe obsenration, comparedwith a generatre one(b, right). The stateconditionals or

canbelearnedusingtrainingpairs,anddirectly predictedduringinference Insteada
generatie approact{b) will modelandlearn anddoamorecomple probabilisticinversion
to compute via Bayes'rule.

Proof

Thefollowing propertiescanbeveri ed visuallyin g. 1a,usinga Bayesball algorithm:

2)
3)
4)
5)
In this modelthe obserationsare mamginally independent Notice how this is differentfrom

ageneratie chainmodel( g. 1b), wherethe obserationsareconditionallyindependentgiventhe
states.

(6)
(7)
(8
wherein thelastline we used:
4
®)
In practice,we do estimationusing the mixture conditionalsfor (a Bayesian
mixture of expertsc.f. 2.2) andthe prior , eachhaving, say = components.We

rst integrate  pairwiseproductsof Gaussiananalytically Thisrequireghelinearizationof our
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(generally)non-lineay but parametric(i.e. easily differentiable)stateconditionals. The meansof
this expandedoosteriorareclusteredandthe centersareusedto initialize areduced -component
approximatiorthatis re ned usingvariationaloptimization[48].

A ltering propagationrule like (1) canalsobe derived for a geneative chain modef ( g. 1b)
[46], wherewe directly learnobsenration-basedtateconditionals , to simplify inference:

— %)
with normalizationfactor and

The form (9) shavs a striking analogywith the generatie propagationone [18, 23] (based
onwhichit is derved), exceptfrom the unpleasanstate-dependermivision (weighting) by
thatresultsfrom the applicationof Bayes'rule to invert the generatre conditional . Over
long time series, approacheshe stateequilibrium distribution, under conditionaldynam-
ics and an approximationcould be precomputed.But (9) remainsmore comple to
implement. It requiresrecursvely propagating andcomputing , two mixture sim-
pli cation levels (insidethe integrandandoutsideit throughthe multiplication by ), anda
division (weighting)by . Ontheotherhand requiresmoretrainingdatabecause
of higherinputdimensionalit§. In would beinterestingo studysuchpracticaltrade-ofs, aswell as
the subtledifferencebetweerestimatedasedon discriminatve andgeneratie chainmodels(with
differentindependencpropertied46]), but we will not pursuethis here.

2.2 BayesianMixtur e of Experts (BME)

This sectiondescribesur methodologyfor learningmultimodal conditionaldistributionsfor dis-
criminative tracking(e.g. , or in 2.1). Ourproposais motivated
by the factthat mary perceptionproblemslike reconstructioror trackinginvolve the recovery of
inverse,intrinsically multivaluedmappings.Staticor dynamicstateestimationambiguitiestrans-
late into multimodalconditionaldistributionsin g. 1. To representhem,we useseveral "experts'
thataresimplefunctionapproximatorsThe expertstransformtheir inputs® into outputpredictions
thatarecombinedn a probabilisticmixture modelbasedn Gaussiansenteredaroundthem. The
modelis consistenficrossexpertsandinputs,i.e. the mixing proportionsof the expertsre ect the
distribution of the outputsin the training set,andthey sumto 1 for every input. Somedomains
canbe predictedcompetitiely by multiple expertsandwill have multimodal conditionals. Other
“unambiguousinputsmay be predictedby a singleexpert,with the otherseffectively switched-of,
having negligible probability (see g. 2). Thisis therationalebehinda Bayesiarmixture of experts
andprovidesa powerful mechanisnior contextual modelingof complex multimodaldistributions.
Formally thisis describedy:

Notice that “explaining away' [27] preventsa simple factorizationof in (1), for the discriminatve
chainmodelin g. 1a,basedn and . While and aremamginally independenthey become
conditionallydependenivhenobserving

“In fact, (1) canbederivedevenmoregenerally basecbn a predictive conditionalthatdependn alargerwindow of
obserationsuptotime [46].

5The inputs' canbeeitherobserations , whenmodeling , Statedor , Or obsenation-statepairs

for . The output'is the statethroughout.



(10)

where:
(11)
(12)
Here areinputorpredictorvariables, areoutputsorresponses, areinputdependenpositive
gates,computedin termsof functions , parameterizeddy ( shouldbe chosento be

boundedand producepositve , we give functionalchoicesin 2.2.2and 2.2.3). Notice how
are normalizedto sumto 1 for consisteng by constructionfor ary giveninput . Also are

Gaussiardistributions (12) with covariances  , centeredat different expert’ predictions,here
kernel( ) regressorsvith weights . The parametersf the modelincluding expertsandgates
arecollectively storedin . Asin mary Bayesiarsettingq33,

56, 7], theweights  (andgates ), arecontrolledby hierarchicapriors,typically Gaussiangvith
0 mean,and having inversevariancehyperparameters controlledby a secondevel of Gamma
distributions. This gives an automaticrelevancedeterminationmechanism33, 56] that avoids
over tting, andencouragesompacimodelswith fewer non-zeroweightsfor ef cient prediction.
Learning themixture of expertsmodelsis somavhatcomple, detailedmodelsandalgorithms
aregivenin the next sections.As in mary predictionproblemswe optimizethe parameters to
maximizethelog-likelihoodof a dataset, , I.e. theaccurag of predict-
ing given , averagedover the datadistribution. For learning,a full Bayesiartreatmentequires
computingposteriordistributions over parameteraind hyperparametersdBecausesxact computa-
tionsareintractablewe rely onapproximationgnddesigniteratve BayesiarEM algorithmsbased
ontype-ll maximumlikelihood[33, 56]. TheseuselLaplaceapproximatiorfor thehyperparameters
andanalyticalintegratetheweights,whichin this settingbecomeGaussiani33, 56.
Ouralgorithmsproceedasfollows. In the E-stepwe estimatethe posterior:

(13)

This givesthe probability thatthe expert hasgeneratedhe data,andrequiresknowledgeof
both inputs and outputs(thereis one for eachexpert-trainingpair). In the M-step we solve
two optimizationproblems,onefor eachexpertandonefor its gate. The rst learnsthe expert
parameters , basedon training data , weightedaccordingto the currentmembership
estimates (the covariances are estimatedfrom expert predictionerrors[61]). The second
optimizationteacheshegates how to predict .6 Thesolutionsarebasedon ML-II, with greedy
(regressomveight) subsetselection.This strat@y aggressiely sparsi esthe expertsby eliminating
inputswith smallweightsaftereachiteration[55, 56, 31].

Inferenceis straightforvard using (10). Theresultis a conditionalmixture distribution with
componentandmixing probabilitiesthatareinput-dependent.

SPredictionbasedon the input only is essentiafor inference wheremembershigprobabilities(13) cannotbe com-
putedbecausé¢he outputis missing.
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Figure 2. Expertsandgatestted usingdifferentmodels(seetext). Firsttwo rows shav results
usingthemodelin 2.2.2. The bottomtwo rows shav resultsbasedon modelsin 2.2.3. Notice
thattheestimategor theexpertsaresimilar, but the gatesaresomeavhatdifferent. However, despite
minor inaccuraciesall methodsproducewell- tted models,with outputdistributions closeto the
originaltrainingset.

In g. 2 we explain the Bayesianmixture of expertsmodelingthroughaniillustrative toy ex-
ample. We shaw differentmodelsthat uselinearand Gaussiarkernelexperts,aswell asdifferent
gatingfunctions,aspresentedh 2.2.2and 2.2.3.Ourdatasetshavn alsoin [7], consistsof about
250valuesof generatediniformlyin andthenevaluatedas , with

drawvn from azeromeanGaussiamwith standardieviation 0.05. Noticethat is multimodal.
The rst two rows shav amodel tted asin 2.2.2whereshelastusesamodeldescribedn 2.2.3.
(a) Firstrow; left shaws the datacoloredby the posteriormembershigrobability  (13) of three
expertkernelregressors(b) Firstrow, middleshavsthegates (11), asafunctionof theinput( rst



iteration),but alsothe threeuniform probabilitiesthatwould be computedby a clusterwiseregres-
sor[37, 12, 39]. (c) Firstrow, right shavs sampledrom a generatre conditionalmodelthathas
not yet corverged (secondgateiterationcorrespondindo (b). Notice the overestimatediariance
of the middle gatewith excesscontrikutionsaway from its true, central,input operatingrange.(d)

Secondow left givesthe mostprobableexpertasa functionof theinput aswell astheir weighted
averageusingtheuniform mixing coefcients of thejoint. (e) Secondow, middleshav thegatesat
convergenceg(f) Secondow, right shavs 400sampledgrom theestimatednodel.(g,j) Third/ Fourth

row, left shavs thedata tting usingamixture of Gaussiarkernel/ linearregressorsn 2.2.3.(h,k)

middleand (i,j) right shav the gatesanddatageneratedrom the model. In (k) we alsoshav the
mixing proportionsof thejoint, see 2.2.3.

2.2.1 Mixtur e of Experts Modeling Assumptions

Conditionalmixtureof expertsmodelsdiffer in theirassumptionabouttheinputdistribution andin
thewaythe(conditional)targetis computed Directmethodg$24, 28, 61, 7] estimateheconditional
directly usingEM doubleloop algorithms.InternalM-stepiterationis oftenrequired(at least)for
estimatinghe gateparameterssee 2.2.2.0theralgorithmsusedvariationalapproximationsn or-
derto boundthe conditionallikelihoodupdateandavoid iteratve M-steps[25]. Direct conditional
methodsoftendo not modelthe distribution over theinputs( g. 3a),althoughthis needsnotbethe
case Indirectmethod$63, 59 modelthejoint distribution, andoftenrepresentheirinputstochasti-
cally (g. 3b). Theconditionalcanin principlebe obtainedrom thejoint[37, 12, 39|, usingBayess
rule, conditioningand mamginalization(see 2.2.3). Earliermethodg39], however, assumedini-
form inputsanddid not computea conditional. Insteadthey clusteredhejoint distribution based
onthe accurag of expert (regressarperceptronpredictionsandworked with this representation.
In thenext two sectionswve describebothdirectconditionalmixture of expertsmodels.andindirect
joint methodshasedon randomregressionandgive their modelsandlearningalgorithms.

ol o
Figure 3: Graphicalrepresentationr two conditionalmodels. (a, left) direct conditionalmodel

(a, middle) doesnot include a distribution over the inputs ; (b, right) assumesoth inputsand
outputsarestochasticvariables.See g. 4 and g. 5 for detailson possiblemplementations.

2.2.2 BayesianConditional Mixtur e of Experts

In this conditionalmixture model,the datageneratiorprocessaassumes datapointsareproduced
by oneof  experts,selectedn a stochastiananner This canbe modeledby indicator (hidden)

variables where  islif theoutputdatapoint  hasbeen
producedby expert andzerootherwise . Themodelhasparameterandhyperparameterstoredin
, Where , with individual gateandexpert

predictorparametersye omit biastermsfor clarity. The conditionalprobability of output (of
dimension ) for input (of dimension ) is amixturemodelwith ~ components:

8
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Figure4: Thegraphicalmodelfor a conditionalBayesiarmixture of experts.

N

The probability of eachexpertis a Gaussiarcenteredt its prediction , Where is
avectorof kernelfunctions:
(15)

The conditional(prior) probability of selectingexpert , giventheinput only, is implemented
using softmax. This ensureghat the expert outputsare probabilisticallyconsistenipositve and
sumto 1), for ary giveninput:

(16)

The conditional(posterior)probability of selectingexpert , givenboththeinput and
the output ,Is:

(17)

The posterioris only available during learning. For inference(prediction)basedon (14), the
learnedprior (16)is used.

Thegateandexpertweightshave Gaussiarpriorscenteredat zero,with variancecontrolledby
asecondevel of Gammahyperpriors.This avoidsover tting andprovidesanautomaticrelevance
determinatiormechanismencouragingompacinodelswith few non-zercexpertandgateweights,
for ef cient prediction[33, 35, 56, 7]:

— (18)

— (19)

Gamma (20)



Gamma (22)

Gamma _ (22)

Theparameters aresetto and to give broadhyperpriorg7, 33,35, 56].

We train our BME modelin a maximumlikelihood frameavork using EM. We work with a
completedataset , including the obsered training data  and the hiddenvariables
Giventhe currentvaluesof the parameters, the E-stepcomputeghe distribution over the hidden
variables . This is doneusing (17). The M stepmaximizesthe expectedvalue of the
completedatalikelihood . ThisEM schemeanbe castin avariationalframevork where
we optimizethe divergencethatinvolvesthe intractablejoint and
anapproximateseparabléactorization (dependenconinput is omitted):

(23)

Thisis equivalentto minimizing thevariationalfree enegy:

(24)
where:

(25)

(26)
Optimizing involvesthecomputatiorof  Gaussiardistributionsfor theweights

of eachexpert. Onepossibility followedin [61] is to usea weightdecayprior (correspondingo
ridgeregressionjandnotan ARD mechanismin this case gstimatingthe expertparametertéeads
to convex least-squareproblemswhereasestimatingthe gatesrequiresLaplaceapproximations.
Instead ,we usesparsepriors andthis makesboth problemsnon-cowex. For the experts,we use
Laplaceapproximationfor the hyperparametergé ) and analytically integratethe weights( ),
thatin this settingbecomeGaussiarj33, 35, 56]. For the gateswe computea setof  Gaussian
distributions usingLaplaceapproximationpy maximizingthe cross-entrop betweernthe
posteriorprobability and the posteriorprobability (17) [28]. This is basedon an iterative
procedure(the equationdor the gatesare coupled)that usesa second-ordedampedtrust region
optimizationmethod[17, 14] andnotIRLS [28]. Thisdouble-loopalgorithmis summarizedelov
[28, 61]:

1. E-step: For eachdatapair computeposteriors for each
expert , usingthe currentvalueof parameters

10



2. M-step: For eachexpert, solve weightedregressionproblemwith data
andweights to update . ThisinvolvesLaplaceapproximatiorfor
the hyperparametersndanalyticalintegrationfor theweights,andoptimizationwith greedy
weightsubseselection55, 56, 31].

3. M-step: For eachgatingnetwork , solve regressiorproblemwith data to update

. Thisinvolvesmaximizingthe cross-entrop between and , with sparsepriorson

the gateweightsandgreedysubsetselection55, 56, 31]. We uselLaplaceapproximatiorfor
the hyperparametersndfor theweights.

4. Iterateusingthe updatedparametevalues

2.2.3 Mixtur e of Experts basedon Random Regressionand Joint Density

A differentapproacho estimatea conditionaldistribution is to modelthe joint distribution over
inputsandoutputsandthenobtainthe conditionalusingBayes'rule. While thismodelis somavhat
indirect, potentiallywastefulof resourcesi.e. moredif cult to estimatedueto higherdimension-
ality, working with a Gaussiammixture easesomeof the computationsyhich in this casecanbe
performedanalytically Assumefor generality a full covariancemixture modelof the joint distri-
bution over input-outputpairs , givenby (33)and(35):

(27)

Theconditional canbeobtainedrom (27) usingBayes'rule:

(28)

The Gaussiarfamily is closedundermaiginalization. This removeslines and columnsfor the
variableshatareintegrated. The numeratoiis obtainedoy Gaussiartonditioning:

(29)

(30)

Working with a mixture mixture of regressorsfurther constrainghe generaform above. As-
suminga distribution over both inputsand outputs,the mixture of randomregressiong41, 59| is
givenby thegraphicalmodelin g. 5. It is a constrainedoint mixture modelwith componenpro-
portions , inputmeansandcovariancematrices andexpertparameters (as
in theconditionalmodelof 2.2.2).

11
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Figure5: Thegraphicaimodelof ajoint mixturebasedn randomregression.
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For a mixture of randomlinear regressionamodel, with parameters
, thejoint distribution is:

(31)

Theconditionaldistribution overtheresponses, giventhecovariates in themixtureof linear
regressionsnodelis:

(32)

Proof: We write the joint distribution as a mixture model, with Gaussiannput and output
maiginal components:

(33)
T - (34)
Denotethe quadratidorm in theexponentof (33)as , andrewrite it as:
X (35)
X
X (36)

12



X X (37)

(38)

Thejoint covariancematrix for component,  is:

(39)

Thejoint distribution (33) canthusbe shavn to give (31), asclaimed.However, at rst glance,
it is not obvious why the conditionalshouldhave the form in (32). It indeedquali es asa gate
functionwith mixing proportionsthatarepositve andsumto 1. Themixing proportions of the
joint alsoappeainsidetheformulafor thegates. Authorsworkingwith thisform (32), e.g. [63, 59|
introducedit asasonecorvenientparametricchoiceof gatefunction, motivatedby simpli ed es-
timationandimproved input modeling,now measuredvith error(see g. 4, g. 5). Moreover, the
conditional(32) is preciselythedistribution obtainedirom thejoint (31) usingBayes'rule. By re-
placingthemeansandcovariance®f themixtureof linearregressionsn (31)and(39), into (29), we
obtain(32). Therefore gstimatingthe joint modelin (33) givesthe necessarparametergor com-
putingthe conditionalusing(32). To estimatethe joint model,we introducehiddenvariableswith
similar interpretationasfor the conditionalin 2.2.2. Thenthejoint distribution over parameters,
hyperameterandcompletedata canbewritten, similarly with (25), using(33) as:

(40)

(41)
Thegatedistributionis:

(42)
Basedon (13) and(42), the posteriordistribution over the hiddenvariabless:

(43)

(44)

Themixing proportionsmeansandcovariancaupdatecanbeobtainedoy maximizingthecross-
entrofy betweertheprior andtheposterior [28, 63]:
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(45)

(46)

(47)

1. E-step: For eachdatapair computeposteriors  (43), for each
expert , usingthe currentvalueof parameters

2. M-step: For eachexpert, solve weightedregressionproblemwith data

andweights to update . ThisinvolvesLaplaceapproximatiorfor
the hyperparameterand analyticalintegration for the weights. Optimizationusesgreedy
weightsubseselection55, 56, 31].

3. M-step: For eachgatingnetwork , computemixing proportionsmeansandcovariancesdy
maximizingthecross-entrop between and . Theupdatesregivenby (45),(46) and(47).

4. Iterateusingthe updatedparametewalues

A note on mixtur e of expertsalgorithms. Bothalgorithmsgivenin 2.2.2and 2.2.3areuseful
for estimatingcompactonditionalmixtureof expertsmodels.They arebasedn differentassump-
tions’ randomnessn the input andthey have differentcomputationadlemands.The conditional
modelin 2.2.2requiresinternal M-step iterationswhen estimatingthe parameter®f the gates.
But computingthe gatesfor predictionhascompleity where controlsthe sparsity
of eachexpert, e.g. in our experiments. The randomregressionmodel 2.2.3givesa
someavhatsimplerM-stepwhenlearningthe gatesalthoughcomputationallythis involvesinverting
possiblylarge covariancematrices.Gatecomputatiorhas compl«ity (boththesemaybe
simpli ed usingsparsitypriorsontheinputmeansandcovariancese.g. usingWishartdistributions
[59], but thefactoris cubicin the input dimensionvs. quadraticin the direct conditionalmodel).
Thesdifferencesnaynotbesigni cant for moderatenputdimensionsput maybeimportantwhen
trainingconditionaldike , for high-dimensionastateandfeaturespaces.

3 Experiments

This sectiondescribesour experimentsaswell asthe training setsandfeatureswe use. We shav
resultson realandarti cially renderednotioncapture-basetéstsequencesndgive comparisons
with existing methods.

Training Set,Model Representationand Image Featureslt is dif cult to obtaingroundtruth for
humanmotionandevenharderto train usingmary viewpointsor lighting conditions.Thereforefo

"More subtleissuesconcernthe approximatiorcapacityof the gatesandtheir positivenessandintegrability, aswell
astherelationbetweertheresultingconditionalandthejoint.

14



gatherdata,we useasothers[39, 42, 3, 2, 57], packagedike Maya (Alias Wavefront), with realis-
tically rendereccomputergraphicshumansurfacemodelswhich we animateusinghumanmotion
capturg1]. Ourhumanrepresentatiof ) is basedn anarticulatedskeletonwith sphericajoints,
andhasb56 d.o.f. including global translation. Our databaseonsistsof about3000 sampleghat
involve a variety of humanactvities including walking, running, turns,gesturesn corversations,
quarrelingandpantomime.

We have donean empiricalanalysison how ambiguousa 2000sampletraining subseis. This
is shavn anddiscussedn g. 6.
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Figure6: Analysisof ‘multimodality’ for atrainingset(the ‘numberof clusters'axisonlogscale):
(a) Left: (1912 clusters/ 2000 points). (b) Right (1912 clusters/ 2000
points). (c) (1409 clusters/ 2000 points). We clusterthe featuresandjoint angle
vectorsjndependentlyinto alarge numberof clusters We build histogramsgor the numberof joint
angleclustersthatfall underthe samefeaturecluster This quanti es how muchambiguityis there
in the databaseat the featureand joint angleclusterscale. We selectmary clustersto simulate
the effect of small perturbationsn the input. In thosecasesary featureneighbor(not necessarily
thedesiredone)maybetheclosestto aninputsilhouettequery Theinput neighborhoodnducesa
distribution overjoint angles.We noticethatevenatthis ne scaletheconditionalsaremultimodal.
Decreasinghenumberof clustersgn (c) sharplyincreasesnultimodality Workingwith theprevious
stateandthe currentobsenration (middle andright plot) doesnot eliminateambiguity Thisis not
wild, but severe enoughto causetrackingfailure or signi cant errorsduring initialization (sowe
obsere in varioustests).We expectincreasingambiguityfor largertraining sets.

Our choiceof imagefeatureds basedon previously developedmethodsfor shapeandtexture
modeling[11, 34, 6, 34]. We work with silhouettesandwe assumehatin real settingsthesecan
be obtainedusing a statisticalbackgroundsubtractionmethod(we use one basedon separately
built foregroundandbackgroundnodelsusingnon-parametriclensityestimatior{16, 8]), or from
motion sggmentation. Silhouettesare informative for humanposeestimation[45, 49], although
proneto certainambiguities(e.g. theleft / right limb assignmenin sideviews) or occasionalack
of obsenrability of someof thed.o.f. (e.q. ambiguitiesin the globalazimuthalorientationfor
frontal views). Theseare multiplied by intrinsic forward/ backward monocularambiguities[51]
thatarecommonin mary humaninteractionscenario$. As imagefeaturesye useshapecontexts
extractedon the silhouette[6, 34] (5 radial bins, 12 angularbins, with bin sizerangel/8to 3 on
log scale). We have also experimentedwith pairwiseedgeangleanddistancehistogramd4, 42

8While no imagedescriptorsetis likely to easily help discriminatethem, this further motivatesour probabilistic,
multiple hypothesisapproach.

15



collectedinsidethesilhouette. Thefeaturesarecomputedat a variety of scalesandsizesfor points
sampledon the silhouette.To work in a commoncoordinatesystemwe clusterall featuresn the
training setinto clusters(in our experiments). To computethe representatioof a nev

shapdeature(a point on the silhouette) we “project’ ontothe commonbasisby (inversedistance)
weightedvoting into the clustercenters.To obtainthe representatior ) for a new silhouettewe

regularly sample(about100) pointsonit's contourandaddall their featurevectorsinto a feature
histogram. This representatiois semi-local,rich and hasbeeneffectively demonstrateth mary

applicationsjncludingtexturerecognition[11] or poseprediction[34, 42, 3, 2].

Figure7: Af nity matricesfor (from left to right, on eachrow) joint angles(JA), externalcontour
shapecontet (SC) andinternalcontourpairwiseedge(PE) silhouettefeatures:(a) Top row: side
walk. Notice the periodicity aswell asthe higherfrequenciesn the (SC) matrix causedy half-
cycle ambiguitiesfor silhouettes(b) Middle row: complex walk; Bottomrow: corversations.The
joint angleandimagefeaturescorrelatefar less.

ComparisonsWe compareour Bayesiammixture of experts(BME) conditionalmodelswith other
competingmethoddik e weightednearesneighbor(NN) or the relevancevectormachine(RVM)
[56]. Ourtestsetconsistsof a variety of humanactvities obtainedusingmotion-captureandar
ti cially rendered.This providesgroundtruth andallows usto concentraten the algorithmsand
factoroutthevariability givenby theimperfectionsof ourhumanmodel,or the noisein the silhou-
etteextractionin realimages. The resultsareshavn anddiscussedn (the captionof) tablel. In
generalour BME givesbetteraverageestimatesandsigni cantly lower maximumerrors,andthe

16



errorscanstill be reduced.Sincethe testsdo not useary form of temporalcoherenceit is clear
thata multiple hypothesigracker andsmootheicansigni cantly improve theresults especiallyfor

aBayesiammultiple hypothesisnethodlik e ours,wherewe explicitly modeluncertainty It maybe

the casethat occasionallythe incorrectmodewasselectedbut this may be far lessoftenthe case
in tracking, becauseof composingwith the temporalprior. Variousvisual resultsfor thesetests
areshavn in: g. 8 (walking); g. 9 (running); g. 10 (comple walk); g. 12,13(corversations);
g. 14 (pantomime).

Figure8: Reconstructiorof a walking sequenceising . Firstrow: original images;
Secondow: reconstructeghosesseenfrom the sameviewpoint.

Real Image SequencesWalking, Picking and Dancing We have alsorun Bayesiantradkers on
differentrealimagesequencewith humansdoing differentactuities like walking g. 15, picking
g. 17 anddancing g. 19. We track usingthe propagatiorrule in (9) and mixture of expertsin
2.2.3,with 5 hypothesesand the training set containsabout75 framesof side-vieved walking
amongexamples.Trackingwalking is successfulherewe shav framesfrom a 3ssequence§0fps.
Occasionallythereareleg assignmenambiguitiesthat may confusea unimodaltracker ascanbe
seenin the bottomrow of g. 15. Notice alsothatthe af nity matricesfor 3D joint anglesand
for imagefeaturescorrelatequite well ( g. 7), far betterthatfor othermotionslike corversations
or complex walking. This may give an intuition aboutthe dif culty of learningvariousinverse
mappingdor theseactvities.

In g. 17, we shav the resultof tracking a real image sequenceonsistingof 2 secondsof
video, 60 fps. Our experimentsinvolve both Bayesiansingle hypothesidracking usinga single
expert, propagatedising (1), aswell asmultiple hypothesesrackingbasedon a BME modelin

2.2.3,learnedusing5 expertsthatareregressorsvith RBF kernelsanddegreeof sparsityvarying
betweerb%-25%. We initially testedthe singlehypothesidracker. This failedto track,asshavn
in g. 16, mostlikely becausets input kernelsstop ring dueto an out-of-rangeinput predicted
from the previous timestep. To factorout the effect of imperfectsilhouettesor initialization®, and
to make surethat failure is dueto motion or featurerepresentatiommbiguities,we alsotried to
tracka similar sequenceisingarti cially renderedmagesgeneratedrom a similar motionin our

°In all casesye initialize usingthe conditional , learnedusing BME. For single hypothesigracking, we
selectthe mostprobablecomponent.
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Figure9: Trackinga ‘running' sequencesing . Firstrow: Originalimagesequence.
Secondow: Reconstructiorseenfrom the sameviewpoint. Third row: Reconstructiorseenfrom
a different syntheticviewpoint (notice how the right forearmslightly penetrateshe body in the
secondmageon the bottomrow).

databaseEvenin thatcase the singlehypothesidracler failed. In g. 17 we shav resultsfrom a
multiple hypothesiBME tracler, that successfullytracksandreconstructshe motion. While the
reconstructioris perceptuallyplausible thereareimperfections- e.g. noticethatthe kneeof the
modelistilted outwardwhereashekneeof thehumanistilted inward. In fact,we obsenre persistent
multimodality for thosejoints more actvely moving, e.g. the right wrist, the right femur andthe
right shoulder which have, quite constantly about5 modesin their posterior In general,in the
beginningof thesequencéhereis moreambiguityfor almostall thejoints, but it tendsto fadeaway
during tracking. However, the joints that are occludedor very muchprojectinsidethe silhouette
tendto have persistenambiguities.Somerelevantquantitatve resultsareshavnin g. 18.

We concludewith someexperimentavherewe trackandreconstructisingaBME traclker based
on the propagatiorrule (1) and conditionalmodelin 2.2.2. We work with a more challenging
dancingsequencend include about100 dancingexamplesin the training set. The resultsare
shavn in g. 19. Although the poseswe reconstruciare not geometricallyperfectandthereare
someerrorsatthearmsandlegs,they give goodperceptuatesults.Quantitatve trackingresultsare
shavnin g. 20.

4 Conclusions

We have presentec mixture densitypropagatiorframevork for temporalinferenceusingdiscrim-
inative models.We arguedthat despitetheir successexisting methodsdo not offer a formal man-
agemenbf uncertainty andwe explainedwhy currentrepresentationsannotmodel multivalued
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Figure10: Trackinga comple "walking, shale handandturning' sequenceising

Firstrow: OriginalimagesequenceSecondow: MostprobabIereconstructlor(hypothe3|s)seen
from the sameviewpoint. Third row: the secondmostprobablereconstructior{notice turn
ambiguitiesaswell asambiguitiesof thearmsandlegsthatvery muchresembldorward-backvard
ipping ambiguitieg51, 52.

—— Ground Truth
30 —+— P2 Most Probable
P2 Second Sol.

Left Hand Joint Angle ar

40 50 60 70 40 6
Time frame Time frame:

Figurell: Jointanglesfor acomplex walking sequencefa), left shavnin g. 10andcornversation,
(b) middleand (c) right, shavn in g. 12,13. Noticethatthe bimodalityin (a) cannotbe resohed
by anRVM or NN estimator Occasionallythereare errorsin the multiple hypothesisestimator
but theseare quite infrequent,about , andthesetruely re ect fundamental orientation
ambiguitiesfor very similar input features.In mary suchcaseghe correctposewill be eitherthe
rst or the secondmnostprobablemode. Notice also ambiguitiesin the corversationsequence
(b) asapparentn the secondmostprobablemode.

relationshipghatare penasie in inverse,perceptiorproblems.We contrilute by derving thein-
dependenceropertiesanddiscriminatve densitypropagatiorrulesin continuoustemporalchain
models,and by proposingcompactBayesianmixture of expertsmodelscapableof learningmul-
timodal conditionals. We shawv resultson real and syntheticallygeneratedmagesequencesand
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Figure12: ConversationsequenceEstimatesbtainedusing . Firstrow: Originalimage
sequenceSecondow: Most probablereconstructiorthypothesiskeenfrom the sameviewpoint.
Third row: Most probablereconstructiorseenfrom a differentviewpoint. Notice variousrecon-
structionerrors. Similar con gurationsmay be alsofound aslocal optimawhendoing inference
basedon generatre models. For silhouettefeaturesmary spuriouspeaksmay be eliminated(or
signi cantly dowvngradedusingmoreconsistenbbseration likelihoods[45, 49]. Thisis onead-
vantageof constructie obseration modelingin generatie approaches.

give comparisonggainshearesheighborandregressiommethods Our studysuggestshat e xible
conditionalmodelingand uncertaintypropagatiorare both essentiafor successfutracking. We
hopethat this work will bring discriminatve and generatre tracking algorithmscloser andhelp
stimulatea fruitful debateon theirrelative advantageswithin acommonprobabilisticframenork.
Future Work We planto do a detailedsensitvity analysisw.r.t. motionsandshapeshat deviate
from the training set. We will also studyalternatve, more compactstateandfeaturerepresenta-
tions basedon dimensionalityreduction,andinvestigatescalingaspectdor large motion capture
databases.
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NSFE

References

[1] CMU HumanMotion CaptureDataBase. Available online at http://mocap.cs.cmu.edu/seardmh
2003.

[2] A. Agarwal andB. Triggs. 3d humanposefrom silhouettesby RelevanceVector Regression.In IEEE
InternationalConfeenceon Computension and PatternRecanition, 2004.

[3] A. Agarwal andB. Triggs. Learningto trackhumanmotionfrom silhouettesIn InternationalConfer
enceon MachineLearning Banff, 2004.

20



Figure 13: Corversationsequence Estimatesobtainedusing . Firstrow: Original

imagesequenceSecondow: Mostprobablereconstructiorfhypothesisyeenfrom the sameview-

point. Third row: Most probablereconstructiorseenfrom a different viewpoint. Fourth Row:

Lessprobablereconstructiorseenfrom the sameviewpointasshavn alsoon rst andsecondows.

Noticethatthe perceptuallyincorrectestimatesretrading-of accurag of reconstructinghe legs

with the one of reconstructingarms. It may be the casethat no betterpredictionis available by

interpolatingbasedon thetrainingset. Cross-eer andtransplantingoperationdetweeriower and

upperbodypartsmayhelpenrichingthetrainingset[21], althoughgeneratingphysicallyconsistent
con gurationsmay be non-trivial withouta modelwhereconstraintcanbe expressednalytically

e.g. [50, 47].

[4] F Aherne,N. Thaclker, andP. Rocket. Optimal pairwisegeometrichistograms. In British Machine
Vision Confeence 1997.

[5] A. AthistosandS.Sclarof. Estimating3d handposefrom a clutteredimage.In ICCV, 2003.

[6] S.Belongie,J. Malik, andJ. Puzicha. Shapematchingand objectrecognitionusing shapecontexts.
IEEE Transactionson Pattern Analysisand Machine Intelligence 24, 2002.

[7] C.BishopandM. Swvensen. Bayesianmixturesof experts. In Uncertaintyin Arti cial Intelligence
2003.

[8] M. Black andP. Anandan. The Rolust Estimationof Multiple Motions: Parametricand Piecavise
SmoothFlow Fields. ComputeiVision and Image Understanding 6(1):57-92,1996.

[9] M. Brand. Shadev Puppetry.In IEEE InternationalConfeenceon Computeiision, pagesl237—-44,
1999.

21



Figure 14: Trackinga pantomimesequenceising . Firstrow: Original imagesequence.
Secondow: Most probablereconstructior(hypothesisgeenfrom the sameviewpoint. imageon
the bottomrow.

Sequence
NN RVM BME NN RVM BME
NORMAL WALK 4/20 |2.7/12 2/10 7/25 |3.7/11.2|2.8/8.1
COMPLEX WALK | 11.3/88 | 9.5/60| 4.5/20 75/78 | 5.67/20 | 2.77/9
RUNNING 7/91 | 6.5/86| 5/94 5.5/91 | 5.1/108 | 4.5/76
CONVERSATION 7.3/26 | 5.5/21|4.15/9.5| 8.14/29 | 4.07/16 3/9
PANTOMIME 7/36 | 7.5/53| 6.5/25 75149 | 7.5/43 7141

Tablel: Comparatre resultsshaving RMS errorsperjoint angle(averageerror/ maximumjoint

averageerror) in degreesfor two conditionalmodels, and . We compare
threedifferentalgorithmson motion-capturesyntheticallygeneratedestdata(we selectthe best
candidatefor eachtestinput, thereis no probabilistictracking, but hasmemory).
The algorithmsare: NN (nearesteighborwith soft stateweighing, proportionalto the inverse
distanceto input feature),RVM (relevancevector machine), BME (Bayesianmixture of experts,
with most probablemodeselected). We useseveral training sets: walking diagonalw.r.t. to the

imageplane(train 300, test56), complex walking towardsthe cameraandturning back(train 900,

test90), runningparallelto theimageplane(train 150,test150),conversationnvolving somehand
maovementandturning(train 800,test160),pantomimg1000train, 100test). Thetraininghasbeen
doneseparatelyfor eachsequenceto limit ambiguity andwe initialize from groundtruth. This

favorsunimodalapproachesspeciallywhenusing , asthey maynotrecoverfroman
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Figurel7: Firstrow: OriginalimagesequenceSecondow: Imagesilhouettes.Third row: Re-
constructionseenfrom the sameviewpoint usedfor training, Fourth row: Reconstructiorseen
from a syntheticviewpoint. Noticethatdespitenoisy silhnouettespur probabilistictracker basedn
Bayesiamixture of expert(BME) conditionalscanreconstructhemotionwith reasonablgercep-
tual accurag (however, thereareimperfectionse.g. theright kneeof the subjectis tilted inward,
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samesequenceseeg. 16.
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Figure 19: Trackingandreconstructiorof dancing. (a) Top row shavs original imagesand sil-
houettes;(b) Bottomrow shavs reconstructiongrom training (left) and new syntheticviewpoint
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