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Abstract
We describea mixture densitypropagationalgorithmto estimate

3D humanmotion in monocularvideosequencesbasedon obser-
vations encodingthe appearance of image silhouettes. Our ap-
proach is discriminative rather than generative, therefore it does
not require the probabilistic inversion of a predictiveobservation
model.Instead,it usesa large humanmotioncapture data-baseand
a 3D computergraphicshumanmodelin order to synthesizetrain-
ing pairs of typical humancon�gurationstogetherwith their realis-
tically rendered 2D silhouettes.Theseare usedto directly learnto
predicttheconditionalstatedistributionsrequiredfor 3D bodypose
tracking and thus avoid using the generative 3D model for infer-
ence(the learneddiscriminativepredictors can also be used,com-
plementary, as importancesamplers in order to improve mixing or
initialize generative inferencealgorithms). We aim for probabilis-
tically motivatedtracking algorithmsand for modelsthat can rep-
resentcomplex multivaluedmappingscommonin inverse, uncertain
perceptioninferences. Our paper has three contributions: (1) we
establishthedensitypropagation rules for discriminative inference
in continuous,temporal chain models;(2) wepropose�exible algo-
rithmsfor learningmultimodalstatedistributionsbasedoncompact,
conditionalBayesianmixture of expertsmodels;and(3) wedemon-
strate thealgorithmsempiricallyon real andmotioncapture-based
testsequencesandcompareagainstnearest-neighborandregression
methods.

Keywords: density propagation, mixture modeling, hierarchical
mixture of experts,3D humantracking, Bayesianmethods,sparse
regression.

1 Intr oduction and Moti vation

We considerthe problemof trackingandreconstructing(in-
ferring) 3D articulatedhumanmotionin monocularvideose-
quences.This is a challengingresearchtopic with a broad
setof applicationsfor sceneunderstanding,but our argument
applies more generally to temporal state estimationprob-
lems. Approachesto tracking and modelingcan be classi-
�ed as generative and discriminative. They are similar in
thatbothrequirea staterepresentation( � ) , herea 3D human
modelwith kinematics(e.g. joint angles)or shape(surfaces
or joint positions),andthey bothusea setof imagefeatures
asobservations( � ) for stateinference.(Often,a trainingset,
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sampledfrom thejoint distribu-
tion is available.)Thecomputationalgoalfor bothapproaches

is common:theconditionaldistribution, or a point estimate,
for themodelstate,givenobservations.

Generative algorithms typically modelthe joint distribu-
tion usinga constructive form of thetheobserver: theobser-
vation likelihoodor cost function. Inferenceinvolvescom-
plex searchover thestatespacein orderto locatethepeaksof
thelikelihood,e.g. usingnon-linearoptimizationor sampling.
Bayes'rule is thenusedto computethestateconditionalfrom
theobservationconditionalandthestateprior. Learningcan
bebothsupervisedandunsupervised.This includespriorson
the state[10, 12, 21], dimensionalityreduction[22] or esti-
matingtheparametersof theobservationmodel(e.g. texture,
ridgeor edgedistributions)usingproblem-dependent,natural
imagestatistics[19]. Temporalinference(tracking)is framed
in a clear probabilisticandcomputationalframework based
onmixtureor particle�lters [13, 10, 25, 21, 26].

It hasbeenarguedthat generative modelscan�e xibly re-
constructcomplex unknown motionsandcannaturallyhan-
dle problemconstraints.It hasbeencounter-arguedthatboth
�e xibility andmodelingdif�culties leadto expensive,uncer-
tain inference[10, 25, 23, 21], and that a constructive form
of theobserver is somewhat indirectwith respectto thetask,
that requiresconditionalstateestimationandnot conditional
observationmodeling.

Theseargumentsmotivatethecomplementarystudyof dis-
criminati vealgorithms [7, 17, 20, 18, 2] thatmodelandpre-
dict the stateconditionaldirectly in order to simplify infer-
ence.Predictionhoweverinvolvesmissing(state)data,unlike
learningthat is supervised.But learningis alsodif�cult be-
causemodelingperceptualdatarequiresadequaterepresenta-
tionsof highly multimodaldistributions.1 While this implies
that,strictly, the inversemappingfrom observationsto states
is multi-valuedandcannotbefunctionally(andglobally) ap-
proximated,severalauthorsmadeinitial progressby treating
it so [20, 4, 17, 28, 2]. Someapproachesconstructeddata
structuresfor fast nearest-neighborretrieval [20, 4, 28, 17]
or learnedregressionparameters[2]. Inferenceinvolved ei-
therindexing for thenearest-neighborsof theobservationand
usingtheir statefor locally weightedpredictions,direct pre-

1This re�ects thestructureof theproblemandnot a particularmodeling.
E.g. think of conversationsobserved from a side, wheregesturespointing
towardsor away from thecameraarecommon.Humanscaninitiate a large
varietyof motionsstartingfrom passive (e.g. stand-up)positions.Many state
trajectorieswill intersectandproduceambiguityin suchregions.
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diction using the learnedregressorparameters[2], or af�ne
reconstructionfrom joint centers[17].

Amongdiscriminativemethods,anotableexceptionis [18],
who clusteredtheir datasetinto soft partitionsand learned
functionalapproximations(perceptrons)within each. How-
ever, clusterwisefunctionalapproximation[9, 18] is only go-
ing halfway towardsa multivaluedinversionbecauseinfer-
enceis not straightforward. For new inputs,clustermember-
shipprobabilitiescannotbecomputedasduring(supervised)
learning,becausethestateis missing.Thejoint mixturecoef-
�cients arenotusefuleitherbecausethey arethe�x edcluster
membershipaveragesover thetrainingset.Thereforetheex-
tent to which eachperceptronis good at predictinga given
outputis not easyto compute.On theotherhand,averaging
predictionsfrom multipleperceptronscangiveunsatisfactory
results(see�g. 2 for a discussion).Nevertheless,themethod
is usefulasa proposalmechanism,e.g. duringgenerative in-
ferencebasedon quadrature-styleMonte-Carloapproxima-
tions andindeedthis is how it hasprimarily beenused[18].
A relatedmethodhasbeenproposedby [11], whereamixture
of probabilisticPCAis �tted to thejoint distributionof multi-
view silhouettesandcorresponding3D pose,andreconstruc-
tion is basedon MAP estimates.In this multi-imagesetting
thestateconditionalcouldbeunimodal,but conditionalcom-
putationrequires,in principle,applicationof Bayes'rule and
marginalization[24].

To summarize,it hasbeenarguedthatdiscriminativemod-
els provide fast inference and interpolate �e xibly in the
trainedregion. But they canfail on novel inputs,especially
if trainedusingsmall datasets.Increasingthe trainingsetor
thecomplexity of motioninevitably leadsto multimodalstate
conditionals( � 3). But learningsuchdistributionsis dif�cult
andmostexiting methods[20, 28, 11, 2] areunimodal. Fi-
nally, discriminativemethodslackaclearprobabilistictempo-
ral estimationframework thathasbeensofruitful with gener-
ativemodels[13, 10, 25]. Existingtrackingalgorithms[28, 2]
involve per-framestateinference,possiblyusingestimatesat
previoustimesteps[28, 2], but do not rely on a provensetof
independenceassumptionsor propagationrules.Whatdistri-
butionsshouldbemodeledandhow shouldthey becombined
for optimalsolutions?

Theresearchwe presenthasthr eecontributions:
(1) We proposea probabilisticframework and derive the

densitypropagationrulesfor inferencein discriminative,con-
tinuouschainmodels. The key ingredientsof this approach
are: (a) the structureof the model (see�g. 1 and � 2.1); (b)
the representationof local, per-nodeconditionalstatedistri-
butions (see(2) below and � 2.2); (c) the belief propagation
(chain inference)procedure( � 2.1). Herewe work paramet-
rically (and analytically) to predict andpropagateGaussian
mixtures[23]. Alternatively, non-parametricbelief propaga-
tion methodslike [26, 21] canbeappliedto solve (c).

(2) We describeconditional Bayesianmixture of experts

representations2 that allow �e xible discriminative modeling.
Thesearebasedonhierarchicalmixtureof experts[14, 29, 6],
an elaboratedversionof clusterwiseor switchingregression
[9, 18], wherethe expert mixture proportions(calledgates)
arethemselvesobservation-sensitivepredictors,synchronized
acrossexpertsto give properlynormalizedstatedistributions
for any input observation. Inferenceis simple, contextual,
and producesmultimodal stateconditionals. Our learning
algorithm is different from the one of [29] in that we use
sparsegreedyapproximations,and differs from [6] in that
weusetype-II maximumlikelihoodBayesianapproximations
[15, 27], andnot structuredvariationalones.

(3) We demonstratethe proposedalgorithmson real and
motioncapture-basedtestsequencesandpresentcomparisons
with nearestneighborandregressionmethods.

2 Formulation

We work with discriminative graphicalmodelswith a chain
structure,as shown in �g. 1, Thesehave continuoustem-
poral states ��� , �

� ���������

, prior �

�

��� � , observations
�	� . For notational compactness,we also consider joint
states 
��

� �

��� ����
 �

�����

� ����� or joint observations ���

�

�

�����

�����

����� � . Learningand inferenceis basedon local con-
ditionals: �

�

����� ��������� , �

�

����� ����� , and�

�

����� ��������������� .

2.1 Discriminati veDensityPropagation

Figure 1: A discriminative chain model reversesthe direc-
tion of thearrowsthatlink thestateandtheobservation,com-
paredwith a generative one. The stateconditionals�

�

����� ��� �

or �

�

��� � ������� ����� � canbe learnedusingtrainingpairs,anddi-
rectly predictedduring inference. Instead,a generative ap-
proachwill modelandlearn�

�

����� ����� anddoa morecomplex
probabilisticinversionto compute�

�

��� � �	��� via Bayes'rule.

For �ltering, we wish to computethe optimal distribution
�

�

����� ��� � for thestate��� , conditionedby observations��� up
to time � . The �ltered densitycanbederivedas(see[24] for
conditionalindependenceassumptionsimpliedby thegraphi-
cal modelin �g. 1 andfor a proof):

�

�

��� � ��� �

���������� 

�

�

��� � ��������� �	� �!�

�

������� � ������� � (1)

2An expertis any functionalapproximator, e.g. aperceptronor regressor.
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(In fact,(1) canbederivedmoregenerally, basedonapredic-
tive conditionalthatdependson a largerwindow of observa-
tionsup to time � [24].) In practice,we model�

�

� � � � ����� � � � �

asa conditionalBayesianmixture of � experts(c.f. � 2.2).
Theprior �

�

� ����� � � ����� � is alsorepresentedasamixturewith
� components.To computethe �ltered posteriorwe inte-
grate �


 pairwiseproductsof Gaussiansanalytically. This
requiresthelinearizationof ourgenerallynon-linear,but para-
metric,easilydifferentiablestateconditionals.Themeansof
theexpandedposteriorareclusteredandthecentersareused
to initialize a reduced� -componentapproximation,re�ned
usingvariationaloptimization[23].3

It is worth noticing thata discriminative corrective condi-
tional �

�

����� ������� ����� � canbe in practicemoresensitive to in-
correctprevious stateestimatesthan `memoryless'distribu-
tionslike �

�

� � � � � � . Howeverweassume,asin any probabilis-
tic approach,that the training andtestingdataarerepresen-
tative samplesfrom the true underlyingdistributions in the
domain.In practice,for improvedrobustnessit is straightfor-
ward to includean importancesamplerbasedon �

�

� � � � � � to
eq. (1), aswe alsousefor initialization (see � 3). Often it is
alsouseful to correctout-of-sampleobservations ��� (caused
e.g. by inaccuratesilhouettesdueto shadows) by projecting
onto �

�

� � . Out of sampleinputsor high entropy �ltered pos-
teriorscanbeindicative heuristicsof the lossof track,or the
absenceof thetargetfrom thescene.

2.2 BayesianMixtur eof Experts Model (BME)

This sectiondescribesour methodologyfor learning mul-
timodal conditionaldistributions for discriminative tracking
(e.g. �

�

��� � �	��� or �

�

��� � ������� ����� � in � 2.1). Our proposalis mo-
tivatedby theobservationthatmany perceptionproblemslike
reconstructionor trackinginvolve therecoveryof inverse,in-
trinsicallymultivaluedmappings.Staticor dynamicstateesti-
mationambiguitiestranslateinto multimodalconditionaldis-
tributions(�g. 2). To representthemwe useseveral`experts'
that are simple function approximators.The expertstrans-
form their inputs4 into outputpredictionsthat arecombined
in a probabilisticmixturemodelbasedonGaussianscentered

3It is possibleto useagenerative model,but expressthepropagationrules
in termsof discriminative conditionals,in orderto simplify inference[24]:
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where�����
�
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�
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�����

� . Implementing(2) requiresre-

cursively propagatingboth �����
�

� 	
�

� and�����
�

� (anequilibriumapproxima-
tion couldbeprecomputed),two mixturesimpli�cation levels, insidethe in-
tegrandandoutsideit throughthemultiplicationby ��������� ����� anda division
by ��� �

�
� (see[24] for details).

4The`inputs' canbeeitherobservations �!� , whenmodeling��������� ����� or
observation-statepairs � �

�����!"

�
�

� for �����
�

� �

������"

�
�

� . The `output' is the
statethroughout.Notice that temporalinformationwill beconsideredwhen
learning��� ���#� �

������"

����� .

aroundthem. Themodelis consistentacrossexpertsandin-
puts,i.e. themixing proportionsof theexpertsre�ect thedis-
tribution of the outputsin the trainingsetandthey sumto 1
for every input. Someinput domainscanbe predictedcom-
petitively by multiple expertsandwill have multimodalcon-
ditionals.Other`unambiguous'inputsmaybepredictedby a
singleexpert,with theotherseffectively switched-off, having
negligible probability(see�g. 2). This is therationalebehind
aBayesianmixtureof expertsandprovidesapowerfulmecha-
nismfor thecontextualmodelingof complex multimodaldis-
tributions.Formally this is describedby:
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Here � areinput or predictorvariables,� areoutputsor re-
sponses,

,

are input dependentgates,computedin termsof
regressorsc.f. (4), with weights'


 . Noticehow
,

arenormal-
izedto sumto 1 for consistency, by thesoftmaxconstruction,
for any given input � . Also � areGaussiandistributions(5)
with covariances%

���




, centeredat different`expert' predic-
tions,hereregressors5 with weights $ 
 . The parametersof
the gatesand the onesof the expertsarecollectively stored
in

�

' , $ �&% � . As in many Bayesiansettings[15, 27, 6], the
weights

�

' �#$ � , are controlledby hierarchicalpriors, typi-
cally Gaussianswith mean0, andhaving inversevariancehy-
perparameters

�:9

�#; � controlledby a secondlevel of Gamma
distributions. This givesan automaticrelevancedetermina-
tion mechanism[15, 27] that avoids over�tting, andencour-
agescompactmodelswith fewer non-zeroweightsfor ef�-
cientprediction.

Our learning algorithmfor the mixture of expertsmodel
is more complex, herewe omit detailsdue to spacelimita-
tions(see[24]). As in many predictionproblemsweoptimize
the parameters<

� �

$ �&% �&' �

9

�#; � to maximizethe log-
likelihood of a dataset,

� � 	��

� 
 ����
�� � �

� ��������� �

, i.e.
the accuracy of predicting � given � , averagedover thedata
distribution. For learning,a full Bayesiantreatmentwould
requireintegrationover all parametersandhyperparameters.
Becausethis is intractable,we designan iterative Bayesian
EM algorithmbasedon type-II maximumlikelihood[15, 27].
ThisusesLaplaceapproximationfor thehyperparametersand
analyticalintegrationfor theweights,whichin thissettingbe-
comeGaussian[15, 27].

Our algorithmproceedsasfollows. In theE-stepwe esti-
matetheposterior:

5We write the mixture using linear models to avoid clutter, but it is
straightforwardto usenon-linearkernels,aswedoin many experiments[24].
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Figure2: An illustrative dataset[6] consistsof about250 valuesof � generateduniformly in
���

�

�

� andevaluatedas �

�

���

� � ���
	�����
��

� ����� , with � drawn from azeromeanGaussianwith standarddeviation0.05.Noticethat �

�

� � � � is multimodal.
(a) Left shows the datacoloredby the posteriormembershipprobability � (6) of threeexpert kernelregressors.(b) Middle
shows the gates

,

(4), asa function of the input, but also the threeuniform probabilities(of the joint distribution) that are
computedby a clusterwiseregressor[9, 18]. (c) Rightshows how a singlekernelregressorcannotrepresentthis multimodal
distribution (it mayeitheraveragethedataor zig-zagthroughits multiplebranches,dependingon thekernelparameters).
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Thisgivestheprobabilitythattheexpert � hasgeneratedthe
data,andrequiresknowledgeof bothinputsandoutputs(there
is one � for eachexpert-trainingpair). In theM-stepwesolve
two weightedregressionproblems,one for eachexpert and
onefor its gate. The �rst learnsthe expert parameters$


 ,
basedon training data

�

, weightedaccordingto the current
membershipestimates� . The secondoptimizationteaches
the gates

,

how to predict � .6 Both solutionsarebasedon
ML-II, with greedy(regressorweight)subsetselection.This
strategy aggressively sparsi�es the regressorby eliminating
inputswith smallweightsaftereachiteration.

Infer ence (stateprediction) is straightforward using (3).
The result is a conditionalmixture distribution with compo-
nentsandmixing probabilitiesthat are input-dependent.In
�g. 2 we explain themodelusingan illustrative toy example
andshow therelationwith clusterwiseandsingleregressors.

3 Experiments

This sectiondescribesourexperimentsaswell asthetraining
setsandthe imagefeatureswe use. We show resultson real
andarti�cially renderedmotioncapture-basedtestsequences,
andgivecomparisonswith existingmethods.

Training Set,Model Representationand Image Features:
It isdif�cult toobtaingroundtruthfor humanmotionandeven
harderto train usingmany viewpointsor lighting conditions.
Therefore,to gatherdata,we useas others[18, 20, 2, 28],
packageslike Maya(Alias Wavefront),with realisticallyren-
deredcomputergraphicshumansurfacemodels,thatwe an-

6Predictionbasedontheinputonly is essentialfor inference,wheremem-
bershipprobabilities(6) cannotbecomputedbecausetheoutputis missing.

imate using humanmotion capture[1]. Our humanrepre-
sentation( � ) is basedon anarticulatedskeletonwith spheri-
cal joints, andhas56 d.o.f. includingglobal translation.Our
databaseconsistsof about3000samplesthatinvolveavariety
of humanactivities including walking, running, turns, ges-
turesin conversations,quarrelingandpantomime.We have
studiedempiricallyhow ambiguousa sampleof our training
datais. This is shown anddiscussedin �g. 3.

Our choiceof imagefeaturesis basedon previously de-
velopedmethodsfor shapeandtexture modeling[8, 17, 5].
We work with silhouettesandwe assumethat in realsettings
thesecanbeobtainedusinga statisticalbackgroundsubtrac-
tion method(weuseonebasedonseparatelybuilt foreground
and backgroundmodels,using non-parametricdensityesti-
mationandmotionsegmentation).Silhouettesareinformative
for humanposeestimation,althoughproneto certainambigu-
ities like theleft / right limb assignmentin sideviews or lack
of observability of someof the d.o.f., e.g.

�������

ambiguities
in the global azimuthalorientationfor frontal views. These
aremultipliedby intrinsic forward/ backwardmonocularam-
biguities [25] that are commonin many humaninteraction
scenarios.(While no imagedescriptorset is likely to easily
helpdiscriminatethem,this furthermotivatesour probabilis-
tic, multiplehypothesisapproach.)We useshapecontext fea-
turesextractedon the silhouette[5, 17, 2] (5 radial bins, 12
angularbins,with bin sizerange1 / 8 to 3 on log scale).We
also experimentwith pairwiseedgeangleand distancehis-
tograms[3] collectedinsidethe silhouette.The featuresare
computedat a varietyof scalesandsizesfor pointssampled
on the silhouette.To work in a commoncoordinatesystem,
we clusterall featuresin the trainingset into K=40 clusters.
To computetherepresentationof anew shapefeature(apoint
on thesilhouette),we `project' ontothecommonbasisby in-
versedistanceweightedvoting into the clustercenters. To
obtain the representation( � ) for a new silhouettewe regu-
larly sampleabout100pointson it' s contourandaddall their

4
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Figure3: Analysisof `multimodality' for a trainingset(the `numberof clusters'axison logscale):(a) Left: �

�

� ��� ����� (1912
clusters/ 2000points).(b) Middle: �

�

����� ��������� ��� � (1912clusters/ 2000points).(c) Right: �

�

��� � ��������� �	� � (1409clusters/ 2000
points). We clusterthe featuresandjoint anglevectors,independently, into a largenumberof clusters.We build histograms
for thenumberof joint angleclustersthat fall underthesamefeaturecluster. This quanti�es theambiguityin thedatabaseat
thefeatureandjoint angleclusterscale.We selectmany clustersto simulatetheeffect of smallperturbationsin the input. In
thosecasesany featureneighbor(not necessarilythedesiredone)maybe theclosestto an input silhouettequery. The input
neighborhoodinducesa distribution over clustersof joint angles.We noticethatevenat this �ne scale,theconditionalsare
multimodal. Decreasingthenumberof clustersin (c) sharplyincreasesmultimodality. Working with thepreviousstateand
the currentobservation (middle andright plot) doesnot eliminateambiguity. This is not wild, but severeenoughto cause
trackingfailureor signi�cant errorsduringinitialization (sowe observe in varioustests).We expectincreasingambiguityfor
largertrainingsets.A similar two-level clusteringstrategy is usedto initialize thelearningprocedurefor theBME models.We
initially clusterbasedon theinputcomponentsandthenseparatelyclusterthesampleswithin each̀ input' clusterbasedon the
outputcomponents.Thisaimsto avoid situationswheresingleexpertswould inconsistentlyrepresentmultiplebranchesof the
inverseposemapping(see�g. 2) leadingto modelsthatcorrespondto poorlikelihoodoptima.

featurevectorsinto a featurehistogram.This representation
is semi-local,rich andhasbeeneffectively demonstratedin
many applications,including texture recognition[8] or pose
prediction[17, 20, 2].

Comparisons: We compareour Bayesianmixtureof experts
(BME) conditionalmodelswith othercompetingmethodslike
weightednearestneighbor(NN) or the relevancevectorma-
chine(RVM) [27]. Our test setconsistsof a variety of hu-
manactivities obtainedusingmotion-captureandarti�cially
rendered.This providesgroundtruth andallows us to con-
centrateon thealgorithmsandfactorout thevariability given
by theimperfectionsof our humanmodel,or thenoisein the
silhouetteextraction in real images. The resultsare shown
anddiscussedin (thecaptionof) table1. In generaltheBME
modelgivesbetteraverageestimatesandsigni�cantly lower
maximumerrors.Noticealsothatfor thepurposeof thecom-
parisonwehaveonly consideredthemostprobableprediction
of theBME. However, while thecorrectsolutionis notalways
predictedasthemostprobable,it is oftenthecasethat is still
presentamongthetop modespredictedby theBME, seee.g.
�g. 4c. For probabilistictracking,this`approximatelycorrect'
behavior is desirablebecausethecorrectsolutionwill still be
propagatedwith signi�cant probability. We notice that de-
spitetransientdistraction,themodeloften recoversthemost
probablesolutionduringsubsequentframes.

Real Image Sequences.Picking and Dancing: In �g. 5, we
show the resultof trackinga real imagesequenceconsisting
of 2 secondsof video,60 fps. Our experimentsinvolve both
Bayesiansinglehypothesistrackingbasedona singleexpert,

propagatedusing(1), aswell asmultiple hypothesestracking
basedonaBME modellearnedusing5 expertsthatareregres-
sorswith RBFkernelsanddegreeof sparsityvaryingbetween
5%-25%. We initially testedthe single hypothesistracker.
This tracksthebeginningof thesequencebut fails shortlyaf-
ter, asits inputkernelsstop�ring dueto anout-of-rangeinput
predictedfrom theprevioustimestep(see[24] for imagesand
details). To factorout the effect of imperfectsilhouettesor
initialization7 andto make surethat failure is dueto motion
or featurerepresentationambiguities,we also attemptedto
reconstructa similar sequenceusingarti�cially renderedim-
ages,generatedfromamotiontrajectoryin thedatabase.Even
in thatcase,thesinglehypothesistracker failed. In �g. 5 we
show resultsusinga 5-modeBME tracker that successfully
reconstructsthemotion.While thereconstructionis perceptu-
ally plausible,thereareimperfections,possiblyre�ecting the
biasintroducedby our trainingset– e.g. noticethat theknee
of the model is tilted outward whereasthe kneeof the hu-
manis tilted inward. We alsoobservepersistentmultimodal-
ity for thosejoints moreactively moving, e.g. theright wrist,
theright femurandtheright shoulder, whichhave,quitecon-
stantly, about5 modesin their posterior. In general,in the
beginningof thesequencethereis moreambiguityfor almost
all thejoints, but it tendsto decrease(but not disappear)dur-
ing tracking. However, the joints that areoccludedor very
muchprojectinsidethesilhouettetendto havepersistentam-
biguitiesperhapsdueto folds in clothing,or shadows.

7We initialize using the conditional �����
�

� �
�

� , learnedusingBME. For
singlehypothesistracking,weselectthemostprobablecomponent.

5



�

�

��� � ����� �

�

����� ��������� �	� �

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 7.5/ 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 7.5/ 49 7.5/ 43 7 / 41

Table1: Comparativeresultsshowing RMSerrorsperjoint angle(averageerror/ maximumjoint averageerror)in degreesfor
two conditionalmodels,�

�

����� �	� � and�

�

����� ������� ����� � . We comparethreedifferentalgorithmson motion-capture,synthetically
generatedtestdata(we selectthebestcandidatefor eachtestinput, thereis no probabilistictracking,but �

�

� ��� ��������� ��� � has
memory). The algorithmsare: NN (nearestneighborwith soft stateweighing,proportionalto the inversedistanceto input
feature),RVM (relevancevectormachine),BME (Bayesianmixture of experts,with mostprobablemodeselected).We use
severaltrainingsets:walking diagonalw.r.t. to theimageplane(train 300,test56), complex walking towardsthecameraand
turningback(train 900, test90), runningparallelto the imageplane(train 150,test150),conversationinvolving somehand
movementandturning(train 800,test160),pantomime(1000train,100test).Thetraininghasbeendoneseparatelyfor each
sequence,to limit ambiguity, andwe initialize from groundtruth. This favors unimodalapproaches,especiallywhenusing

�

�

� � � � ����� ��� � � , asthey maynot recover from anincorrectinitialization. NoticethatBME hastypically smalleraverageerrors
andsigni�cant smallermaximumerrors.Thelargemaximumerror for runningseemsconsistentacrossvariousmethodsand
correspondsto theright handjoint. For theBME, weonly measuretheerrorw.r.t. themostprobablemodebut weobservethat
evenwhenthis is not themostlikely, it is still amongtheprobableonespredicted(see�g. 4c).
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Figure4: Quantitative trackingresultsfor thedancingsequence.(a) Left: shows themaximumandminimumdistancefor the
modesof theroot joint verticalaxisrotationangle.Theminimumdistanceis only informatively shown, it doesnotnecessarily
re�ect modesthatwill survive themixturesimpli�cation. Most likely, modesthatclustertogetherwill collapse.(b) Middle:
sameas(a) for the left femur. (c) Right: shows theaccuracy of our mixture predictor. Notice that themostprobablemode
accordingto themodelis notalwaysthemostaccurateone.

We concludewith experimentswhere we reconstructa
morechallengingdancingsequenceconsistingof 400frames.
We include300 framesin the trainingsetandteston 100of
them. Imageresultsareshown in �g. 6, whereasquantitative
resultsareshown in �g. 4. Althoughtheposeswe reconstruct
arenot geometricallyperfectandtherearesometimeserrors
at the handsandthe legs, the BME predictionstill captures
theunderlying3dposesin a perceptuallyplausibleway.

4 Conclusions

We have presenteda mixturedensitypropagationframework
for temporalinferenceusingdiscriminative models. We ar-

guedthat despitetheir success,existing methodsdo not of-
fer a formal managementof uncertaintyand we explained
why currentrepresentationscannotmodel multivaluedrela-
tionshipsthat arepervasive in inverse,perceptionproblems.
We contribute by establishingthe densitypropagationrules
in discriminative, continuous,temporalchainmodelsandby
proposingcompactBayesianmixtureof expertsmodelscapa-
bleof representingmultimodalconditionals.Weshow results
onrealandsyntheticallygeneratedimagesequences,andgive
comparisonsagainstnearestneighborand regressionmeth-
ods. Our study suggeststhat �e xible conditionalmodeling
and uncertaintypropagationare both essentialfor success-
ful reconstruction.We hopethat this researchwill bring dis-
criminativeandgenerativetrackingalgorithmscloserandhelp
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Figure5: First row: Original imagesequence.Secondrow: Imagesilhouettes.Third row: Reconstructionseenfrom thesame
viewpointusedfor training,Fourthrow: Reconstructionseenfrom asyntheticviewpoint. Noticethatdespitenoisysilhouettes,
ourprobabilistictrackerbasedonBayesianmixtureof experts(BME) conditionalscanreconstructthemotionwith reasonable
perceptualaccuracy (however, thereareimperfections,e.g. theright kneeof thesubjectis tilted inward,whereastheoneof the
modelis tilted outward).A singlehypothesisBayesiantracker failson thesamesequence(see[24]).
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Figure6: Trackingand3dreconstructionof adancingsequence.(a) Toprow showsoriginal imagesandsilhouettes;(b) Bottom
row showsreconstructionsfrom training(left) andnew syntheticviewpoint (right).

stimulatea fruitful debateon their relative advantageswithin
a commonprobabilisticframework.
Futur e Work: We plan to do a detailedsensitivity analysis
w.r.t. motionsandshapesthat deviate from the training set.
Wealsostudyalternative,morecompactstateandfeaturerep-
resentationsbasedon dimensionalityreduction,and investi-
gatescalingaspectsfor largemotioncapturedatabases.Other
researchdirectionsinvolvereconstructingmultiplepeopleand
handlingocclusionsanddifferentobservationrepresentations.
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