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Abstract

We presenta conditional temporalprobabilistic framework for reconstruct-
ing 3D humanmotion in monocularvideo basedon descriptorsencoding
imagesilhouetteobservations. For computationalef�ciency, we restrict vi-
sualinferenceto low-dimensionalkernelinducednon-linearstatespaces.Our
methodology(kBME) combineskernelPCA-basednon-lineardimensionality
reductionmethods(kPCA) and BayesianMixture of Experts(BME) in or-
der to learncomplex multivaluedpredictorsbetweenobservationsandmodel
hiddenstates. This is necessaryfor accurate,inverse,visual perceptionin-
ferences,whereseveral probable,distant3D solutionsexist dueto noise,or
theuncertaintyof monocularperspective projection. Low-dimensionalmod-
els areappropriatebecausemany visual processesexhibit strongnon-linear
correlationsin both the imageobservationsandthe target,hiddenstatevari-
ables. The learnedpredictorsaretemporallycombinedwithin a conditional
graphicalmodel, in order to allow a principled propagationof uncertainty.
We studyseveralpredictorsandempiricallyshow thattheproposedalgorithm
positively compareswith techniquesbasedon regression,KernelDependency
Estimation(KDE) or PCA alone,and gives resultscompetitive to thoseof
high-dimensionalmixturepredictorsat a fractionof their computationalcost.
We empirically show that the methodsuccessfullyreconstructsthe complex
3D motionof multiple humansin realmonocularvideosequences.

1 Intr oduction and RelatedWork

We considertheproblemof inferring3D articulatedhumanmotionfrom monocularvideo.This
researchtopic hasapplicationsfor sceneunderstandingincluding human-computerinterfaces,
markerlesshumanmotioncapture,entertainmentor surveillance.A monocularapproachis rel-
evantbecausein real-world settingsthehumanbodyis rarelyfully observable,evenwhenusing
multiple cameras,dueto occlusionsform otherpeopleor objectsin thescene.A robustsystem
hasto necessarilydealwith incomplete,ambiguousanduncertainmeasurements.Methodsfor
3D humanmotionreconstructioncanbeclassi�edasgenerativeanddiscriminative. They both
requireastaterepresentation,namelya3D humanmodelwith kinematics(joint angles)or shape
(surfacesor joint positions)andthey both usea setof imagefeaturesasobservationsfor state
inference. The computationalgoal in both casesis the conditionaldistribution for the model
state,givenimageobservations.

Generative model-basedapproaches[7, 20, 18, 17] have beendemonstratedto �e xibly recon-
structcomplex unknown humanmotionsandto naturallyhandleproblemconstraints.However



it is dif�cult to constructgoodobservationlikelihoods,dueto thecomplexity of modelinghuman
appearance.This varieswidely dueto differentclothinganddeformation,bodyproportionsor
lighting conditions.Besidesbeingsomewhat indirect, thegenerative approachfurther imposes
strict conditionalindependenceassumptionson the temporalobservationsgiven the states,in
orderto ensurecomputationaltractability. Due to all thesefactors,inferenceis expensive and
produceshighly multimodalstatedistributions[7, 20, 17]. Successfulinferencealgorithmsre-
quirecomplex annealingschedules[7, 17] or systematicnon-linearsearchfor local optima[20]
in orderto ensurecontinuingtracking.

Thesedif�culties motivate the advent of a complementaryclassof discriminative algorithms
[6, 14, 16, 9, 22, 8, 2], thatapproximatethestateconditionaldirectly, in orderto simplify infer-
ence.However, inverse,observation-to-state,multivaluedmappingsaremoredif�cult to learn
(seee.g. �g. 1a)andaprobabilistictemporalsettingis necessary. In anearlierpaper[19] wepro-
poseda probabilisticdiscriminative framework for humanmotion reconstruction.Becausethe
methodoperatesin theoriginally selectedstateandobservationspacesthatcanbetaskgeneric,
thereforeredundantandoften high-dimensional,inferenceis moreexpensive andcanbe less
robust. To summarize,reconstructing3D humanmotion in a conditionaltemporalframework

Figure1: (a, Left) Exampleof ������� ambiguityin predicting3D humanposesfrom silhouette
imagefeatures(center). It is essentialthat multiple plausiblesolutions(e.g. �

� and �

� ) are
correctlyrepresentedandtracked over time. A singleregressorwill eitheraveragethe distant
statesor zig-zagbetweenthem,seealsotables1 and2. (b, Right)A conditionalchainmodel.
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�� arelearned(�g. 2). For inference,thepredicted
local stateconditionalis recursively combinedwith the�ltered prior c.f. (1).

posesthe following challenges:(i) The mappingbetweentemporalobservationsandstatesis
multivalued(i.e. the local conditionaldistributionsto be learnedaremultimodal), thereforeit
cannotbeaccuratelyrepresentedusingglobalfunctionapproximations.(ii ) Humanmodelshave
multivariate,high-dimensionalcontinuousstatesof 50 or morehumanjoint angles.Giventhat
thetemporalstateconditionalsaremultimodal,ef�cient Kalman�ltering algorithmsdo not ap-
ply andmoregeneralinferencemethodshave to be used. Thesebecomecomplex, especially
whenreconstructingthe 3D motion of several peoplethat now operatein a augmented(joint)
representationspace.(iii ) Thecomponentsof thehumanstateandof thesilhouetteobservation
vector typically exhibit strongcorrelations. E.g. many repetitive humanactivities like walk-
ing or running have low intrinsic dimensionality, thereforeit appearswasteful to work with
high-dimensionalstatesof 50+ joint angles. Furthermore,even if the spacewere truly high-
dimensional,predictingcorrelatedstatedimensionsindependentlymaystill besuboptimal.

In this paper, we presenta conditionaltemporalestimationalgorithmthat restrictsvisual in-
ferenceto low-dimensional,kernel inducedstatespaces. To exploit correlationsamongob-
servationsand amongstatevariables,we model the local, temporalconditionaldistributions
usingideasfrom KernelPCA [15, 24] andconditionalmixturemodeling[10, 5], hereadapted
to producemultiple probabilisticpredictions. The correspondingpredictoris referredto asa
ConditionalBayesianMixture of Low-dimensionalKernel-InducedExperts(kBME). By inte-
grating it within a conditionalgraphicalmodel framework (�g. 1b), we can exploit temporal
constraintsprobabilistically. We demonstratethat this methodologyis effective for reconstruct-
ing the3D motionof multiple peoplein monocularvideo.Ourcontributionw.r.t. [19] is anovel
probabilisticconditional inferenceframework that operatesover a non-linear, kernel-induced
low-dimensionalstatespace,anda full setof new experimentson bothrealandarti�cial image



sequences,thatshow how theproposedframeworkpositively compareswith powerful predictors
basedonKDE, PCA,or with thehigh-dimensionalmodelsof [19], at a fractionof their cost.

2 Probabilistic Inferencein a Kernel Induced StateSpace

Weworkwith conditionalgraphicalmodelswith achainstructure[12], asshown in �g. 1b,These
havecontinuoustemporalstates� 
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2.1 DensityPropagationfor Continuous Conditional Chains
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� , eachhaving, say � components.We integrate �
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pairwise
productsof Gaussiansanalytically. Themeansof theexpandedposteriorareclusteredandthe
centersareusedto initialize areduced� -componentKullback-Leiblerapproximationthatis re-
�ned usinggradientdescent[19]. Thepropagationrule (1) is similar to theoneusedfor discrete
statelabels[12], but herewe work with multivariatecontinuousstatespacesandrepresentthe
local multimodalstateconditionalsusingkBME (�g. 2), andnot log-linearmodels[12]. In this
settinginferencecan't beperformedusingKalman�ltering or dynamicprogramming[12].

2.2 Learning Conditional BayesianMixtur esover Kernel Induced StateSpaces(kBME)

In orderto modelconditionalmappingsbetweenlow-dimensionalnon-linearspaces,werely on
kerneldimensionalityreductionandconditionalmixture predictors. In KDE [24] the authors
proposea structuredunimodalpredictor. This works by decorrelatingthe outputusingkernel
PCAandlearninga ridgeregressorbetweentheinputandeachdecorrelatedoutputdimension.

Ourprocedureis alsobasedonkernelPCAbut takesinto accountthestructureof thevisualprob-
lem, whereboth inputsandoutputsarelikely to be low-dimensionalandthemappingbetween
themmultivalued. The outputvariables��� areprojectedonto the columnvectorsof the prin-
cipal spacein orderto obtaintheir principalcoordinates��� . A similar procedureis performed
on the inputs 
�� to obtain �

� . In orderto relatethe reducedfeaturespacesof � and � ( � 	��! ��

and � 	��#"�� ), we estimatea probabilitydistribution over mappingsfrom trainingpairs 	

�

�

�

�
�

� .
We employ a Bayesianmixtureof experts(BME) [10, 23, 5], herelinearregressors,in orderto
accountfor ambiguitywhenmappingsimilar, possiblyidenticalreducedfeatureinputs,into very
differentfeatureoutputs,ascommonin ourproblem(e.g. see�g. 1a).This leadsto amodelthat
is a conditionalmixtureof low-dimensionalkernel-inducedexperts(kBME):
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� aretheparametersand
theoutputcovarianceof expert 2 , herea linearregressor. As in many Bayesiansettings[21, 5],
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spaces�  and � " , respectively. Their principalsubspacesobtainedby kernelPCA aredenoted
by � 	��# � and � 	�� " � , respectively. A conditionalBayesianmixtureof experts� 	 � �
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usingthe low-dimensionalrepresentation( � �

� � . Using learnedlocal conditionalsof the form
� 	 ��
 �

�


�� or � 	 ��
 � ��
��

� ���


�� , temporalinferencecanbeef�ciently performedin alow-dimensional
kernel inducedstatespace(seee.g. (1) and�g. 1b). For visualizationanderror measurement,
the�ltered density, e.g. � 	�� 
 � � 
 � , canbemappedbackto �
	�� 
 � � 
 � usingthepre-imagec.f. (3).

the weightsof the expertsandof the gates,.

' and ,

' , arecontrolledby hierarchicalpriors,
typically Gaussianswith 0 mean,andhaving inversevariancehyperparameterscontrolledby a
secondlevel of Gammadistributions.We learnthis modelusinga double-loopEM andemploy
ML-II typeapproximations[11, 21] with greedy(weight)subsetselection[21, 19].

Finally, thekBME algorithmrequiresthecomputationof apre-imagein orderto recovertheout-
put � distributionfrom it' s image�

�

� 	��
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� . This is aclosedform computationfor polynomial
kernelsof odddegree.For moregeneralkernelshowever, optimizationor learning(regression
based)methodsarenecessary[3]. Following [3, 24], we usea sparseBayesiankernelregressor
to learnthepre-imagemap.This is basedon trainingpoints 	�� �
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� . Sincetemporalinferenceis performedin the low-
dimensionalkernelinducedstatespace,thepre-imagefunctionneedsto becalculatedonly for
visualizingresultsor for thepurposeof errorreporting.Propagatingtheresultfrom thereduced
featurespace� 	��
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� into the outputspace� producesa Gaussianmixture with � elements,
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3 Experiments

We run experimentsonbothreal imagesequences(shown in �g. 5 and�g. 6), andonsequences
wheresilhouetteswere arti�cially rendered. Theseare advantageousbecauseof known 3D
groundtruth. Quantitative resultsareshown in tables1 and2, �g. 3 and�g. 4. Theprediction
error is reportedin degrees(for mixtureof experts,this is w.r.t. themostprobableone,but see
also�g. 4a),andnormalizedper joint angle,per frame. Themodelsarelearnedusingstandard
cross-validation.Pre-imagesarelearnedusingkernelregressorsandhaveaverageerror � �32 � .

Training Set and Model State Representation: Obtainingreal humanmotion training data
with 3D groundtruth is dif�cult, thereforein order to simplify this we gathertraining pairs
of 3D humanposestogetherwith their imageprojections,heresilhouettes,usingthe graphics
packageMaya(Alias Wavefront),with realisticallyrenderedcomputergraphicshumansurface
modelswhich we animateusinghumanmotioncapture[1]. Our original humanrepresentation



( � ) is basedon anarticulatedskeletonwith sphericaljoints andhas56 skeletald.o.f. including
globaltranslation.Thedatabaseconsistsof 8000samplesof humanactivities includingwalking,
running,turns,jumps,gesturesin conversations,quarrelingandpantomime.

Descriptorsfor ImageObservations: Weworkwith imagesilhouettesobtainedusingstatistical
backgroundsubtraction(we useseparatelybuilt foregroundandbackgroundmodels). Silhou-
ettesareinformative for poseestimationalthoughproneto ambiguities(e.g. theleft / right limb
assignmentin sideviews)or occasionallackof observability of someof thed.o.f.(e.g. ��� � � am-
biguitiesin theglobalazimuthalorientationfor frontal views,e.g. �g. 1a). Thesearemultiplied
by intrinsic forward/ backwardmonocularambiguities[20] thatarecommonin many humanin-
teractionscenarios.1 As imagefeatures,weuseshapecontextsextractedonthesilhouette[4, 13]
(5 radialbins,12angularbins,with bin sizerange1/8 to 3 on log scale).

Thefeaturesarecomputedat differentscalesandsizesfor pointssampledon thesilhouette.To
work in a commoncoordinatesystem,we clusterall featuresin the training set into �

���

�

clusters.To computethe representationof a new shapefeature(a point on the silhouette),we
`project' onto thecommonbasisby (inversedistance)weightedvoting into theclustercenters.
To obtaintherepresentation( 
 ) for anew silhouetteweregularlysample200pointsonit andadd
all their featurevectorsinto a featurehistogram.This descriptoris rich andsemi-local,being
previously demonstratedfor texture recognitionandposeprediction[13, 2, 19]. Therepresen-
tation usesoverlappingfeaturesof theobservation, thustheelementsof thedescriptorarenot
independent.However, a conditionaltemporalframework (�g. 1b) �e xibly accommodatesthis.

1 2 3 4 5 6 7 8
1

10

100

1000

Degree of Multimodality

N
um

be
r 

of
 C

lu
st

er
s

0 20 40 60

1

10

100

Number of Dimensions

P
re

di
ct

io
n 

E
rr

or
kBME
KDE_RVM
PCA_BME
PCA_RVM

Figure3: (a, Left) Analysisof `multimodality' for a trainingset.Theinput �


 dimensionis 25,
theoutput ��
 dimensionis 6, bothreducedusingkPCA.We clusterindependentlyin 	��
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and ��
 usingmany clusters(2100)to simulatesmall input perturbationsandwe histogramthe
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 clustersfalling within eachclusterin 	 ��
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�� . This givesintuition on thedegreeof ambi-
guity in modeling� 	 �
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� , for smallperturbationsin the input. (b, Right) Evaluationof

dimensionalityreductionmethodsfor anarti�cial dancingsequence.We trainedmodelson300
samples.The kBME is our proposedmodel

�

2.2, whereasthe KDE-RVM is a model learned
with a RelevanceVectorMachine(RVM) [21] featurespacemap. PCA-BME andPCA-RVM
aremodelswherethe mappingbetweenthe reducedinput andoutputfeaturespaces(obtained
usingPCA)havebeenlearnedusingaBME andaRVM. Thesequenceis notveryambiguousbut
thenon-linearityis signi�cant. Kernel-basedmethodsoutperformPCA andgive low prediction
errorfor modelshaving 5-6 dimensions.

For experiments,we useGaussiankernelsfor the joint angle featurespaceand dot product
kernelsbasedon a Bhattacharyahistogramsimilarity measure(with exponent �

�

� ) for the
observation featurespace.We learnstateconditionalsfor � 	�� 
 �

�


�� and � 	 ��
�� ��
��

�����


�� using6
dimensionsfor the joint anglekernel inducedstatespaceand25 dimensionsfor the observa-

1`Forward-backward' ambiguitiesarecausedby monocularperspective projection.For a givencon�g-
urationof anarticulatedstructure(e.g. a human),a body limb canbeslantedboth towardsthecameraor
away from thecamera,but its imageprojection(thustheimageobservation)canbesimilar in bothcases.
Please,seehttp://www.cs.toronto.edu/c̃rismin/MOVIES/ambig.mpgfor a video. This furthermotivatesour
probabilistic,multiple hypothesisapproach.



tion inducedfeaturespace,respectively. In �g. 3b) we show an evaluationof the ef�cacy of
our kBME predictorfor differentdimensionsin the joint anglekernelinducedstatespace(the
observation featurespacedimensionis here50). On the analyzeddancingsequence,involv-
ing complex motionsof the armsandthe legs, the non-linearmodelsigni�cantly outperforms
alternativePCAmethods,giving goodpredictionsfor compact,low-dimensionalmodels.2

In tables1 and2, aswell as�g. 4, we performquantitative experimentson arti�cially rendered
silhouettes.For thesesequences,3D groundtruth joint anglevaluesareavailable,andthis al-
lowsamoresystematicevaluation.Noticethatthekernelizedlow-dimensionalmodelsgenerally
outperformthe PCA-basedones.At thesametime, they give competitive resultscomparedto
high-dimensionalBME predictors,while being lower-dimensionaland thereforesigni�cantly
lessexpensiveto do inferencewith, in particulartheintegralsin (1).

In �g. 5 and�g. 6 we show humanmotionreconstructionresultsfor two real imagesequences.
Fig.5 shows thegoodquality reconstructionof a personperforminganagile jump. (Giventhe
misingobservationsin asideview, 3D inferencefor theoccludedbodypartswouldnotbepossi-
blewithoutusingprior knowledge!)For thissequencewedoinferenceusingconditionalshaving
5 modesandreduced6-dimensionalstates.We initialize trackingusing � 	��

 �

�


�� , whereasfor
inferencewe use� 	 ��
 � ��
��

��� �


�� within (1). In thesecondsequencein �g. 6, we simultaneously
reconstructthemotionof two peoplemimicking domesticactivities,namelywashinga window
andpickinganobject.Herewedo inferenceoveraproduct,12-dimensionalstatespaceconsist-
ing of the joint 6-dimensionalstateof eachperson.We obtaingood3D reconstructionresults,
usingonly 5 hypotheses.Noticehowever, that theresultsarenot perfect,therearesmallerrors
in theelbow andthebendingof thekneefor thesubjectat the l.h.s.,andin thedifferentwrist
orientationsfor thesubjectat ther.h.s,possiblyre�ecting thebiasfrom our trainingset.
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Figure4: (a, Left) Histogramshowing the accuracy of variousexpert predictors,mainly how
many timestheexpertrankedasthe � -th mostprobableby themodel(horizontalaxis)is closest
to the groundtruth. The model is consistent(the most probableexpert indeedhasbeenthe
most accuratemost frequently),but occasionallylessprobableexpertsare better. (b, Right)
Histogramsshow thedynamicsof � 	 ��
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��� �


�� , i.e. how theprobabilitymassis redistributed
amongexpertsbetweentwo successive timesteps,in a conversationsequence.

4 Conclusion

We have presenteda probabilisticframework for conditionalinferenceover a kernel-induced
low-dimensionalstatespace.Ourapproachhasthefollowing properties:(a) Accountsfor exist-
ing non-linearcorrelationsamonginput or outputvariables,by usingnon-linearkerneldimen-
sionality reduction(kPCA); (b) Learnsprobability distributionsover mappingsbetweenlow-

2Running times: On a Pentium4 PC (3 GHz, 2 GB RAM), a full dimensionalBME modelwith 5
expertstakes802sto train �������	� ����
���
������ , whereasa kBME (including the pre-image)takes95sto train

��������� ����
���
������ . The predictiontime is 13.7sfor BME and8.7s(including the pre-imagecost1.04s)for
kBME. For onetimestep,theintegrationin (1) takes2.67sfor BME and0.31sfor kBME. Thespeed-upfor
kBME is signi�cant andlikely to increasewith originalmodelshaving higherdimensionality.



KDE-RR RVM KDE-RVM BME kBME
Walk andturn back 10.46 4.95 7.57 4.27 4.69

Conversation 7.95 4.96 6.31 4.15 4.79
Runandturn left 5.22 5.02 6.25 5.01 4.92

Table1: Comparisonof averagejoint anglepredictionerror for differentmodels. All kPCA-
basedmodelsuse6 outputdimensions.Testingis doneon 100videoframesfor eachsequence,
the inputsarearti�cially generatedsilhouettes,not in the training set. 3D joint angleground
truth is usedfor evaluation.KDE-RRusesridgeregression(RR) for thefeaturespacemapping,
KDE-RVM usesanRVM mapping,�nally stand-aloneBME usesaBayesianmixtureof experts
with no dimensionalityreductionfor thestateprediction� 	�� � 
 � . kBME is our proposedmodel.
kPCA-basedmethodsusekernelregressorsto computepre-images.

KDE-RR KDE-RVM kBME
Walk andTurn 7.59 7.15 3.72
RunandTurn 17.7 16.08 8.01

Table2: Jointanglepredictionerrorcomputedfor two complex sequenceswith walks,runsand
turns,thusmoreambiguity(100 frames).Modelshave 6 statedimensions.Notice that kBME
hassigni�cantly lowererror. Unimodalpredictorsincorrectlyaveragecompetingsolutions.

Figure5: Reconstructionof a jump (selectedframes).Top: original imagesequence.Middle:
extractedsilhouettes.Bottom:3D reconstructionseenfrom a syntheticviewpoint.

dimensionalstatespacesusingBayesianconditionalmixtureof experts,asrequiredfor accurate
prediction.In theresultinglow-dimensionalkBME predictor, ambiguitiesandmultiplesolutions
commonin visual,inverseperceptionproblemsareaccuratelyrepresented.(c) Worksin acontin-
uous,conditionaltemporalprobabilisticsettingandoffersa formal managementof uncertainty.
We performsystematiccomparisonsthatdemonstratehow theproposedapproachoutperforms
regression,PCA or KDE alone,on theproblemof reconstructingthe3D motionof multiple hu-
mansin monocularvideo,in bothrealandarti�cial imagesequences.Themethodcanef�ciently
reconstructhumanmotionwith accuracy closeto theoneof high-dimensionalmixtureof experts
modelsat a fractionof their computationalcost.Futurework we will investigatescalingaspects
for largetrainingsetsandmorecomplex predictionmethods.



Figure6: Reconstructingtheactivities of 2 peopleoperatingin an12-dimensionalproductstate
space(eachonehasits own 6 dimensionalstate). Top row: original imagesequence.Bottom
row: 3D reconstructionseenfrom a syntheticviewpoint. Notice thesmall errorsin theelbow
andthebendingof thekneefor thesubjecton the left, aswell asthesubtleerrorsin thewrist
angleestimationfor thesubjecton theright, possiblyre�ecting thebiasof our trainingset.
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