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Abstract

We considertheproblemof 3D and2D articulatedbodyposeestimation/inferencefrom visual fea-

turesfrom asingleimage.3D poseestimationfrom asingleimageis generallyregardedasill-posed.We

formulatethisproblemasastatisticalinferenceproblem,wherethegoalis to �nd aposteriorprobability

distribution over poses.Statisticalmodellingallows us to provide a well-de�ned formulationandalso

to employ additionalinformationin theform of labelledbodyposesandtheir respective imagefeatures.

Generativemodelsoffer aprincipledwayof accountingfor hiddenrandomvariables(bodypose).How-

ever, while wecande�ne anaccurategenerativemodelfor this problem,inferenceis intractable.On the

otherhand,discriminative modelscanbe introducedwhereinferenceis tractable.Unfortunately, these

modelsareconsiderablylessaccuratefor theproblemof interest,sinceit is not clearhow to build them

(i.e., �nd a probability distribution that capturesthe structureof the problem). Thesetwo viewpoints

arecomplementaryandthusanidealapproachshouldexploit their individualadvantages.We providea

naturalandprincipledway to combinethesemodels.In ourapproach,a discriminativemodelis learned

from trainingdata.This modelis not directly usedbut combinedwith thegenerative model,obtaining

betterapproximationsto theintractableposteriordistribution implied by thelatter. We offer theoretical

justi�cation for the resultinginferencealgorithmandalsoprovide two algorithmsfor MAP estimation

thatarevery ef�cient andhave clearadvantagesover standardbodytrackingmethods.Performanceis

thoroughlyevaluatedusingsyntheticandrealvisualdatafor estimatinghandandhumanbodypose.

Keywords: HumanBodyPose,approximatestatisticalinference,combinationof generative anddiscrim-

inative models,supervisedlearning,statisticalinference,estimationof articulatedstructure,Expectation

Maximizationalgorithm,recovery of 3D from 2D.



1 Intr oduction

Onefundamentalvision problemis that of inferring or estimatingthe underlying3D attributesof a real

world object,basedon its 2D projectiononto a camera.From a computationalperspective, this involves

facinganill-posedproblem;relevantinformationis lostvia projectionof thethree-dimensionalworld into a

two-dimensionalimage.In thispaperwe will focusonnon-rigidarticulatedobjects,in particularon human

bodyposeandalsohandcon®guration.Humanscanoftensolve theseproblems,even whengiven only a

relatively low-resolution,monocularimagesof the world, e.g.,a photograph.It is believed that humans

employ extensive prior knowledgeabouthumanbody structureandmotion in this task [21]. Assuming

this, in this paperwe will considerhow a computermight learntheunderlyingknowledge in theform of a

probabilisticmodel,andtherebyinfer posefrom asingleimage.

For purposesof computation, the above task can be de�ned as follows: given an observation

vector x 2 < c that was extracted from an image of a person, infer the parameterized articulated

poseas a vector h 2 < t . Thesevector spaces< c and< t arecontinuous.In a very generic machine

learning framework, inferencemight be regardedasa function ' : < c ! < t that for a given input (or

observation) computesasoutput a singlepose(e.g., the most lik ely poseaccording to somemeasure)

or more generally a poseposterior probability distribution . The latter would lead to a different

de�nition of ' : < c ! P, where P is a family of probability density functions on < t . There are many

different aspectsin this problem. Someof them have beenthe focusof a lot of attention in statistical

learning. They are by no meanssolved exceptfor certain basic instances(e.g., see[28]). For many

real-world problemsthis is usually not the case. In articulated poseestimation, a number of open

general issuesimmediately appear: how to selectthe appropriate type or form for this function (e.g.,

wemay havereasonsto usea discriminati ve insteadof a generative model1), how to takeadvantageof

the problemstructure (e.g., prior knowledgefor modeling),how to estimate(learn) this mapping from

data, and how to perform inferenceef�ciently or approximately if exactinferenceis intractable (e.g.,

how to make useof what waslearned from data). Someof thesequestionsare speci�c of the problem

at hand, while the othersare fundamental and commonin statistical learning.

If wetry to learnamappingdirectly, let ussayby estimatingtheparametersof aparameterizedfunction

� : < c ! < t as in a discriminative approach,we encounterseveral problems. The form requiredfor �

maynotbesimple,becausethemappingfrom observations(e.g., animage)to articulatedposesis generally

1Theterminferenceis usedmainly in thecontext of generative models;however, in thissectionweconsiderabroaderusageby

employing it in thecontext of discriminative modelsalso.
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Figure1: Exampleambiguityin mappingbodysilhouettecuesin < c to articulatedbodyposesin < t . Givensilhouette
x, posesa–h areall valid hypotheses.In general,entireregionsin < t maycontainvalid poses.

ambiguous(one-to-many). In factnosinglefunctioncanperformthismapping.An exampleis illustratedin

Fig. 1, thearmlocationscannotbeuniquelyinferredgiventhesilhouettex; therefore,a–h areall possible

posecon®gurations(thearmscanmove in sucha way that thesilhouettedoesnot change).Notealsothat

posec is there�ection of a: thecameralooksat thebackratherthanat thefront of thebody. Theremight

be an in®nite numberof valid posesfor a particularinput. Moreover, regionsof valid posesneednot be

connectedin < t . For instance,differentregionsin < t maycorrespondto rangesof valid poses,e.g., some

viewedfrom thefront andothersfrom behind.Suchambiguitiesarenotparticularto humanbodypose;for

instance,analogousinferenceproblemsexist in estimatinghandposefrom imagefeatures,aswill beseen

later. Eventhoughonemaybetemptedto just increasethecomplexity of this function� andconsiderthis

choiceasnecessary(dueto theapparentintricacy of theproblemathand)2, a fundamentalideain thispaper

is thatthis choicemaynotbenecessary, aswill beseennext.

Let usnow considerthe inverseproblem:givenanarticulatedposevectora, generateits silhouettex.

With a goodcomputergraphicsmodelof thehumanbody, onecaneasilyrenderthesilhouettex. Thus,we

caneasilycomputewhatwe refer to asthe inversemapping� : < t ! < c (notethatdespitethesimplicity

of � , its inversemay still be complex or not even exist). Other real world problemssharethe property

that their inverseproblemis simpler, e.g., speechrecognition(after someparametersaregiven, suchas

pitch). In fact, this propertyis a key part of our problemde®nitionandit will play an importantrole in

developing the framework presentedin this paper. The argumentis that the inversefunction � provides

usefulinformationaboutthestructureof theproblem, but cannotbeincorporated straightforwardly in a

discriminati veapproachor cannotbeusedir ectly for inference.On the other hand, it might beuseless

in a purely generative approach(theseapproachesare related to tracking): we have a very accurate

2Moreover, unnecessarilyincreasingthecomplexity of � canhave otherawful consequencessuchasover®tting.
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(a) (b)

Figure2: Schematicillustrationbehindour methodfor thecaseof inferring bodypose:(a) Givenaninput vectorx,
we generateasetof hypotheses.(b) Theinversemappingfunction� is employedin evaluatingeachhypothesis.

way to generatesilhouettesfrom a givenposecon�guration; however, this doesnot guaranteea simple

algorithm for poseinference.

In summary, the mapping of inputs (cues) to outputs (poses)is ambiguous (i.e., one-to-many)

and potentially very complex. The former precludesthe useof discriminati ve supervised learning

methodsthat �t a single (or �nite number of) functions to the data to producea posegiven the cue

(most neural networks, support vector machines,simple least-squares,boosting,etc). The latter can

easilycreatecomputational (spaceand time complexity for learning) and modeling drawbacks (such

as over�tting). We also have accessto the inverse map � : < t ! < c, that can be used to de�ne a

very accurategenerative model. However, this accuratemodel might not be very useful in terms of

�nding an algorithm for estimating the body posegiven an input image (inferenceis intractable).

The view taken in this paper is that it can be effective to usethe individual advantagesof thesetwo

complimentary approaches(discriminative and generative) to formulate an ef�cient solution to the

inference/learning problem.

In this paper, we describe a probabilistic, nonlinear framework for combining generative and

discriminati ve models for articulated poseestimation. This approach is general, and thus can be

used in other problemswith similar structure. The framework employsa set of M functions � k :

< c ! < t , eachassociatedto a mixtur e component in a mixtur e distribution. Each function maps

certain sub-domainsof the input space(cues)onto the output space(poses). Thesefunctions are

estimatedautomatically fr om training data via a variant of the Expectation-Maximization algorithm.

The learned conditional distribution is then used as an approximation to an accurate (generative

model)distribution de�ned using the inversefunction � , for which inferenceis intractable. This basic

idea is shown in a schematicway in Fig. 1. The approximation is employed in a similar way as a

proposaldistribution is usedto approximatesampling from a more complexdistribution.
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2 RelatedWork

In computervision,recoveryof articulatedbodyposefrom imagesis oftenformulatedasatrackingproblem.

Usually, link-joint modelscomprisedof 2D or 3D geometricprimitivesaredesignedbeforehandto roughly

matchthespeci®cmorphologyof thetarget in question[6, 10, 13, 26, 29, 34, 11, 36]. Meshmodelshave

alsobeenusedasan alternative to link-joint models[15]. At eachframe, thesemodelsare®tted to the

imageto minimizesomecostfunctionthatfavorstheoverlapof themodelandassociatedimageregions(or

motion).The®tting or costfunctionis sometimesimplicitly de®nedand,from ourviewpoint, it canusually

bethoughtof ade®ningagenerative model.Despitetheirdescriptive power, this family of approacheshasa

numberof critical drawbacks.Generally, a non-linearoptimizationproblemmustbesolvedat every frame

(sometimesequivalentto inferencein acomplex generative model).Carefulmanualplacementof themodel

on the ®rst framein a video sequenceis alsorequired.Moreover, trackingin subsequentframestendsto

be sensitive to errorsin initialization andnumericaldrift; asa result, thesesystemscannotrecover from

trackingerrorsin themiddleof asequence.

To addresstheseweaknesses,specializeddynamicalmodelshave beenproposed[20, 26, 27]. These

methodslearna prior distribution over somespeci®cmotionclass,suchaswalking. This prior is usedto

predictandhopefullyimprove theposeestimatesin futureframes.However, this strongprior substantially

limits the generalityof the motionsthat canbe tracked; a prior for a given classof motionsis generally

uselesswhenusedfor trackingobjectsundergoingadifferentclassof motion,e.g.,walkingvs. dancing.

Othermethodsfor constrainedtrackinginclude[4], wherea subspaceof allowablemotionsis learned

from asetof examples.Theseexamplesandthemodel(usuallylinear)arehopedto besuf®cientto spanthe

setof possiblemotionsto beseenduringtracking.Thus,poseinferenceinvolves®ndinga linearprojection

of theobserveddataontothemotionsubspace.Thissubspaceapproachenforcesastrongprior; asmentioned

previously, this limits the generalizationof the model to classesof motionsnot seenin the training set.

Furthermore,articulatedmotionis generallynon-linear, andcannotbeeasilyexplainedasalinearprojection.

In our approachwe avoid matchingimagefeatures(e.g.,imageregions,points,or articulatedmodels)

from frameto frame.Therefore,wedonotreferto ourapproachastracking, perse.This is in directcontrast

with thetechniquesmentionedabove. A numberof otherapproachesalsodepartfrom theaforementioned

trackingparadigm.Wesummarizethesenext.

In [18] a statisticalapproachis employed in reconstructingthe 3D motionsof a human®gure. The

approachemploys a Gaussianprobability model for short humanmotion sequences.It is assumedthat

2D trackingof the joint positionsin the imageis given; therefore,this assumptionimplicitly incurs the
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restrictionsfoundin all trackingapproaches.

In [37] dynamicprogrammingis usedto calculatethebestglobalmatchingof imagepointsto prede®ned

body joints, givena learnedprobabilitydensityfunctionof thepositionandvelocity of bodyfeatures.Al-

thoughnotexplicitly mentionedby theauthors,theprobabilityfunctionis de®nedby a triangulatedacyclic

graph.Thus,inferenceis feasibledueto therunningintersectionproperty[22, 28]. Still, in this approach,

theimagepointsandmodelinitializationmustbeprovidedby handor throughsomeothermethod.

In [5], themanifoldof humanbodydynamicsis modeledvia a hiddenMarkov modelwith anentropic

prior. Oncethestatesareinferredfrom observations,a quadraticcostfunctionis usedto generatea contin-

uouspathin con®gurationspace,i.e., bodyposespace.

In all of the non-trackingapproachesjust referred,modelsof motionwereestimatedfrom data. Al-

thoughthe approachpresentedin this papercanbe usedto modeldynamics,we arguethat whengeneral

humanmotion dynamicsareto be learned,the amountof training data,modelcomplexity, andcomputa-

tional resourcesrequiredareimpractical.As aconsequence,modelswith unacceptablylargepriorstowards

speci®cmotionsaregenerated.Althoughby not modelingthedynamicswe maybe ignoring information

thatcouldbeusedto furtherconstraintheinferenceprocess,therearesomebene®ts.For instance,a model

for inferringbodyposethatdoesnotconsiderdynamicsprovidesinvariancewith respectto speed(i.e., sam-

pling differences)anddirectionin which motionsareperformed.This happenssimply becausethis model

treatscon®gurationsas temporallyindependentof eachother. Otherapproachesthat usea single image

include[3, 14, 38]; however, mostof thesemethodsalsorequirethatprojectedjoint locationsbegivenas

input. In ourapproachthis is notnecessary.

Ourapproachmapsvisualfeaturesto likelybodycon®gurations.Followingamachinelearningparadigm,

stochasticfunctionsthat mapvisual featuresto poseparametersareapproximatedfrom training data. A

uniqueaspectof ourapproachis thecombineduseof (1) thesemappingfunctions(de®ningadiscriminative

model)with (2) the inversemappingfunction � (de®ninga generative model). After multiple poseshave

beeninferredfrom just thevisual cues,� transformstheseposecon®gurationsbackto thevisualcue(ob-

servation)space.In thisspace,wecanthenautomaticallychooseamongasetof reconstructionhypotheses.

This is a fully probabilisticinferenceprocess.Our approachavoids the needfor manualinitialization or

tracking;it therebyavoids theconsequentdisadvantagesof tracking.Remarkably, relatively few computa-

tionsarerequiredfor inference.Wewill now formalizeandexplainourapproachin detail.
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numberof trainingexamples N
trainingset Z = f z1; :::; zN g

trainingexample(input,output)pair zi = (� i ;  i )
input (feature)trainingvector � i 2 < c

output(pose)trainingvector  i 2 < t

generativeanddiscriminativemodelsprobabilitydistributions p,q (respectively)
observationrandomvariable(e.g., imagemoments) x 2 < c

hiddenrandomvariableof poseparameters h 2 < t

feedback(rendering)function(for generativemodel) � : < t ! < c

numberof samplesduringinference S

aparticularobservationor input imagefeature x �

output(pose)hypothesis( a samplefrom q(hjx � )) hk

estimateof mostlikely outputhypothesis ĥ

discretesetof labelsfor mixturecomponents C = f 1; : : : ; M g
hiddenrandomvariablesassigningmixturecomponentto trainingsamples y = (y1; : : : ; yN ); yi 2 C

prior probabilityof mixturecomponentk will beused � k = Q(y = k)
mappingfunctionparametervector � k

discriminativemodelparameters(to belearned) � = (� 1; : : : ; � M ; � )
posteriorprobabilityof k-th mixturecomponentfor zi duringEM ~Q(yi = k) = Q(yi = kj i ; � i ; � )

Table1: Somemathematicalsymbolsusedin this paper.

3 Probabilistic Models

We will now formally de�ne both, the discriminati ve and generative models to be employed. The

discriminati ve model will be estimated from data and the generative model will be de�ned by the

inversefunction � . They representtwo views of the sameproblem and will be usedtogether in this

framework to provide a solution to inferring body posefrom a singleimage.

3.1 The Discriminati veModel

Let Z = f z1; :::; zN g be an observed training set of input-outputpairs z i = (� i ;  i ). Each� i 2 < c

is an input (feature)vector, andeach i 2 < t is its correspondingoutput (pose)vector. A summaryof

mathematicalsymbolsusedin this formulationis providedin Table1.

We will approachour forward problemas one of hiddenvariabledensityestimation. We begin by

introducingthe unobserved randomvariabley = (y1; : : : ; yN ). In our modelany yi hasas its domain

thediscretesetC = f 1; : : : ; M g of labelsfor thespecializedmappingfunctions,andcanbethoughtof as

the functionnumberusedto mapthe i -th trainingpair, z i . ThusM is thenumberof specializedmapping

functions.Our modelusesparameters� = (� 1; : : : ; � M ; � ), where� k representstheparametersof thek-th

mappingfunction, and� = (� 1; : : : ; � M ), where� k representsQ(y = k), the prior probability that the
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mappingfunctionwith labelk will beusedto mapaninput-outputpair.

Takingamaximum-likelihoodviewpoint,weareinterestedin ®ndingtheoptimalparametersettingsfor

ourmodel;thus,we seekto maximizethejoint log-probability:

� � = argmax
�

logq(Z j� ): (1)

Assumingindependenceof observationsgiven� , andusingBayes'ruleweobtain:

� � = argmax
�

X

i

logq(zi j� ) (2)

= argmax
�

X

i

log
X

k

q( i j� i ; yi = k; � )Q(yi = kj� )q(� i ); (3)

whereweusedtheindependenceassumptionq(� j� ) = q(� ). The term q(� i ) describeshow input patterns

occur in the world. For solving Eq. 3, it is approximated by the empirical distribution implied by

our training data; as a consequence,patterns that occur more often will have a larger effect in the

maximization of Eq. 3. Dueto thesumof termsinsidethelogarithmof Eq.3, thisoptimizationis generally

intractable.However, a varietyof practicalapproximateoptimizationmethodsexist, for example,methods

that are basedon alternatingminimizations[8]. An ExpectationMaximization (EM) [9, 25] methodis

describedin Sec.4.

3.1.1 Choiceof a Lik elihoodFunction

Notethattheabove formulationis general.In particular, theform of theprobabilityq( i j� i ; yi = k; � ) was

not speci®ed.A key questionin instantiatingour approachis: what form shouldbeusedfor q( j� ; y; � )?

This is theprobabilitythatoutput wasgeneratedby themappingfunctiony, giventheinput � andmodel

parameters� . In thiswork we analyzethefollowing possiblecases:

1. A Gaussianjoint distribution of input-outputvectors:q(� ;  jy; � ) = N (( � ;  ); � y ; � y).

2. A Gaussiandistribution, whosemeanis the output of the y-th mappingfunction: q( j� ; y; � ) =

N ( ; � y (� ; � ); � y).

3.2 The GenerativeModel

Our approach involvesthe useof a generative model of images(or image features). In the problem

of human body poseestimation from a single imagethis generative model can be de�ned in a simple
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way. We will assumethat an imageor imagefeaturesare generatedby sampling a posefrom a prior

distribution p(h) and an imageis then generatedusing the rendering function � suchthat:

p(x jh) = N (x; � (h); � � ): (4)

It is important to noticethat despitethe fact that the generativemodelcanbede�ned in a simpleman-

ner, the function � is highly complex (non-linear); this makesprobabilistic inferenceintractable. In

establishinga connectionto previousmethods,this inferenceproblemis usually referred to astracking.

Fitting an articulated model(e.g., composedof solid primiti ves)is equivalent to a form of probabilistic

inferencewith several important, well-known drawbacks: this problemrequiresnon-linear optimiza-

tion of a very complexfunction and a goodinitial guessis dif�cult to determineautomatically (this is

usually provided by manual placementof the articulated model). This form of �tting alsohave other

drawbacksalreadyexplained.

4 Learning

An approximation method will be used in learning the discriminati ve model parameters. We will

employ an ExpectationMaximization(EM) approach.EM providesa generalframework for solving the

maximumlikelihoodparameterestimationproblemin statisticalmodelswith hiddenvariables,like Eq. 3.

SincetheEM algorithmis well known [9, 2, 25], wewill only providederivationsspeci®ctoourformulation.

Note that the unobserved randomvariablesyi are independentgiven zi . Thus, the E-stepreducesto

computingthe posteriorprobabilitiesfor eachyi given the modelparametersandobserved data. We will

denotethisposteriorQ(yi = kj i ; � i ; � ) usingtheshortcutnotation ~Q(t ) (yi = k). Wethenhave:

~Q(t ) (yi = k) = � kq( i j� i ; yi = k; � (t � 1))=
X

j 2C

� j q( i j� i ; yi = j; � (t � 1)): (5)

Stateddifferently, this stepestimatesthe responsibilityof eachmappingfunction, � k for eachdatapoint,

zi . ~Q(t ) (yi = k) representsthe so called responsibility of function k for data pair i . Also recall that

� i = Q(yi ) is the prior probability that function yi beused.

TheM-stepconsistsof ®nding� (t ) = argmax� E ~Q( t ) [logq(Z ; y j� )]. In bothof our caseswecanshow

thatthis is equivalentto ®nding:

� (t ) = argmax
�

X

i

X

k2C

~Q(t ) (yi = k)[log q(zi jyi = k; � ) + logQ(yi = kj� )]: (6)
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It is importantto mentionthat this is valid if q(zi j� ) dependson yi andnot on yj , for any j 6= i . Note

that for the distributions discussedabove, this is true. We now presentsolutionsfor the casesdescribed

above.

4.1 Case(1)

In this casewehave:

q(� ;  jy; � ) = N (� ;  ; � y ; � y) = N (

"
�

 

#

;

"
� �

�  

#

;

"
� � � � �  

� >
�  �   

#

)y : (7)

Wecanshow thattheparameterlearningproblemis reducedto amixtureof Gaussianestimation,for which

it is straightforward to estimate� usingEM. Moreover, theBayesianestimateof  givenanobserved � is

alsoGaussian:q( j� ; y; � ) = N ( ; �  + � >
�  � � 1

� � (� � � � ); �   � � >
�  � � 1

� � � �  )y : Thereforein case(1),

eachfunction� k is just themeanof theconditionaldistribution

� k(� ; � ) = (�  + � >
�  � � 1

� � (� � � � ))y= k : (8)

Thecon®denceof theestimateis givenby thecovariance� k = (�   � � >
�  � � 1

� � � �  )y= k : However, this

expressiondoesnot dependon the input, a sometimesundesirableconsequenceof thegivenmodel. Thus,

eachfunction� k is linearin theinput vectorfrom < c.

4.2 Case(2)

In this casewehave:

@E
@� k

=
X

i

~P (t ) (yi = k)
@

@� k
logQ(yi = kj� ) (9)

@E
@� k

=
X

i

~P (t ) (yi = k)
@

@� k
logq( i jyi = k; � i ; � k ) (10)

@E
@� k

=
X

i

~P (t ) (yi = k)[(
@

@� k
� k(� i ; � k ))> � � 1

k ( i � � k (� i ; � k ))] ; (11)

whereE is thecostfunctionthatwe would like to maximizein Eq.6.

This givesthefollowing updaterulesfor � k and� k , whereLagrangemultiplierswereusedto incorpo-

ratetheconstraintthatthesumof the� k 's is 1:

� (t )
k =

1
N

X

i

~P (t ) (yi = k) (12)

� (t )
k =

X

i

~P (t ) (yi = k)(  i � � k (� i ; � k ))(  i � � k(� i ; � k ))> =
X

i

~P (t ) (yi = k) (13)
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To keeptheformulationgeneral,wehavenotyetde®nedtheform of themappingfunctions� k . Whether

or notwecan®nd aclosedform solutionfor theupdateof �k dependson theform of � k . For exampleif � k

is anon-linearfunction,wemayhave to useiterative optimizationto ®nd � (t )
k . If � k yieldsaquadraticform,

thenaclosedform updateexists.

Regardingour generative model,there is is very little learning involved. If � is very accurate,then

we could alsotell very accurately the imagethat will be generatedgiven a body poseh. In practice �

canbe de�ned only approximately. Weaccountfor this by properly setting � � .

5 Infer ence

In this section,werefer to probabilistic inferenceas�nding a full probability distribution for h given

that x = x � oncean observation x � hasbeenmade(e.g., someimagefeatureswere observed).

5.1 Inferenceusing the Discriminati veModel Alone

A valid approachto inferenceis to usethe discriminati vemodelalone.In order to understandhow this

differs from our proposedsolution (where we combineboth, generative and discriminati ve models),

we will now show what inferenceinvolvesin terms of maximum a posteriori (MAP) estimation using

the discriminati ve model.

In a general senseinferenceinvolves �nding a full probability distribution for h given x � ; the

discriminati ve model dir ectly providesthis expression.In MAP estimation we just have to maximize

it (i.e., we want to �nd the most lik ely output hypothesish 2 < t for a given observation x � 2 < c):

ĥ = argmaxh q(hjx � ) = argmaxh
P

y q(hjx � ; y)Q(y), where q(hjx � ) is a shorthand for q(hjx = x � ).

Any further tr eatmentdependson the propertiesof the probability distributions involved.

In bothCases(1) and(2) consideredin previoussections,we canwrite q(hjx; y) = N (h; � y (x); � y).

Thus, in either casewe have that q(hjx � ) is a mixtur e of Gaussiansand if we want to �nd the MAP

estimateweneedto solve: ĥ = argmaxh
P

y N (h; � y(x � ); � y)Q(y):

This result was obtainedfrom performing(MAP) inferenceusing our learneddiscriminative model

alone,wherewe learnedq(hjx) asan approximationto the true distribution de®nedby p(hjx), usingthe

trainingdata.Eventhoughwecouldsimplyadoptthisasasolution,it shouldnotbesurprisingthatwecould

improve uponthisby usingourknowledgeof p.
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5.2 InferenceUsing the Generative Model Alone

Usingthegenerative model,inferenceinvolves®ndingtheposteriorp(hjx = x� ) (p(hjx � ) asashorthand):

p(hjx � ) = p(x � jh)p(h) =
1

Zp
N (x � ; � (h); � � )p(h) (14)

Zp =
Z

N (x � ; � (h); � � )p(h)dh: (15)

Therearehowever at leasttwo dif®cult obstaclesfor achieving this:(1) The integral in Eq. 15 cannotbe

solvedeasilyandmoreover, (2) wedo nothave anexpressionfor p(h).

In MAP estimation,thegoalis to®ndĥ suchthat: ĥ = argmaxh p(hjx) = argmaxh N (x; � (h); � � )p(h);

needlessto saythatin thecaseof bodyposeestimation,this is in general,ahighly complex non-linearopti-

mizationproblem(tracking)aswe have seenbefore.

A key idea in this paperis that both obstacleswould becomemuch simpler if, somehow, we could

accuratelyobtainsamplesfrom p(hjx). Thosesamplescouldbeusedto (1) approximatethis posteriorand

(2) ®ndthemostlikely samplefor MAP estimation.Howeversamplingaccuratelyfrom agivendistribution,

in particularp(hjx), is in generalanopenproblem[24].

5.3 Inferenceand Importance Sampling. Combining Generative and Discriminati ve Mod-

els

In general,samplingcanbe usedto estimateexpectationsof a given function I (w) with respectto some

probability density� (w) that we canevaluateat any point, but that we cannotsamplefrom. Let us say

we needto calculatethe integral I =
R

� (w)I (w)dw, by approximatingI employing R samples:Î =

1
R

P R
r =1 I (w(r ) ).

Thequestionis how to appropriatelygeneratethesamplesto obtainthebestestimatefor I . Sampling

canbeusedin moregeneraltasks.Usuallyit is only necessaryto evaluate� ?(w) which is equalto � (w) to

within amultiplicative factor, � (w) = � ?(w)=Z .

Sincewecannotusuallygeneratesamplesaccurately, weneedto accountfor oursamplinginaccuracies.

Importancesamplingis a methodthataccountsfor this asfollows: ®rst we comeup with a proposaldistri-

bution � 0(w), which we canalsoevaluate(within a multiplicative factor)but from which it is possibleto

sample;thenwe samplefrom � 0(w), but alsocorrectfor thebiasintroducedwhensampling:

Î =
1
R

RX

r =1

� ?(w(r ) )
� 0(w(r ) )

I (w(r ) ): (16)
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It canbeshown thatwhenR ! 1 ,
p

R(Î � I ) � N (0; � 2
� 0), with: � 2

� 0 =
R

( � ? (w)
� 0(w) I (w) � I )2� 0(w)dw.

Thus,theexpectedvarianceof ourestimateis proportionalto � 2
� 0 andinverselyproportionalto R [24].

We would like to know what theoptimalproposaldistribution is in orderto maximizetheaccuracy of

ourestimator( minimize� 2
� 0). Theoptimalproposaldistribution to approximateI is givenby [33, 7]:

� 0(w) = � ?(w)=
Z

� ?(w)dw; (17)

thenormalizedfunction� ?(w). Since,onpurpose,weintroduced� ?(w) ®rstasaunnormalizeddistribution

originatingfrom � (w), weknow thatuponnormalizationwewill getbacktheoriginaldistribution � (w). A

similar justi®cationwasusedin [7], but theirway of building aproposaldistribution is differentfrom ours.

Thus, in �nding a posterior distribution p(hjx) for body posesgiven observed imagefeaturesthe

partition function in Eq.15 canbecomputedasfollows:

Zp =
Z

p(x � ; h)dh �
1
S

SX

s=1

p(x � ; h (s) )=p(h (s) jx � ); (18)

usingimportancesampling,with samplestakenfrom p(hjx � ). Wehave shown thatthebestproposaldistri-

bution is p(hjx � ); unfortunatelythis is thedistribution we areafter, andof coursewe cannotsamplefrom

it.

Themainreasonbehindusinggenerative anddiscriminative modelstogetheris to tacklethis particular

problemof samplingfrom a gooddistribution. We will usethe learneddistribution q(hjx) (discriminative

model)to approximatep(hjx), but just at x = x � . This approximationis in termsof maximumlikelihood

estimationandcanalsobe seenasminimizing the KL divergencebetweenthe empiricaldistribution pe,

givenby thetrainingdata,andthemodeldistributionsq, parameterizedby � :

KL( pe(x; h)jjq(x; h)) =
Z

pe(x; h) log[pe(x; h)=q(x; h)]dhdx; (19)

whichcanbeprovento beequivalentto:

argmin
�

Epe(x ) [KL pe(hjx)jjq(hjx))] ; (20)

where� parameterizesq. In practice,theexpectationbecomesa sumover the trainingdatapairs,andwe

obtainEq.1. Thus,theoptimaldistribution in thissenseis theonethatresultsfrom solvingEq.1, to obtain

q(hjx). Of course,we assumethat the datais composedby representative examplesfrom p, so that the

empiricaldistribution pe is at all useful. Eq. 17 justi®esthis choicesinceit tells us that in orderto ®nd a

goodapproximationfor theposteriorp(hjx) we should®nd a proposaldistribution that is similar to it, as

intuitively expected.Wemaythenaskif wecouldusethisproposaldistribution alone.Thereasonwhy this
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is notagoodideais that,sincewecannotusually®nd aproposaldistribution thatmatchesthetrueposterior

perfectly. Using this proposaldistribution aloneis expectedto performworsethanwhencombinedwith

ouraccurategenerative model.This is mainlybecausein regionswheretheproposaldistribution q is badat

approximatingp, we canalwaysevaluatep andnotethediscrepancy.

Thedistribution q(hjx) is anapproximationto p(hjx) in thespaceof all distributionswith thestructure

speci®edby the discriminative model (a mixture model in our case). For Gaussianmixture models,it is

know that this approximationcanbemadeasaccurateaswe wish in the limit of in®nite dataandmixture

components.Interestingly, we do not needto know explicitly what p(h) is in our generative model. Of

course,this is implicitly speci®edby the trainingdata.Thus,even if we usea not sogoodassumptionfor

p(h), still we know whatwe needto do in orderto achieve a goodestimateof theposterior. This is helpful

sincewedo not really know accuratelywhatp(h) is (giventhatwemaynothave enoughdatato estimateit

accurately).In thefollowing we simplyuseanuniformdistribution (in a reasonable®nite domain).

To summarize,in orderto computetheposteriordistribution of bodyposesh, givenanobservationof

imageor imagefeaturesx � , we calculateandestimatefor p(hjx � ) asfollows:

p̂(hjx � ) =
1

Ẑp
N (x � ; � (h); � � )p(h); (21)

with Ẑp givenby Eq.18,but substitutingp(hjx � ) by q(hjx � ) andusingsamplesfrom q(hjx � ).

5.4 Non-deterministic MAP Estimation: Multiple Samples(MS)

Weareusuallyinterestedin providing likely samplesfrom theposteriordistribution, in particularwemight

beinterestedin themostlikely h. Thisis theideabehindMAP estimation,whereweareinterestedin ®nding

ĥ = argmaxh p(hjx � ) = argmaxh p(xjh � )p(h).

We know that thediscriminative modeldistribution q(hjx) tries to approximatep(hjx), andtherefore

it is goodat minimizing the varianceof the estimator. Due to this, we will usethe discriminative model

distribution to provide samplesfor MAP estimation.In MAP estimation,we sampleH Spl = f hsgs=1 :::S

usingtheproposaldistributionq(hjx � ). Giventhesamples,theproblemthebecomesadiscreteoptimization

problemthatcanbesolvedeasily:

ŝ = argmax
s

p(x � jhs) = argmin
s

(x � � � (hs))> � � (x � � � (hs)) ; (22)

by usingtheGaussianform of p(x jh) asgiven in Eq. 4. We remarkthatafterusingthe samplesH Spl as

a startingpoint, othermoresophisticatedmethodscouldbeemployed. For examplewe coulduseMarkov

chainMonte Carlo (MCMC) sampling[24] to searchfor regionsof higherprobability. Also, insteadof
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stochasticmethods,we couldemploy standardgradientdescentmethodsto locally searchfor morelikely

posesh (asin tracking). Thesemethodsmaybehelpful for somedistributionsbut in generalhave several

drawbacks:(1) They areusuallyvery slow in high dimensionsand(2) given®nite time, they arenot very

useful/accurateif theposteriorprobabilityis very complex. Somemethodshave beenproposedto alleviate

theseproblems,but thisgoesbeyondourcurrentcontribution. Keepingthisextensionin mind, in thispaper

we simply usethe original samplesH Spl to searchfor a MAP estimate. Theseestimatesproved to be

suf®ciently accurateduringourexperiments.

5.5 Deterministic MAP Estimation: Mean Output (MO)

In certainapplications,it might be advantageousto count with a very fast methodfor computingMAP

estimates.Two examplesare:whenworkingwith multiplearticulatedbodiesandin dynamicsettingswhere

it is necessaryto provide estimatesat a high rate. Even thoughthe time complexity of MS scaleslinearly

with thenumberof samples,thismightnotbefastenough.Motivatedby speedconstraints,herewepropose

a very fastMAP estimationalgorithmthatstill performswell in experiments.Unlike MS, this algorithmis

deterministic.

The structureof the problem,aswell as the form of the discriminative distribution components(i.e.,

conditionedon themixture label)q(hjx; y) employed (Gaussian),make it possibleto constructthis deter-

ministic approximation.Thebasicintuition is straightforward. For a givenx = x � , we askeachmapping

function � k to give its mostlikely estimatefor h. We thenevaluatetheprobabilityof eachfunction's es-

timatevia the generative modeldistribution p(x � jh). This approximationis goodin practice,aswill be

demonstratedin theexperiments.

To justify this deterministicapproximation,wenotethatdueto its concavity properties,theprobability

of themeanis maximalin a Gaussiandistribution; i.e., it is themost-likely value. Formally, in bothCase

(1) andCase(2) describedearlier, q(E [hjx � ; y; � ]) � q(h0jx � ; y; � ), for any h0. Consideragainthesetof

samplesH Spl = f hsgs=1 :::S generatedin the MS approximation.We canbuild a setof samplesH � =

f h �
k gk=1 :::M that hasthe property8y; maxk q(h �

k jx � ; y) � maxs q(hsjx � ; y), simply by settingh �
k =

� k (x � ; � ).

This insightleadsto adeterministicapproximationfor inference,theMeanOutputsolution(MO). This

approximatesolutionrelieson theobservation thatby consideringthemeans� s(x � ), we would beconsid-

ering themostlikely outputof eachmappingfunction(i.e., eachmixturecomponentin thediscriminative

model),given the input. Obviously we expectthediscriminative modelprovidesa goodapproximationof

our generative modelposteriordistribution asdiscussedabove. Also, the smallerthe overlapamongthe

15



distributionsassociatedwith eachfunction,thebettertheaccuracy of thisapproximation.

In MO approximateinference,theexpressionto beminimizedis thesameasthatusedin Eq.22,except

for theuseof theM meansinsteadof theS samples:

k̂ = argmax
k2C

p(x � jh �
k ) = argmin

k2C
(x � � � (h �

k ))> � � (x � � � (h �
k )) : (23)

Thisgenerallyrequiressubstantiallylesscomputationthanwouldberequiredin theMS approach.

6 ExampleApplication: Articulated Posefr om Visual Features

The formulationpresentedin this paperis rathergeneral,andcouldbe appliedin a numberof supervised

learningproblemsfor whichtheoutput-to-input(feedback)mapis relatively easytocompute;thus allowing

us to specifyan accurategenerative model. To demonstrateandtestour framework, wehave developeda

systemthatusestheour approachto infer articulatedposefrom low-level visual features.In particular, we

focusedonposeestimationof thehumanhandandbodyfrom animagesilhouette.In thisclassof computer

vision applications,groundtruth datasetsfor training canbe obtainedvia motion captureglovesor body

suits,andcomputergraphicsrenderingcanbe usedto generatethe input-outputpairsusedin supervised

learning.Wewill now givedetailsof thisdemonstrationsystem.

6.1 3D Hand PoseEstimation

Thegoal is to recover detailed3D handposefrom silhouettefeaturescomputedfrom a singlecolor image.

Handposeis de®nedin termsof thehandjoint angles.In general,wearealsointerestedin globalorientation

of thehand.We exploretwo applications:estimationof theinternaljoint anglesonly, andlater, estimation

of bothinternaljoint anglesandglobalorientationof thehand.

6.1.1 Hand Model

Weutilize thehandmodelprovidedin theVirtualHandprogramminglibrary [39]. Themodelparametersare

22joint angles.For theindex, middle,ring andpinky ®nger, thereis ananglefor eachof thedistal,proximal

andmetacarpophalangealjoints. For the thumb,thereis an inner joint angle,anouterjoint angleandtwo

anglesfor the trapeziometacarpaljoint. Therearealso abductionanglesbetweenthe following pairsof

successive ®ngers:index/middle,middle/ringandring/pinky. Finally, thereis ananglefor thepalmarch,an

anglemeasuringwrist �e xion andananglemeasuringthewrist bendingtowardsthepinky ®nger. However,
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Figure3: Exampleof the86silhouettesobtainedvia computergraphicsrenderingfor agivena3D handpose.Views
aredistributedapproximatelyuniformly over theview sphere.

becausethe former two wrist anglesalsoencodeglobalorientation,we decidednot to modelthemin our

application.Hence,ignoringthesetwo angles,ourmodelhas20DOF for theinternalhandcon®guration.

All of these20 anglesarerelative to two global orientationangles.Thesetwo angleswill encodethe

cameraviewpoint (or alternatively hand3D rotation).Imaginea spheresurroundingthehandmodel,i.e., a

®xedhandcenterpoint is at thecenterof thesphere.For easeof reference,wewill employ thewidely used

latitudeandlongitudenotions.The®rst angle� 1 representsthe latitudefrom which we arelooking at the

hand,thesecondangle� 2 representsthelongitude.We have de®ned� 1 2 [0; � ], with zeroand� beingthe

polesof thesphereand� 2 2 [0; 2� ). Thus,in summaryour full handmodelhas22DOF.

6.1.2 3D Hand Motion Datasets

Using a CyberGlove, we collectedapproximately9,000examplesof 3D handposes.This dataincluded

handcon®gurationsfrom AmericanSign Language(ASL) andothercon®gurationsinformally performed

by severalsubjects.Usingcomputergraphicsandanarti®cial handmodel,we thenrenderedeachcaptured

handposefrom multiple viewpoints on the view sphere. We de®neda set of 86 viewpoint anglepairs

(� 1; � 2) sothat thespheresurfaceis sampledapproximatelyuniformly. Thuswe obtaineda full datasetof

9; 000� 86 views. Eachview hasanassociatedbinaryimagemask(silhouette),anda22 DOFposevector.

Fig. 3 shows the86 viewpointsusedin thedatasetfor aparticularcon®guration.

From thesesilhouettes,we extract the visual featuresthat will be usedfor further processing.In our

implementation,we usedtwo classesof features(thesefeaturesarenot usedtogether):Hu momentsand

Alt moments.Alt moments[1] aretranslationandscaleinvariant,but not rotationinvariant. Hu moments

[19] areinvariantto translationandscaling,but alsoinvariantto rotationin theimageplane.Thesemoment
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featureswereusedin our implementationbecausethey are relatively easyto compute,and they provide

invariantsthat areappropriatefor our demonstrationapplication. However, our generalformulationcan

be usedwith othervisual featurerepresentationsif desired.Detailedexaminationof the featureselection

problemis outsidethescopeof this paper, andremainsa topic for futureresearch.

Wede®netwo experimentaldatasets:

1. Hand-Single-View: In this dataset,thehandis viewedfrom only oneviewpoint (� 1 = � =2, � 2 = 0),

generallymakingthepalmof thehandvisible. SilhouettefeaturesarecomputedusingAlt moments.

This yieldsapproximately9,000input-outputpairs.

2. Hand-All-Views: In this dataset,the handis viewed from all 86 viewpoints. Silhouettefeaturesare

computedusingHu moments.This yieldsapproximately750,000input-outputpairs.

6.1.3 Hand Detectionand Segmentation

For live videoinput,we will usevideosequencescollectedwith a color digital camera.It will beassumed

that thesesequenceshave a staticbackgroundandonly onepersonis present.In this implementation,we

arenotconsideringhandocclusionanalysis,whichby itself is adif®cult task.Oursystemtracksbothhands

of theuserautomaticallyusingaskincolor tracker [35, 32].

6.2 2D Human Body PoseEstimation

In this application,our goal is to recover thearticulatedposeof a humanbodyobserved in a singleimage.

Themethodologyfollowed is very similar to thatusedin theestimationof handpose.However, insteadof

joint angles,bodyposewill bespeci®edin termsof marker positionsat a predeterminedsetof joints. We

will estimatethe2D positionsof thesebodymarkersin theimageplane.

6.2.1 Human Body Model

The humanbody model is de®nedin termsof 20 3D marker positions(60 DOF). The 20 markers are

distributedasfollows: threemarkersfor thehead,threemarkersfor thehip/backbonearticulation,plusone

marker for eachshoulder, elbow, wrist, hand,knee,ankle,andfoot. For computergraphicsrendering,the

bodymodelis composedof cylindersof equalwidth. Thecylindersconnectthemarkersto form thestandard

humanbodystructure.Thethoraxis modeledusinga widercylinder. Becauseweareonly interestedin the

shapeof theprojectedmodel,wedo not includetextureor illumination in our rendering.
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6.2.2 Human Body PoseDataset

Humanbody motion capturedata was obtainedfrom several sources: http://www.biovision.com,Matt

Brand's dataset[5], andseveral demosequencesin thesoftwarepackageCharacterStudio. In total there

are 32 capturedsequencesthat depict variationsof different activities: dancing,walking, kicking, wav-

ing, throwing, jumping,signaling,crouchingdown. Thetotal numberof framescollectedis approximately

7,000,mostlyat30frames/second.Usingcomputergraphicsandourarti®cialbodymodel,wethenrendered

eachframefrom 16 equally-spacedviewpointson theequatorof theview spherecenteredat thehip of the

bodymodel.For eachview, we alsousedthecameramodelto obtainthe2D marker positionsin theimage

plane. Thuswe obtaineda full datasetof approximately7; 000� 16 views. Eachview hasan associated

binaryimagemask(silhouette)anda40 DOF projectedmarker vector. Fromthesilhouettes,weextractthe

visual featuresthatwill beusedasinput. We have chosenAlt moments[1] asour visual features,mainly

dueto their easeof computationandinvarianceto translationandscaling.We call this theBody-All-Views

dataset.

6.2.3 Detectionand Segmentation

For live video input, we usesequencescollectedwith a color digital camera.It is assumedthat thesese-

quenceshaveastaticbackground,only onepersonis present,andthepersonis fully-visible. Weuseasimple

andwidely-usedhumanbodysegmentationscheme[17, 40]. Thetechniqueemploys statisticallearningto

acquirea modelof the backgroundappearance,whereeachpixel's color (luminance)is representedby a

Gaussiandistribution. Segmentationis thenapproachedusingmaximum-likelihood, whereeachpixel is

classi®edasbelongingto thebackgroundor theforeground(humanbody).

6.3 Common Implementation Details

Weknow brie�y discussimplementationdetailscommonto bothapplications.

6.3.1 Mapping Functions

In Sec.3, it wasnot speci®edwhat classof (deterministic)mappingfunctions� k wereto be used. Our

framework is practicallyindependentof thischoice.However, from Eq.11wecannoticethatthereareclear

advantagesin theM-stepif thesefunctionsaredifferentiablewith respectto theirparameters.In thecaseof

quadraticor linearfunctions,theM-stepcanbeperformedexactly in onestep.However, thepowerof these

functionsis limited. In our implementationeachfunctionis a multi-layerperceptronwith onehiddenlayer
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(MLP). For this non-linearfunctiontheredoesnot exist a closed-formsolutionfor Eq.11. Weusedfour to

®ve iterationsof theconjugategradientdescentmethodperM-step.

6.3.2 Generative Model Details: FeedbackFunctions

Thereare at least two ways to de®nethis function. On the one hand,� could be a computergraphics

renderingfunction. On the otherhand,we could estimatean approximate�̂ given a setof output-input

training examples. In our implementation,we experimentedwith both ideas. For � , we usedcomputer

graphicsrenderingsof our handand body modelsobtainedvia OpenGL.For �̂ , we useda one hidden-

layer perceptron,with twenty hiddennodes. In our experience,this provides an adequateand ef®cient

approximation.

Theapproximatefeedbackfunction is usefulprimarily becauseit is fasterto computethana graphical

renderingfollowed by visual featurecomputation.The key issueto keepin mind is that the feedback

mapping is assumedto be simple (one-to-oneor even many-to-one) or that it has a known form,

otherwiseif weassumetoo simple functional forms, wewould only intr oducemore estimationerrors.

Of course,this is just a practical issue. If thefeedbackmappingis toocomplex to approximateeasily, we

couldalwaysrely on theavailablefeedbackfunction� .

6.3.3 Computational Performance

For an Athlon 1400PCwith 2GB memory, runningunoptimizedMatlab6.0 code,it takesapproximately

®ve hoursto train a modelwith 10 dimensions(input) and10 dimensions(output),using4500patterns,

and40 singlehiddenlayer perceptronswith ®ve hiddennodeseach. The systemcaninfer body posesat

approximately11 framesper second,using the MeanOutput (MO) algorithm. This approach's related

computationstake approximately70% of this time. This time includesOpenGL-basedrenderingof body

posesin � . Therestis spentin segmentationandfeaturecalculations.TheMultiple Sample(MS) algorithm

takestimeproportionalto thenumberof samplesused.Of course,segmentationandfeaturecomputationfor

thesegmentedimageis doneonly once.Wenoticedthatfor our implementation,if weusetheapproximate

feedbackfunction,�̂ , therenderingtime is reducedto approximatelyone-fourth.

6.3.4 Early StoppingDuring Training

Duringmodeltraining,weusedcross-validationfor earlystoppingandto avoid over-®tting asfollows:

� Trainingdata: Stopif thelog-likelihoodchangeslessthan0.5%averagedover thelastteniterations.
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� Held out data: Stopif the held out datalog-likelihoodaveragechangeis negative over the last ten

iterations.Heldoutdatawaschosenin thesameway asthetrainingandtestdata.

� Numberof iterations: Stopif amaximumof 200iterationsis reached.

7 Experimental Results

Wenow presentexperimentalresultsobtainedusingourapproachin estimatingtheposeof thehumanhand

andbody. For many additionalperformanceexperimentsnot includeddueto spacelimitations,thereaderis

referredto [31] andfor severalMO estimationvideostohttp://www.psi.toronto.edu/� romer/SMAHandVideos.htm.

TheSMA applicationindependentMatlabcodecanbefoundathttp://www.psi.toronto.edu/� romer/SMACode.htm.

7.1 Hand PoseEstimation Givena Fixed CameraViewpoint

In our ®rst experiments,our approachis testedin thetaskof recovering3D humanhandposegivena ®xed

cameraviewpoint: aview towardsthepalmof thehand.For training,weusedtheHand-Single-View dataset,

whichcontainsa totalof approximately9,000examples.Of these,3,000wereusedfor trainingandtherest

for testing.All experimentswereperformedonatestsetthatsharednocommonposeswith thetrainingset.

Theinput-outputpairswerethende®nedasfollows. Theinputconsistedof 10Alt momentscomputedfrom

thesilhouetteof thehand,asdescribedin Sec.6.1.Theoutputconsistedof 20 joint anglesof ahumanhand

linearlyencodedby ninevaluesusingPrincipalComponentAnalysis(PCA).

The numberof mixture componentsfor the discriminative model (mappingfunctions)wasset to 20.

This numberwasfound to be optimal in the senseof the Minimum DescriptionLength(MDL) principle

[30]; we foundthis numbervia a roughmodelsearch(testingMDL andgettingthescorefor theoptimized

modelwith 10,12,...,24functions).Eachmappingfunction(for eachof theGaussiansin themixture)wasa

MLP with sevenhiddenneurons.

7.1.1 Quantitati ve Results

We randomlyselectedapproximately4,000framesnot includedin the trainingset. Sinceground-truthis

available,we usedthe averageabsolutedifferenceper joint angle(betweenground-truthandestimate)as

errormeasure.Table 2 summarizesour results(seecaption).

Theseexperimentsquantitatively con®rmedthatMO inferenceprovidesa reasonableapproximation,at

leastfor this dataset.Recallfrom Sec.5.5thatMO inferencewasbasedon thepremisethatthemost-likely
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MO-MAP (�̂ ) MS-MAP (�̂ ) MS-20(�̂ ) MO-MAP (� ) MS-MAP (� ) MS-20(� ) Rand/trainRange
Ê 0.1322 0.1667 0.1465 0.1651 0.1769 0.1785 0.4294 1.55
� 2

Ê
0.0317 0.0415 0.0371 0.0425 0.0452 0.0547 0.1630 -

Table2: MeanabsoluteerrorÊ andvariance� 2
Ê
. Inferenceperformanceusingdifferentrenderingfunctions(� and�̂ )

andinferencealgorithms(MO-MAP andMS-MAP). Also shown, theaccuracy of themostprobablereconstructions
givenby MS (MS-20).As a pointof comparison,resultsarepresentedfor analgorithmthatrandomlychoosesoneof
thetrainingexamplesasresult(Rand/train).Theaveragerangeof thedatais alsoshown asareferencepoint. All units
arein radians.

GT

MO

GT

MO

GT

MO

Figure4: 40 examplesof estimatedhandposeschosenuniformly at random.ReconstructionfoundusingtheMean
Output (MO) approach.The feedbackfunction usedwasestimatedfrom data. Eachexampleconsistsof a pair of
images:ground-truth(top),andestimateobtainedusingthemeanoutputalgorithm(bottom).

reconstructiongiven by eachdiscriminati ve mixtur e componentprovidesa goodapproximationto the

bestsolutiongivenby thefull probabilitydistribution.

Fig. 4 shows examplereconstructionsobtainedvia theMO approach.In many cases,thereconstruction

is closeto the groundtruth. In other cases,the silhouetteis highly ambiguous,and the reconstruction

doesnot matchgroundtruth. A goodexampleis shown in imagepair number34 (the last row-pair, fourth

column),wherethecamera's imageplaneis perpendicularwith theaxisof thepinky ®nger. Note that the

estimatedhandposedisagreeswith theground-truthin theseveral joint anglesassociatedwith this ®nger.

Similareffectswith otherjoint anglescanbeseenin examplepairs8, 16,27,etc.
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Ambiguouscon®gurationsareindeedvery commonwith a binary imagerepresentation.Note that in

other ambiguouscasesshown in Fig. 4 reconstructionis closer to groundtruth, e.g., pairs 19, 20, etc.

Possiblereasonsfor thisagreementarediverse:

1. The input is not really ambiguous(probabilisticallyspeaking)in the observation space.The other

possibleoutputs(geometricallyspeaking)associatedwith this input maybe very unlikely given the

trainingset.Thisdependson theunderlyingstructureof thecon®gurationmanifold.Oneof themain

goalsof a learningalgorithmis to ®nd this structure.Indeedtheseresultsshow thatour algorithmis

®ndingthisstructure,sincein mostcases,MO ®ndsavalid samplefrom themanifold.

2. The learned discriminati ve model wasaccurateat modeling the given input using a singlemix-

tur e component(i.e., few mappingfunctionsweretrainedto mapthis input, thereforetherestof the

functionsproducedirrelevant(bad)outputs).

3. By chance,amongmany very similarly probablesolutions,the right onewas chosen. Of course,

evenwith thehelpof chancein this case,thediscriminative modelneededto beaccurateenoughat

approximatingthetrueposteriorsothatsampleswererelevantatall.

7.1.2 Experimentswith Real Images

We now testour approachusinguncalibratedvideo sequences,wherethe camerais pointing towardsthe

palmof a person's hand.On average,thehandoccupiedanareaof approximately200� 200pixels. Seg-

mentationwasobtainedasdescribedin Sec.6.1.3.In the®rstexperiment,weusetheMO approachto obtain

asinglebestestimatefor eachsegmentedhand.Estimatesfor 40frames,taken0.9secondsapart,areshown

in Fig. 5. Visuallywe cannoticethatin mostcasestheestimateis aplausibleexplanationof thesegmented

silhouette.However, therearealsoa few inaccuratereconstructions.

In general,it is expectedthatthemodelcannotperformwell in all con®gurations(this is truefor almost

any machinelearningmodel)dueto thefollowing reasons:

1. Theproposaldistribution q(hjx) doesnot resemblethetrueposteriordistribution p(hjx) at thepar-

ticularx = x � : learningis theresultof optimizinganexpectedor averageerror.

2. Therealhandandsynthetichandmodelfeaturesaresimilarbut not thesame.Anthropometricdiffer-

encescanin�uence inferenceaccuracy.

3. Eventhebestmodelcouldfail in somecon®gurations.Informationtheorytells usthatthis is always

thecaseexceptwhenthe informationin thefeaturesis equalto theentropy of thebodyposecon®g-
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urations;in otherwords,whenfeaturestell useverythingneededaboutthecon®guration.Otherwise,

theremightbemultipleexplanationsfor agivenvisualfeaturevector.

In orderto testtheability of thesystemto provide thesemultiple explanations,we testedtheMultiple

Samples(MS) approach.Fig. 6 shows theestimatesfoundusingMS. Theseestimatescanbeinterpretedas

possiblehypothesesof handcon®gurationsgiventhesilhouettes.Note that MS tendsto bias the hypothe-

sestowards samplesfrom the distribution q(hjx � ), but we can account for this when building a full

probability distribution, asexplainedin Sec.5.3

RV

MO

RV

MO

RV

MO

Figure5: 40 examplesof estimatedhandposescapturedevery 0.9secsfrom realvideo(RV). Reconstructionfound
usingtheMeanOutput(MO) approach.Thefeedbackfunctionwascomputedusingcomputergraphicsrendering.

7.2 3D Hand PoseReconstructionGivenan Unrestricted CameraViewpoint

Our approachis now testedin thetaskof recovering3D humanhandposefrom anunknown cameraview-

point. For training,we usedtheHand-All-Views dataset,which containsa total of approximately750,000

examples.Of these,18,000wereusedfor trainingandtherestfor testing.Theinput-outputpairswerethen

de®nedasfollows. The input consistedof seven Hu momentscomputedfrom the silhouetteof the hand,

asdescribedin Sec.6.1. The outputconsistedof 20 internal joint anglesof thehandandtwo orientation

angles.This 22DOF representationwaslinearlyencodedby ninevaluesusingPCA.
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Figure6: ExampleestimatedhandposesobtainedusingtheMultiple Sample(MS) approachusingrealvideo(RV).
Thefeedbackfunctionwasestimatedfrom data.

Thenumberof mixtur e components(mappingfunctions)wassetto 45. This numberwasdetermined

via theMDL criterion,asbefore(testingfor thebestMDL scoreusingamodelwith 35,37,...,51functions).

EachfunctionwasaMLP with sevenhiddennodes.

25



(a) 0 20 40 60 80 100 120 140 160 180
0.25

0.3

0.35

0.4

0.45

0.5

0.55

0.6

0.65

0.7
Performance at given camera viewpoint latitude (avg over longitude)

Latiude  x p/8

A
bs

ol
ut

e 
er

ro
r 

pe
r 

m
ar

ke
r

(b) 0 20 40 60 80 100 120 140 160 180
0.2

0.25

0.3

0.35

0.4

0.45

0.5

0.55

0.6

0.65
Performance at given camera viewpoint latitude (avg over longitude)

Latitude in degrees

M
ea

n 
ab

so
lu

te
 e

rr
or

 p
er

 m
ar

ke
r 

(in
 r

ad
ia

ns
)

Figure7: MeanOutput(MO) inferenceperformancefor unrestrictedview testsatgivenviewpointlatitudes(averaging
over longitude).Thefeedbackfunctionis (a) theestimated̂� (b) thecomputergraphicsrendering� . A frontalview of
thehandpalmis at latitude� 1 = � =2 , longitude� 2 = 0. For reference,theperformanceof analgorithmthatchooses
theestimateat randomfrom thetrainingdatais shown. Theanglerangeis in average1.87radians.

7.2.1 Quantitati ve Results

As before,we computedtheabsoluteerror in estimatinghandpose,andquantitatively comparedthis mea-

sureacrossviews. Fig. 7 shows theerrorof themostlikely estimatefoundusingtheMO approach.From

thegraphsweseethatviewstowardsthepalmof thehand(90� ) areslightly easierto reconstructonaverage,

while thevarianceseemssimilar acrossviews. As expected,theaverageerror is higherthanthatobtained

for the®xedview handposereconstructionexperiments.It seemsthatfor unrestrictedhandviews it is abit

advantageousto usethecomputergraphicsfeedbackfunction � . This is probablybecauseestimatingthis

inversemapping�̂ (to de�ne the generative model) over unrestrictedviewpoint is morecomplicatedthan

for only frontalhandviews (andthemappingis likely to bemorecomplex also).

Fig. 8 shows the resultsusing the MS approach. Fig. 8(a) shows the error associatedwith the best

sample. This error behaves very similarly to the MO error. Fig. 8(b) shows the averageerror computed

usingthebest20 samples.This erroris higherthanthatof thebestsample.Notethatthis is not anobvious

resultgiven that the bestsampleis determinedwithout having knowledgeof ground-truth. In fact, if the

averageerrorof thebest20 sampleswerelower thanthatof thebestsample,thenwe could infer thatour

algorithmis very inaccurateatdeterminingwhatsamplesarebetter. Thusthis resultpositively endorsesour

MS algorithm.

For comparison,we usedtheground-truthto selectthebestsample,basedon minimumerror. In other

words,wehaveanoraclethatpicksthesampleclosestto theground-truth.Theresultingperformancegraph

is shown in Fig. 8(c). This representsthelower-boundon thereconstructionerrorusingthelearnedforward

model. The graphis interestingin the sensethat it separatesthe errorsfrom the forward and feedback

models.
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Figure8: Multiple Samples(MS) inferencefor unrestrictedview testsat givenviewpoint latitudes(averagingover
longitude).Feedbackfunctionsis theestimated̂� . A frontal view to thehandpalmis at latitude� 1 = � =2 , longitude
� 2 = 0. (a) Most probablesample.(b) Averageover all samples(20 mostprobablesamplestaken). (c) Bestsample
(determinedusingground-truthinformation for comparison).For reference,the performanceof an algorithmthat
choosestheestimateat randomfrom thetrainingdatais shown. Theanglerangeis in average1.87radians.

7.2.2 Experimentswith Real Images

Wetestourapproachusingvideoof hands(in any orientation)collectedfrom asingleuncalibratedcamera.

Poseestimatesfrom 40 frames(taken every 0.9 secsapart)obtainedvia the MO approachareshown in

Fig. 9. Note that thereareincorrectly-segmentedhandsin this sequence.We decidedto leave thesein to

avoid framerearrangements(losingtheuniformframesampling),to show thatsegmentationdoesnotalways

work correctly, andto show that this approachis inherentlyrobust to extremesegmentationerrors. In this

experiment,therewasusuallyvisualagreementbetweenreconstructionandestimateasseenin the®gure.

Note that even for a humanobserver, looking at the segmentedsilhouettesin the ®gure,reconstructionis

sometimesambiguous.Therearealsosomecon®gurationsfor which thesystemdid notperformcorrectly.

Fig.10showstheestimatesobtainedvia theMS approach.Theframesshown weretakenapproximately

every 0.9seconds.In thesecondrow, we canseesomelimitationsof theHu momentfeaturespace:some-

times,differenthandorientationsareverysimilarin thefeaturespace.Theseapparentlydifferenthypotheses

arecloseto eachotherin termsof their probability, given the features.Thesameeffect repeatsclearly in

the third andsixth row. This problemmight be alleviatedby usinga different input featurespace.At an

extremeonemight considerthefull silhouetteasa feature.Of coursethereareimportanttrade-offs to take

into accountwhenconsideringdifferentfeatures;e.g.,invariants,anddimensionality.

7.3 2D Human Body PoseReconstruction

In orderto show thatourapproachcanbeemployed,with nochange,to performothersimilartasks(possibly

with a different representation),herewe now conductperformancetestsin the taskof estimatinghuman

body posefrom a single image. The goal is to estimatethe 2D locationsof body markers in the image,

givenvisualfeaturescomputedfrom theperson's silhouette.In this experiment,we usetheBody-All-Views
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Figure9: 40 examplesof estimatedhandposescapturedevery 0.9secsfrom realvideo(RV). Reconstructionfound
usingtheMeanOutput(MO) approach.Thefeedbackfunctionwascomputedusingcomputergraphicsrendering.

dataset,which containsa total of of over 100,000samples.Of these,8,000wereusedfor trainingandthe

restfor testing.Theinput-outputpairswerede®nedasfollows. Theinput consistedof the10 Alt moments

computedfrom thesilhouette.Theoutputconsistedof 20 2D marker positions(40 DOF),which werethen

linearlyencodedby ninevaluesusingPCA.

The numberof mixtur e componentsin the discriminati ve model wasset to 15. This numberwas

determinedvia theMDL criterion,exactlyasbefore.Eachfunctionis aMLP with sevenhiddennodes.

7.3.1 Quantitati ve Results

Fig. 11 shows the reconstructionobtainedwith the MO approachfor framestaken from threesynthetic

sequencesexcludedfrom thetrainingset.Theagreementbetweenreconstructionandobservationis easyto

perceive for all frames.Also, for self-occludingcon®gurations,theestimateis still similar to ground-truth.

Fig. 12 shows theaveragemarker errorandvarianceperbodyorientationin percentageof bodyheight.

Notethattheerroris biggerfor orientationscloserto 0 and� radians.This intuitively agreeswith thenotion

that at thoseangles(side-views), thereis lessvisibility of the body parts. We considerthis performance

promising,given the complexity of the taskandthe simplicity of the approach.Justasa referencepoint,

by choosingposesat randomfrom thosein thetrainingset,theRMSEwas10.35%of bodyheight(with a
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Figure10: ExampleestimatedhandposesobtainedusingtheMultiple Sample(MS) approachandrealvideo(RV).
Thefeedbackfunctionwascomputedusingcomputergraphicsrendering.

standarddeviationof 4.4%).In relatedwork, quantitative performancehasusuallybeenignored,in partdue

to thelackof ground-truthandstandardevaluationdatasets.
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Figure11: Examplereconstructionof framesfrom testsequenceswith computergraphics-generatedsilhouettes.
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Figure12: Rootmean-square-error(dividedby numberof markers)andvariancepercameraviewpoint(every2� =32
rads.).Units arepercentageof bodyheight.Approx. 110,000testposeswereused.

7.3.2 Experimentswith Real Images

We now testtheapproachusingrealvideosequencesof humanbodymotion. We usethebasicsegmenta-

tion approachdescribedin Sec.6.2.3to obtainsilhouettes.Fig. 13 shows examplesof systemperformance

obtainedvia theMO approachfor several relatively complex motionsequences.Even thoughthe charac-

teristicsof thesegmentedbodydiffer from theonesusedfor training,goodperformanceis still achieved.

Most reconstructionsarevisually closeto what canbe thoughtof asthe right posereconstruction.Body

orientationis alsoaccurate.In the Figure, we can seetwo particularly dif�cult con�gurations at the

secondrow of real video (RV) images,fourth-sixth columns; the arm con�guration is dif�cult to es-

timate. This could be due to the lack of relevant training data, asa consequencethe discriminati ve

model q may not approximate the generative model p very well around the input vector. In general,

an important issueto keepin mind is that the visual differencesbetweenthe rendered model and the

real body observed could becomecritical and thus accuraterendering may be desirable. This varies

from application to application; however in any casethe general inferenceapproachpresentedhere
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remainsthe same.

In thiswork, wedid notpursueuseof amorerealistichumanbodyrenderer. Dueto differencesin shape

andwidth of bodycomponentsobserved in trainingversustesting,thevisual featuresmaydiffer. This is a

relevantpointsincein almostall learnigmodels,it is expectedthatthetrainingdatabeagoodapproximation

to the real testdata. Improving the matchbetweenvisual featuresusedin training andtesting,andthus

potentiallytheoverallperformance,is anareathatweplanto investigatein futureresearch.Despitethe fact

that we have ignored differencesin anthropometric characteristicsbetweenCG and real silhouettes,

the performanceobserved for both articulated objects(hands- human bodies)is excellentgiven that

only a singleimageis assumedavailable.
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Figure13: Reconstructionobtainedfrom observinga humansubject(every10thframe).

8 Conclusions

In this paper, we have describeda novel method that allows us to infer 3D and 2D articulated body

posefrom observedvisual featuresin a singleimage,a problemusually regardedasill-posed.This was

doneby combining generative and discriminati ve modelsto solve the complexprobabilistic inference

problem. This approachis mostusefulwhenthe generative model is accurate(e.g., wehavean inverse

mapping function) but it is dif�cult to perform inferenceusing this modelalone.

In order to solve the inferenceproblem (and alsoperform MAP estimation), we have shown that

a mathematically sound approach is to usea discriminati ve model and learn its parameters using

relevant training data. The probability distribution implied by the discriminati ve model can be used

asa proposaldistribution to generatesamplesand �nd a posterior probability distribution (perform

approximate inference)under the (accuratebut complex)generative model.
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When comparing it to other relevant methods,we can �nd alternative (dual) interpretations of

this framework. The useof a generative model (through � ) affords an alternative to complex dis-

criminati ve models;for example,it is an alternative to the gating networks of the Mixtur e of Experts

paradigm [23]. In general, instead of learning increasinglycomplex discriminati ve modelssuch as

[16, 12], wecanexploit an accurategenerative modeland learn a simpler discriminati ve model.

Our approachwas demonstratedin a computervision systemthat can estimatethe articulatedpose

parametersof a humanbody or humanhands,given featurescomputedfrom a single image. This is a

particularlydif®cult problembecausethis mappingis highly ambiguous,complex and it is infeasibleto

performinferenceusingthe discriminative model. We have obtainedpromisingresultseven usinga very

simplesetof imagefeatures,suchasmomentinvariantsof thebodysilhouette.Choosingthebestsubsetof

imagefeaturesfor thisapplicationis by itself a complex problem,anda topicof ongoingresearch.

This approachoffers several advantagesover many previous methodsfor articulatedposeestimation.

Thesehave tried in numerouswaysto usecamerageometryand/ormodelregistrationto performposeesti-

mation,resultingin iterative proceduresthatrequirecarefulchoiceof initial conditions(modelplacement).

We have shown how in somecasesthesealternative approachescouldbeseenasinferring a posteriordis-

tribution usingthegenerative modelonly. In this approachno iterative minimizationmethodsareusedin

poseinference.Moreover, inferenceis fully automatic– no manualinitialization of thearticulatedmodel

is required. Anothersetof previous approachesattemptto learnarticulatedmodeldynamics[5, 18, 37];

however, learningdynamicsrequiressubstantiallymoretrainingdata,andtendsto producesystemsthatare

biasedtowardsspeci®cmotions.Our framework avoidsthisandinfer posefrom asingleimageonly.

Applicationsneednot be limited to the vision domain. As a simple example,one could apply this

approachin speechrecognitionproblems,wheretheinput spaceis givenby featurescomputedon acoustic

signals(e.g., cepstralcoef®cients),andtheoutputspacecouldbe thespaceof phonemes.In this case,the

generative model(feedbackfunction)would involve anacousticalrenderingof phonemes.

Several interestingproblemsremainfor futurework. Within thecontext of articulatedposeestimation.

For example,(1) adaptthe systemto a speci®cbody morphology, oneof the major issuesaffecting per-

formanceand(2) integrationof poseestimationwith imagesegmentationfor potentiallygreaterrobustness

to occlusionandnoise. Methodsfor incorporatingknowledgeof dynamicsin thesameframework should

be investigated,asdiscussedin [31]. Anothergeneralproblemis how to learnwhat thebest(e.g., visual)

featuresarefor speci®cproblemsor datasets.While promisingadvanceshave beenmade,extensionof our

framework to incorporatesuchconceptsremainsa topic for futureinvestigation.
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