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Abstract

We presenta conditional temporalprobabilistic framework for recon-
structing3D humanmotionin monocularvideobasedondescriptorsen-
codingimagesilhouetteobservations. For computationalef�ciency we
restrict visual inferenceto low-dimensionalkernel inducednon-linear
statespaces. Our methodology(kBME) combineskernel PCA-based
non-lineardimensionalityreduction(kPCA) andConditionalBayesian
Mixture of Experts(BME) in order to learncomplex multivaluedpre-
dictorsbetweenobservationsandmodelhiddenstates.This is necessary
for accurate,inverse,visualperceptioninferences,whereseveralproba-
ble, distant3D solutionsexist dueto noiseor theuncertaintyof monoc-
ular perspective projection. Low-dimensionalmodelsare appropriate
becausemany visual processesexhibit strongnon-linearcorrelationsin
both the imageobservationsandthe target,hiddenstatevariables.The
learnedpredictorsaretemporallycombinedwithin a conditionalgraphi-
cal modelin orderto allow a principledpropagationof uncertainty. We
study several predictorsand empirically show that the proposedalgo-
rithm positively compareswith techniquesbasedon regression,Kernel
Dependency Estimation(KDE) or PCAalone,andgivesresultscompeti-
tive to thoseof high-dimensionalmixturepredictorsata fractionof their
computationalcost. We show that themethodsuccessfullyreconstructs
thecomplex 3D motionof humansin realmonocularvideosequences.

1 Intr oduction and RelatedWork

Weconsidertheproblemof inferring3D articulatedhumanmotionfrom monocularvideo.
Thisresearchtopichasapplicationsfor sceneunderstandingincludinghuman-computerin-
terfaces,markerlesshumanmotioncapture,entertainmentandsurveillance.A monocular
approachis relevantbecausein real-world settingsthehumanbodypartsarerarelycom-
pletelyobservedevenwhenusingmultiple cameras.This is dueto occlusionsform other
peopleor objectsin the scene.A robust systemhasto necessarilydealwith incomplete,
ambiguousanduncertainmeasurements.Methodsfor 3D humanmotion reconstruction
canbeclassi�edasgenerativeanddiscriminative. They bothrequireastaterepresentation,
namelya 3D humanmodelwith kinematics(joint angles)or shape(surfacesor joint po-
sitions)andthey bothusea setof imagefeaturesasobservationsfor stateinference.The
computationalgoal in both casesis the conditionaldistribution for the modelstategiven



imageobservations.

Generative model-basedapproaches[6, 16, 14, 13] have beendemonstratedto �e xibly re-
constructcomplex unknown humanmotionsandto naturallyhandleproblemconstraints.
However it is dif�cult to constructreliableobservation likelihoodsdueto the complexity
of modelinghumanappearance.This varieswidely dueto differentclothing anddefor-
mation, body proportionsor lighting conditions. Besidesbeing somewhat indirect, the
generative approachfurther imposesstrict conditionalindependenceassumptionson the
temporalobservationsgiven the statesin orderto ensurecomputationaltractability. Due
to thesefactorsinferenceis expensive andproduceshighly multimodalstatedistributions
[6, 16, 13]. Generative inferencealgorithmsrequirecomplex annealingschedules[6, 13]
or systematicnon-linearsearchfor localoptima[16] in orderto ensurecontinuingtracking.

Thesedif�culties motivate the advent of a complementaryclassof discriminative algo-
rithms[10, 12, 18, 2], thatapproximatethestateconditionaldirectly, in orderto simplify
inference. However, inverse,observation-to-statemultivaluedmappingsare dif�cult to
learn(seee.g. �g. 1a)anda probabilistictemporalsettingis necessary. In anearlierpaper
[15] we introducedaprobabilisticdiscriminative framework for humanmotionreconstruc-
tion. Becausethemethodoperatesin theoriginally selectedstateandobservationspaces
thatcanbetaskgeneric,thereforeredundantandoftenhigh-dimensional,inferenceis more
expensive andcanbe lessrobust. To summarize,reconstructing3D humanmotion in a

Figure1: (a, Left) Exampleof 180o ambiguity in predicting3D humanposesfrom sil-
houetteimagefeatures(center).It is essentialthatmultipleplausiblesolutions(e.g. F1 and
F2) arecorrectly representedandtracked over time. A singlestatepredictorwill either
averagethedistantsolutionsor zig-zagbetweenthem,seealsotables1 and2. (b, Right)A
conditionalchainmodel. Thelocal distributionsp(y t jy t � 1; zt ) or p(y t jzt ) arelearnedas
in �g. 2. For inference,thepredictedlocal stateconditionalis recursively combinedwith
the�ltered prior c.f. (1).

conditionaltemporalframework posesthefollowing dif�culties: (i) Themappingbetween
temporalobservationsandstatesis multivalued(i.e. thelocalconditionaldistributionsto be
learnedaremultimodal),thereforeit cannotbeaccuratelyrepresentedusingglobalfunction
approximations.(ii ) Humanmodelshave multivariate,high-dimensionalcontinuousstates
of 50 or morehumanjoint angles.Thetemporalstateconditionalsaremultimodalwhich
makesef�cient Kalman�ltering algorithmsinapplicable.Generalinferencemethods(par-
ticle �lters, mixtures)haveto beusedinstead,but theseareexpensivefor high-dimensional
models(e.g. whenreconstructingthemotionof severalpeoplethatoperatein a joint state
space).(iii ) Thecomponentsof thehumanstateandof thesilhouetteobservationvectorex-
hibit strongcorrelations,becausemany repetitive humanactivities like walkingor running
havelow intrinsicdimensionality. It appearswastefulto work with high-dimensionalstates
of 50+ joint angles.Even if thespaceweretruly high-dimensional,predictingcorrelated
statedimensionsindependentlymaystill besuboptimal.

In this paperwe presenta conditionaltemporalestimationalgorithmthat restrictsvisual
inferenceto low-dimensional,kernelinducedstatespaces.To exploit correlationsamong
observationsandamongstatevariables,we model the local, temporalconditionaldistri-
butionsusing ideasfrom KernelPCA [11, 19] andconditionalmixture modeling[7, 5],
hereadaptedto producemultiple probabilisticpredictions.Thecorrespondingpredictoris



referredto asaConditionalBayesianMixtureof Low-dimensionalKernel-InducedExperts
(kBME). By integrating it within a conditionalgraphicalmodel framework (�g. 1b), we
canexploit temporalconstraintsprobabilistically. Wedemonstratethatthismethodologyis
effectivefor reconstructingthe3D motionof multiplepeoplein monocularvideo.Ourcon-
tribution w.r.t. [15] is a probabilisticconditionalinferenceframework thatoperatesover a
non-linear, kernel-inducedlow-dimensionalstatespaces,andasetof experiments(onboth
realandarti�cial imagesequences)thatshow how theproposedframework positively com-
pareswith powerful predictorsbasedon KDE, PCA,or with thehigh-dimensionalmodels
of [15] ata fractionof their cost.

2 Probabilistic Infer encein a Kernel Induced StateSpace

We work with conditionalgraphicalmodelswith a chainstructure[9], asshown in �g. 1b,
Thesehave continuoustemporalstatesy t , t = 1: : : T , observationszt . For compactness,
we denotejoint statesY t = (y1; y2; : : : ; y t ) or joint observationsZ t = (z1; : : : ; zt ).
Learningandinferencearebasedon local conditionals:p(y t jzt ) andp(y t jy t � 1; zt ), with
y t and zt being low-dimensional,kernel inducedrepresentationsof someinitial model
having statex t andobservationr t . Weobtainzt ; y t from r t , x t usingkernelPCA[11,19].
Inferenceis performedin a low-dimensional,non-linear, kernel inducedlatentstatespace
(see�g. 1b and �g. 2 and (1)). For display or error reporting,we computethe original
conditionalp(x jr ), or a temporally�ltered versionp(x t jR t ); R t = (r 1; r 2; : : : ; r t ), using
a learnedpre-imagestatemap[3].

2.1 DensityPropagationfor ContinuousConditional Chains

For online �ltering, we computethe optimal distribution p(y t jZ t ) for the statey t , con-
ditionedby observationsZ t up to time t. The �ltered densitycanbe recursively derived
as:

p(y t jZ t ) =
Z

y t � 1

p(y t jy t � 1; zt )p(y t � 1jZ t � 1) (1)

Wecomputeusingaconditionalmixturefor p(y t jy t � 1; zt ) (aBayesianmixtureof experts
c.f. x2.2)andtheprior p(y t � 1jZ t � 1), eachhaving, sayM components.We integrateM 2

pairwiseproductsof Gaussiansanalytically. Themeansof theexpandedposteriorareclus-
teredandthecentersareusedto initialize a reducedM -componentKullback-Leiblerap-
proximationthatis re�ned usinggradientdescent[15]. Thepropagationrule (1) is similar
to theoneusedfor discretestatelabels[9], but herewe work with multivariatecontinuous
statespacesandrepresentthelocalmultimodalstateconditionalsusingkBME (�g. 2), and
not log-linearmodels[9] (thesewould requireintractablenormalization). This complex
continuousmodelrulesout inferencebasedon Kalman�ltering or dynamicprogramming
[9].

2.2 Learning BayesianMixtur esover Kernel Induced StateSpaces(kBME)

In order to model conditionalmappingsbetweenlow-dimensionalnon-linearspaceswe
rely onkerneldimensionalityreductionandconditionalmixturepredictors.Theauthorsof
KDE [19] proposea powerful structuredunimodalpredictor. This worksby decorrelating
the outputusingkernelPCA and learninga ridge regressorbetweenthe input andeach
decorrelatedoutputdimension.

Our procedureis also basedon kernel PCA but takes into accountthe structureof the
studiedvisualproblemwherebothinputsandoutputsarelikely to below-dimensionaland
the mappingbetweenthemmultivalued. The outputvariablesx i areprojectedonto the
columnvectorsof theprincipalspacein orderto obtaintheir principalcoordinatesy i . A
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Figure 2: The learned low-dimensionalpredictor, kBME, for computing p(x jr ) �
p(x t jr t ); 8t. (We similarly learnp(x t jx t � 1; r t ), with input (x ; r ) insteadof r – herewe
illustrateonly p(x jr ) for clarity.) Theinput r andtheoutputx aredecorrelatedusingKer-
nel PCA to obtainz andy respectively. Thekernelsusedfor the input andoutputare� r
and� x , with inducedfeaturespacesF r andF x , respectively. Their principal subspaces
obtainedby kernelPCA aredenotedby P(F r ) andP(F x ), respectively. A conditional
Bayesianmixture of expertsp(y jz) is learnedusing the low-dimensionalrepresentation
(z; y ). Using learnedlocal conditionalsof the form p(y t jzt ) or p(y t jy t � 1; zt ), tempo-
ral inferencecanbeef�ciently performedin a low-dimensionalkernel inducedstatespace
(seee.g. (1) and�g. 1b). For visualizationanderrormeasurement,the�ltered density, e.g.
p(y t jZ t ), canbemappedbackto p(x t jR t ) usingthepre-imagec.f. (3).

similar procedureis performedon theinputsr i to obtainzi . In orderto relatethereduced
featurespacesof z andy (P(F r ) andP(F x )), we estimatea probabilitydistribution over
mappingsfrom training pairs(zi ; y i ). We usea conditionalBayesianmixture of experts
(BME) [7, 5] in orderto accountfor ambiguitywhenmappingsimilar, possiblyidentical
reducedfeatureinputsto verydifferentfeatureoutputs,ascommonin ourproblem(�g. 1a).
Thisgivesamodelthatis aconditionalmixtureof low-dimensionalkernel-inducedexperts
(kBME):

p(y jz) =
MX

j =1

g(zj� j )N (y jW j z; � j ) (2)

whereg(zj� j ) is a softmaxfunction parameterizedby � j and(W j ; � j ) arethe parame-
tersandthe outputcovarianceof expert j , herea linear regressor. As in many Bayesian
settings[17, 5], theweightsof theexpertsandof thegates,W j and� j , arecontrolledby
hierarchicalpriors,typically Gaussianswith 0 mean,andhaving inversevariancehyperpa-
rameterscontrolledby a secondlevel of Gammadistributions. We learnthis modelusing
a double-loopEM andemploy ML-II type approximations[8, 17] with greedy(weight)
subsetselection[17, 15].

Finally, the kBME algorithmrequiresthe computationof pre-imagesin orderto recover
the statedistribution x from it' s imagey 2 P(F x ). This is a closedform computation
for polynomialkernelsof odd degree. For moregeneralkernelsoptimizationor learning
(regressionbased)methodsarenecessary[3]. Following [3, 19], weusea sparseBayesian
kernelregressorto learnthepre-image.This is basedon trainingdata(x i ; y i ):

p(x jy ) = N (x jA� y (y ); 
 ) (3)

with parametersand covariances(A ; 
 ). Since temporal inferenceis performedin
the low-dimensionalkernel induced state space,the pre-imagefunction needsto be
calculatedonly for visualizing results or for the purposeof error reporting. Propa-
gating the result from the reducedfeature spaceP(F x ) to the output spaceX pro-



ducesa Gaussianmixturewith M elements,having coef�cients g(zj� j ) andcomponents
N (x jA� y (W j z); AJ � y � j J>

� y
A > + 
 ), whereJ � y is theJacobianof themapping� y .

3 Experiments

Werunexperimentsonbothrealimagesequences(�g. 5 and�g. 6) andonsequenceswhere
silhouetteswerearti�cially rendered.Thepredictionerror is reportedin degrees(for mix-
tureof experts,this is w.r.t. themostprobableone,but seealso�g. 4a),andnormalizedper
joint angle,perframe.Themodelsarelearnedusingstandardcross-validation.Pre-images
arelearnedusingkernelregressorsandhave averageerror1:7o.

Training Setand Model StateRepresentation:For trainingwegatherpairsof 3D human
posestogetherwith their imageprojections,heresilhouettes,usingthe graphicspackage
Maya. We userealisticallyrenderedcomputergraphicshumansurfacemodelswhich we
animateusinghumanmotioncapture[1]. Our original humanrepresentation(x) is based
on articulatedskeletonswith sphericaljoints and has56 skeletal d.o.f. including global
translation.Thedatabaseconsistsof 8000samplesof humanactivities includingwalking,
running,turns,jumps,gesturesin conversations,quarrelingandpantomime.

ImageDescriptors: Wework with imagesilhouettesobtainedusingstatisticalbackground
subtraction(with foregroundandbackgroundmodels).Silhouettesareinformativefor pose
estimationalthoughproneto ambiguities(e.g. theleft / right limb assignmentin sideviews)
or occasionallackof observability of someof thed.o.f.(e.g. 180o ambiguitiesin theglobal
azimuthalorientationfor frontal views, e.g. �g. 1a). Thesearemultiplied by intrinsic for-
ward / backward monocularambiguities[16]. As observationsr , we useshapecontexts
extractedon thesilhouette[4] (5 radial,12angularbins,sizerange1/8 to 3 on log scale).

The featuresarecomputedat differentscalesandsizesfor pointssampledon the silhou-
ette. To work in a commoncoordinatesystem,we clusterall featuresin the training set
into K = 50clusters.To computetherepresentationof anew shapefeature(apointon the
silhouette),we `project' ontothecommonbasisby (inversedistance)weightedvoting into
theclustercenters.To obtaintherepresentation(r ) for a new silhouettewe regularly sam-
ple 200pointson it andaddall their featurevectorsinto a featurehistogram.Becausethe
representationusesoverlappingfeaturesof theobservationtheelementsof thedescriptor
arenot independent.However, a conditionaltemporalframework (�g. 1b) �e xibly accom-
modatesthis.

For experiments,weuseGaussiankernelsfor thejoint anglefeaturespaceanddotproduct
kernelsfor the observation featurespace. We learn stateconditionalsfor p(y t jzt ) and
p(y t jy t � 1; zt ) using6 dimensionsfor the joint anglekernel inducedstatespaceand25
dimensionsfor the observation inducedfeaturespace,respectively. In �g. 3b) we show
an evaluationof the ef�cacy of our kBME predictorfor differentdimensionsin the joint
anglekernelinducedstatespace(theobservationfeaturespacedimensionis here50). On
the analyzeddancingsequence,that involvescomplex motionsof the armsandthe legs,
the non-linearmodelsigni�cantly outperformsalternative PCA methodsandgivesgood
predictionsfor compact,low-dimensionalmodels.1

In tables1 and 2, as well as �g. 4, we perform quantitative experimentson arti�cially
renderedsilhouettes.3D groundtruth joint anglesareavailableand this allows a more

1Running times: On a Pentium4 PC(3 GHz,2 GB RAM), a full dimensionalBME modelwith
5 expertstakes802sto trainp(x t jx t � 1 ; r t ), whereasakBME (includingthepre-image)takes95sto
train p(y t jy t � 1 ; zt ). Thepredictiontime is 13.7sfor BME and8.7s(including thepre-imagecost
1.04s)for kBME. Theintegrationin (1) takes2.67sfor BME and0.31sfor kBME. Thespeed-upfor
kBME is signi�cant andlikely to increasewith originalmodelshaving higherdimensionality.
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Figure3: (a, Left) Analysisof `multimodality' for a trainingset. Theinput zt dimension
is 25, theoutputy t dimensionis 6, bothreducedusingkPCA.Weclusterindependentlyin
(y t � 1; zt ) andy t usingmany clusters(2100)to simulatesmall inputperturbationsandwe
histogramthey t clustersfalling within eachclusterin (y t � 1; zt ). This givesintuition on
thedegreeof ambiguityin modelingp(y t jy t � 1; zt ), for smallperturbationsin theinput. (b,
Right) Evaluationof dimensionalityreductionmethodsfor anarti�cial dancingsequence
(modelstrainedon 300samples).ThekBME is our modelx2.2, whereastheKDE-RVM
is a KDE modellearnedwith a RelevanceVectorMachine(RVM) [17] featurespacemap.
PCA-BME andPCA-RVM aremodelswherethe mappingsbetweenfeaturespaces(ob-
tainedusingPCA) is learnedusinga BME anda RVM. The non-linearityis signi�cant.
Kernel-basedmethodsoutperformPCAandgive low predictionerrorfor 5-6dmodels.

systematicevaluation. Notice that the kernelizedlow-dimensionalmodelsgenerallyout-
perform the PCA ones. At the sametime, they give resultscompetitive to the onesof
high-dimensionalBME predictors,while being lower-dimensionaland thereforesigni�-
cantlylessexpensive for inference,e.g. theintegral in (1).

In �g. 5 and �g. 6 we show humanmotion reconstructionresultsfor two real imagese-
quences.Fig.5 shows the good quality reconstructionof a personperformingan agile
jump. (Giventhemissingobservationsin a sideview, 3D inferencefor theoccludedbody
partswouldnotbepossiblewithoutusingprior knowledge!)For thissequencewedoinfer-
enceusingconditionalshaving 5 modesandreduced6dstates.Weinitialize trackingusing
p(y t jzt ), whereasfor inferencewe usep(y t jy t � 1; zt ) within (1). In thesecondsequence
in �g. 6, we simultaneouslyreconstructthemotionof two peoplemimicking domesticac-
tivities, namelywashinga window andpicking an object. Herewe do inferenceover a
product,12-dimensionalstatespaceconsistingof the joint 6d stateof eachperson. We
obtaingood3D reconstructionresults,usingonly 5 hypotheses.Noticehowever, that the
resultsarenot perfect,therearesmallerrorsin theelbow andthebendingof thekneefor
the subjectat the l.h.s.,andin the differentwrist orientationsfor the subjectat the r.h.s.
This re�ects thebiasof our trainingset.

KDE-RR RVM KDE-RVM BME kBME
Walk andturn 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

Table 1: Comparisonof averagejoint anglepredictionerror for different models. All
kPCA-basedmodelsuse6 outputdimensions.Testingis doneon 100 video framesfor
eachsequence,the inputsarearti�cially generatedsilhouettes,not in the trainingset. 3D
joint anglegroundtruth is usedfor evaluation.KDE-RRis aKDE modelwith ridgeregres-
sion(RR) for thefeaturespacemapping,KDE-RVM usesanRVM. BME usesa Bayesian
mixtureof expertswith nodimensionalityreduction.kBME is ourproposedmodel.kPCA-
basedmethodsusekernelregressorsto computepre-images.
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Figure 4: (a, Left) Histogramshowing the accuracy of variousexpert predictors: how
many timestheexpert rankedasthek-th mostprobableby themodel(horizontalaxis) is
closestto the groundtruth. The model is consistent(the mostprobableexpert indeedis
the mostaccuratemostfrequently),but occasionallylessprobableexpertsarebetter. (b,
Right) Histogramsshow the dynamicsof p(y t jy t � 1; zt ), i.e. how the probability massis
redistributedamongexpertsbetweentwo successivetimesteps,in aconversationsequence.

KDE-RR RVM KDE-RVM BME kBME
Walk andturnback 7.59 6.9 7.15 3.6 3.72

Runandturn 17.7 16.8 16.08 8.2 8.01

Table2: Jointanglepredictionerrorcomputedfor two complex sequenceswith walks,runs
andturns,thusmoreambiguity(100frames).Modelshave 6 statedimensions.Unimodal
predictorsaveragecompetingsolutions.kBME hassigni�cantly lowererror.

Figure5: Reconstructionof a jump (selectedframes).Top: original imagesequence.Mid-
dle: extractedsilhouettes.Bottom:3D reconstructionseenfrom asyntheticviewpoint.

4 Conclusion

We have presenteda probabilisticframework for conditional inferencein latent kernel-
inducedlow-dimensionalstatespaces. Our approachhasthe following properties: (a)



Figure6: Reconstructingtheactivities of 2 peopleoperatingin an12-dstatespace(each
personhasits own 6d state). Top: original imagesequence.Bottom: 3D reconstruction
seenfrom asyntheticviewpoint.

Accountsfor non-linearcorrelationsamonginputor outputvariables,by usingkernelnon-
lineardimensionalityreduction(kPCA);(b) Learnsprobabilitydistributionsovermappings
betweenlow-dimensionalstatespacesusingconditionalBayesianmixtureof experts,asre-
quiredfor accurateprediction.In theresultinglow-dimensionalkBME predictorambigu-
ities andmultiple solutionscommonin visual, inverseperceptionproblemsareaccurately
represented.(c) Works in a continuous,conditionaltemporalprobabilisticsettingandof-
fersa formal managementof uncertainty. We show comparisonsthatdemonstratehow the
proposedapproachoutperformsregression,PCA or KDE alonefor reconstructingthe3D
humanmotion in monocularvideo. Futurework we will investigatescalingaspectsfor
largetrainingsetsandalternative structuredpredictionmethods.
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