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Abstract

We develop a methodfor the estimationof articulatedpose,suchasthat of the humanbody or the
humanhand,from a single (monocular)image. Poseestimationis formulatedasa statisticalinference
problem,wherethegoalis to nd a posteriorprobability distribution over posesaswell asa maximum
a posteriori(MAP) estimate.The methodcombineswo modelingapproachespnediscriminatize and
the other generatie. The discriminatve model consistsof a setof mappingfunctionsthat are con-
structedautomaticallyfrom alabeledtrainingsetof bodyposesandtheir respectie imagefeatures.The
discriminative formulationallows for modelingambiguouspne-to-mag mappinggthroughthe useof
multi-modaldistributions)thatmayyield multiple valid articulatedoosehypothesefrom asingleimage.
The generatie modelis de ned in termsof a computergraphicsrenderingof poses.While the gener
ative modeloffersan accuratevay to relateobsened (imagefeaturesandhidden(body pose)random
variablesijt is dif cult to useit directlyin poseestimationsinceinferences computationallyntractable.
In contrast,inferencewith the discriminatve modelis tractable but considerabljlessaccuratefor the
problemof interest. A combineddiscriminatve/generatie formulationis derived that leveragesthe
complimentarystrengthsof both modelsin a principledframework for articulatedposeinference.Two
ef cient MAP poseestimatioralgorithmsarederivedfrom this formulation;the rst is deterministicand
the secondnon-deterministic.Performancef the frameawvork is quantitatvely evaluatedin estimating

articulatedposeof boththe humanhandandhumanbody.
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1 Intr oduction

An essentiataskfor vision systemss to infer or estimatethe stateof the world given someform of visual
obsenrations. From a computational/mathemasicperspectie, this typically involves facingan ill-posed
problem;relevantinformationis lost via projectionof the three-dimensionalorld into a two-dimensional
image.In this paperthefocusis oninferring the poseof anarticulatedobjectin animage,in particularthe
poseof a humanbody or humanhand. Humanscanoften solve suchposeinferenceproblems.evenwhen
givenonly a relatvely poorquality, low-resolution,monocularimage. It is believed that humansemploy
extensve prior knowvledgeabouthumanbodystructureandmotionin solvingthisill-posedtask[23]. In this
papey we considerthow a computetvision systemmight learnsuchknowledgein the form of probabilistic
models,andhow to employ suchmodelsin analgorithmfor reliableposeinference.

For purpose®f computationthe estimation/inferencéask canbe de®nedasfollows: given anobser
vationvectorx 2 <€ thatwasextractedfrom animageof a personestimatethe parameterizedrticulated
poseasavectorh 2 <!'. Thecueandtamgetvectorspaces ¢ and<! arecontinuous.Generallyspeaking,
usinga machinelearningapproachthis taskmay be regardedasa function' : <¢! <! thatmapsan
input vectorof visual obserationsto an outputvectordescribingthe bestarticulatedpose;we referto this
taskas(MAP) estimation.More generallyin probabilisticinferencethe mappingfunctioncouldproducea
posteriorprobability distribution,' : <! P, whereP is afamily of probability densityfunctionson<*.
Notethatin generalsolvingtheinferenceproblemdoesnotimply solvingthe MAP estimationproblem.A
numberof generalquestionsarise. Whatform shouldthe mappingfunction' take? How canthe mapping
function be estimatedrom training data? How canthe approachincorporateprior knowledgeaboutthe
problemstructure?How canapproximatdnferencebe performedef®ciently andaccuratelyif exactinfer-
enceis intractable?Thesequestionarefundamentahndcommonin statisticalearning,andonly in limited
instancesretheanswersmmediatelyclear(e.g., see[32)]).

Several perspecties or principlescould be emplo/ed to approacHearningtasks. Oftenit is not clear
whichis moresuitablefor the problemat hand. It will be usefulfor the purposeof this paperto distinguish
two perspecties: the generatte andthe discriminatve learningperspecties (e.g., see[29]). In the case
of learninggeneratte models,a joint distribution p(x; h) over the randomvariablesof the model (for
simplicity consideronly h andx) is estimatedrom data. Then,given an obseration, e.g., X, a posterior
probabilityp(hjx) overtheunobseredrandomvariablescould,in theoryt, becalculatedy invoking Bayes

rule. In contrast,usingdiscriminatve modelsthe posteriordistribution g(hjx) is directly built or learned

However, in practicethis taskcanbeintractableor lack analyticsolutions.This is animportantproblemin statistics.
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Figurel: Exampleambiguityin mappingbodysilhouettecuesin < ¢ to articulatedoodyposesn <!. Givensilhouette
X, posesa—h areall valid hypothesesin generalentireregionsin <! may containvalid poses.

(seeeq., [27, 38, 29 for furthercomparisonbetweertheseviewpoints).In thispapeywe favor theideathat
for poseestimationthe adwvantageof eachof theseviewpointscouldbe exploitedin a singleframenork.

If wetry to learnamappingdirectly; let ussayby estimatinghe parametersf aparameterizeéunction

:<¢1 <!asin adiscriminatve approachye encounteseveral problems.Theform requiredfor may
not be simple,becausehe mappingfrom obserationsto articulatedoosess generallyambiguougone-to-
mary), andthereforeno singlefunction may performthis mapping.An exampleis illustratedin Fig. 1; the
armlocationscannotbe uniquelyinferredgiventhe silhouettex andtherefore,a—h areall plausiblepose
con®gurationsThe handsandarmscanmove in suchaway thatthe silhouettedoesnot change Note also
thatposec is there ection of a: thecamerdooksatthebackratherthanatthefront of thebody Theremay
bedifferentregionsin <! thatcorrespondo rangef valid posesandtheseregionsmaynot be connected;
e.g., , someviewed from the front and othersfrom behind. An alternatve, to be usedin this paper is to
modelthisimage-poseelationshipusingmultimodaldistributions. Our approactwill allow usto keepthis
discriminatve modelsimple.

Let usnow considerthe inverse problem: given an articulatedposevectorh, generatets silhouettex.
With a computergraphicsmodelof the humanbody, one caneasilyrenderthe silhouettex. Thus,using
computergraphicswe canbuild afunction :<!'! <¢(mappingposeparameterso imagefeaturesyhat
canbe emplo/ed to de®nea generatie model. This will play animportantrole in developingthe frame-
work presentedn this paper Note thatthis generatre processs not necessarilya one-to-onemapping,
evenfor given camergparametershecausef noise,clothing,anthropometrizvariations,etc.; nonetheless,
it providesanacceptablapproximatiorin practice While theinversemapping providesvery usefulinfor-

mationaboutthe structureof the problem,unfortunatelyit cannotbeincorporateceasilyin adiscriminatve
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Figure2: Simpli ed graphicalllustrationof our methodfor estimatingoodypose(deterministicalgorithm): (a) given
aninputvectorx, we generatea setof hypothesegb) theinversemappingfunction is employedin evaluatingeach
hypothesis.

approachDespitehow simpleit is to evaluate , its inversemaystill be complex or maynot exist. In other
words,inferring h from x maybedif®cult.

In summarytheone-to-mag natureof the problemof mappingimagefeaturedo bodyposegprecludes
the useof discriminatve supervisedearningmethodsthat ®t a single or a ®nite numberof functionsto
thedata;e.g., , neuralnetworks regression supportvectormachineregressionpoosting,etc. On the other
handwe haveaccesgo :<!'! <Cthatgivenabodyposecanproducethecorrespondingmagefeatures,
which canbeusedto de®neavery accurateggeneratre model. However, aswill be shavn later, thisaccurate
generatre modelis challengingto usedirectly in body poseinference.Theview takenin this paperis that
it canbe effective to usetheindividual advantagef thesetwo complimentaryapproachegdiscriminatie
andgeneratre) to formulatean ef®cient solutionto the poseinference/learningroblem.

The paperis structuredasfollows. Sec.2 presentghe relatedwork andhow our work ®ts in with, and
differsfrom existing approachefor poseestimation.Sec.3 startsby proposingndependendiscriminative
andgeneratie modelsfor theproblemat handwithoutexplicitly creatingaconnectiorbetweerthem.Sec4
assumedghat thesetwo modelsare given and introducesinference. First inferenceis presentedor each
modelseparatelyandits shortcomingsliscussedthena methodthat combineshoth modelsis introduced.
Sec.4.3 presentghe generaformulation,while Sec.4.4 and4.5 concentraten algorithms. Sec.5 shavs
how to learnthe proposedmodels. Sec.6 describegshe applicationsconsideredand Sec.7 presentdhe
resultsof the experimentalevaluation. Sec.8 provides a discussionof strengthsand limitations of the

proposedapproachgonclusionsanddirectionsfor future work.



2 RelatedWork

In computewision, recovery of articulatedoodyposefrom imagesds oftenformulatedasatrading problem.
Usually link-joint modelscomprisedf 2D or 3D geometrigprimitivesaredesignedeforehando roughly
matchthe speci®cmorphologyof thetametin question[6, 11, 14, 30, 33, 39, 12, 41]. Meshmodelshave
alsobeenusedasanalternatve to link-joint models[16]. At eachframe,thesegeometricnodelsare®tted
to the imageto minimize somecostfunction that favors the overlap of the modeland associatedmage
regions(or motion). Althoughusuallynot statedthe®tting or costfunctionin mary casesmplicitly de®nes
(or canbe usedto de®ne)a generatie modelof the obsered image. Despitetheir descriptve power, this
family of approachebasanumberof critical dravbacks.Generallyanon-linearoptimizationproblemmust
be solved at every frame; this cansometimese equialentto MAP estimationwith a complex generatre
model. Carefulmanualplacementof the modelon the ®rst framein a video sequences also required.
Moreover, trackingin subsequenframestendsto be sensitve to errorsin initialization andnumericaldrift;
asaresult,thesesystemsannotrecorer from trackingerrorsin the middle of asequence.

To addresgheseweaknessespecializeddynamicalmodelshave beenproposed22, 30, 31]. These
methoddearna prior distribution over somespeci®cmotion class,suchaswalking. This prior is usedto
predictandhopefullyimprove the poseestimatesn future frames.However, this strongprior substantially
limits the generalityof the motionsthat canbe tracked a prior for a given classof motionsis generally
uselessvhenusedfor trackingobjectsundegoing a differentclassof motion;e.g.,walking vs. dancing.

Othermethoddfor constrainedrackinginclude[4], wherea subspacef allowable motionsis learned
from a setof examples.Theseexamplesandthe model(usuallylinear)areexpectedo be sufdcientto span
the setof possiblemotionsto be seenduringtracking. Thus,poseinferenceinvolves®ndingalinearprojec-
tion of the obsered dataonto the motion subspaceThis subspac@pproachalsolimits the generalization
power to motionsvery similar from thoseseenin thetrainingset. The underlyingprocesgo be modeleds
generallynon-lineargiven the representationthatare commonlyused. We believe this processannotbe
effectively explainedasalinearprojection.

In our approachwe avoid matchingimagefeatures(e.g.,imageregions, points,or articulatedmodels)
from frameto frame. Therefore we do notreferto our approachastradking perse.Thisis in directcontrast
with thetechniguesnentionedabore. A numberof otherapproachesalsodepartfrom the aforementioned
trackingparadigm.We summarizeéhesenext.

In [19] astatisticalapproachs employedto reconstructhe 3D motionsof ahuman®gure. Theapproach

employs aGaussiamprobabilitymodelfor shorthumanmotionsequencedt is assumedhat2D trackingof



the joint positionsin theimageis given; therefore this assumptiorimplicitly incursthe restrictionsfound
in all trackingapproaches.

In [42] dynamicprogrammings usedto calculatehebestglobalmatchingof imagepointsto prede®ned
bodyjoints, givenalearnedprobability densityfunction of the positionandvelocity of bodyfeatures.This
formulationimplicitly restrictedthe probability modelto the classof distributions de®nedby graphical
modelswith tree-widthequalto three;thus,inferencewas computationallyfeasible[24, 32]. Still, in this
approachtheimagepointsandmodelinitializationmustbeprovidedby handor throughsomeothermethod.

In [5], the manifold of humanbody dynamicsis modeledvia a hiddenMarkov modelwith anentropic
prior. Oncethe statesareinferredfrom obsenrations,a quadraticcostfunctionis usedto generate contin-
uouspathin con®guratiorspacej.e., bodyposespace.

In all of thenon-trackingapproachepistreferredmodelsof motionwereestimatedrom data.Although
the approachpresentedn this papercanbe usedto modeldynamics,we arguethatwhengeneralhuman
motion dynamicsare to be learned,the amountof training data, model complity, and computational
resourcesequiredcanbe impractical. As a consequencanodelswith unacceptablyarge priors towards
speci®cmotionsaregenerated Although by not modelingthe dynamicswe may be ignoring information
thatcouldbe usedto furtherconstraintheinferenceprocesstherearesomebene®ts For instancea model
for inferring body posethat doesnot considerdynamicsprovides invariancewith respectto speed(i.e.,
samplingdifferences)anddirectionin which motionsare performed. In addition, it is not assensitve to
temporaryframeerrors(e.g., droppedrames).Thishappensimply becaus¢his modeltreatscon®gurations
astemporallyindependenbf eachother Otherapproacheshat usea singleimageinclude[3, 15, 43];
however, mostof thesemethodsalsorequirethatprojectedoint locationsbegivenasinput. In theapproach
presentedn this paperthisis notnecessary

Theapproachntroduceds simpleandalsopractical.lt canbe describedasthatof mappingvisualfea-
turesto likely body con®gurationsandcanbe, roughly speakingsummarizedisfollows: At learningtime,
severalfunctionsthatmapvisualfeaturego poseparameterareapproximatedrom trainingdataemploying
a machinelearningparadigm.A uniqueaspeciof our approachs the combineduseof (1) thesemapping
functions(de®ninga discriminatve model)with (2) the inversemappingfunction (de®ninga generatie
model). At inferencetime, aftermultiple poseshave beenfoundusingeachof the above functionsfrom just
theinputvisualfeaturesthen transformgsheseposecon®gurationdackto thevisualfeature(obseration)
spaceln this spacewe canthenautomaticallychooseamonga setof reconstructiorhypothesegaccording
to a criterion of interest(seeFig. 1). Our approachavoids the needfor manualinitialization or tracking;

it therebyavoids the consequentliisadwantagesof tracking. Remarkablyrelatively few computationsare



numberof trainingexamples N

training set Z ="fzy;2z00
trainingexample(input,output)pair zi=(i; 1)

input (feature)training vector i2<¢
output(pose)trainingvector i 2<t

generatie anddiscriminative modelsprobability distributions p,q (respectiely)
obsenationrandomvariable(e.g., imagemoments) x2<¢
hiddenrandomvariableof poseparameters h2<t
inverse(rendering)unction (for generatre model) i<t <C

numberof samplesiuringinference S

aparticularobsenationor inputimagefeature X

output(pose)hypothesig a samplefrom g(hjx )) hy

estimateof mostlikely outputhypothesis A

discretesetof labelsfor mixture components C=f1:::;Mg
hiddenrandomvariablesassigningmixturecomponento trainingsamples y = (y1;:::;yn);yi 2 C
prior probability thatmixture componenk will beused k= Q(y = k)
mappingfunction parametevector K

discriminative modelparametergto belearned) = (1 My LM
posteriomprobability of k-th mixture componentor z; duringEM Qi =K =Qyi=Kkj i; i;)

Tablel: Somemathematicatymbolsusedin this paper

requiredfor inference We will now formalizeandexplain our approachn detail.

3 Probabilistic Models

We proposea probabilistic,nonlinearmethodfor combininggeneratie and discriminatve modelsfor ar
ticulatedposeestimation. The framavork emplgys a setof M functions  : <¢! <!, eachassociated
to a mixture componentn a mixture distribution; togetherthesefunctionsareableto approximateone-to-
mary mappings.In our approachthe functionsarejointly estimatedautomaticallyfrom training datavia
avariantof the Expectation-Maximizatiomlgorithm. The learnedconditionaldistribution over the output
spaceis thenusedasan approximatiorto thatimplied by a moreaccuratenodelde®nedwith the help of
theinversefunction (the generatte model),for which inferenceis intractable. This basicideais shavn
in aschematiavay in Fig. 1. Theapproximationis emplog/edin a similar way asa proposaldistribution is
usedto approximatesamplingfrom a morecomple distribution.

We begin by formally de®ningboth the discriminatve and generatie modelsto be emplo/ed. The
discriminatve modelwill be estimatedrom training dataandthe generatre modelwill be de®nedby a

renderingfunction . Thesemodelsrepresentwo views of the sameproblemandwill be usedtogetherin

our framework.



3.1 The Discriminati ve Model

Let Z = fzj;::;zy g be an obsered training setof input-outputpairsz; = ( j; ). Each ; 2 <€
is aninput (feature)vector andeach ; 2 <! is its correspondingutput (pose)vector A summaryof
mathematicasymbolsusedin this formulationis providedin Tablel.

We will approachour discriminatve problemasone of hiddenvariabledensityestimation. We begin

usesparameters = ( 1;:::; m; 1;:::; ™), Where i representshe parameter®f the k-th mapping
function, andis the prior probability that the k-th mappingfunction will be usedto map an input-output
pair.

Assumingindependencef obserationsgiven , we seekto maximizethe sum of conditionallog-
probabilities:

X
argmax  logq( ij i; ) (1)
X X _
argmax log  q( ij i;yi = ki ); (2)
i K

Due to the sumof termsinsidethe logarithmof Eqg. 2, this optimizationis computationallycostly for
largeM . However, avarietyof practicalapproximateptimizationmethodsexist, for example , methodghat
arebasedon alternatingoptimizationg9]. ExpectationMaximization(EM) [10, 28] updatesaredescribed

in Sec.5.

3.1.1 Choiceof a Lik elihood Function

Note thatthe above formulationis general.In particular the form of the probabilityq( j ;y; ) wasnot
speci®ed.A key questionin instantiatingour approachs: whatform shouldq( j ;y; ) take? Thisis, the
probabilitythatoutput wasgeneratedby thefunctiony, giventheinput andmodelparameters. In this

work we analyzethefollowing possiblecases:
1. A Gaussianoint distrikution of input-outputvectors:q( ; jy; )= N(( ; ); y; y)-

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

NC; vy )y
Thisformulationcanacceptherformsfor thelikelihoodfunction.
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3.2 The Generative Model

Our approachalsoinvolvesthe useof a generatie modelof images(or imagefeatures).In the problemof
humanbody poseestimationfrom a singleimagethis generatre modelcanbe de®nedn a simpleway. We
will assumehatanimageor imagefeaturesaregeneratedy samplingaposefrom a prior distribution p(h)

andthengeneratinganimageusingtherenderingunction suchthat:

p(xjh) = N(x; (h); ): 3)

It is importantto noticethat despitethe fact thatthe generatre modelcanbe de®nedin a simplemanner
thefunction is of a complex form. In our case,this makes probabilisticinferenceintractableaswill be

explainedlater

4 Inference

In this section,we refer to probabilisticinferenceas ®nding a full probability distribution for h oncean

obserationx = x hasbeenmade(someimagefeaturesvereobsered).

4.1 Inferenceusingthe Discriminati ve Model Alone

A valid approachio estimating/inferrindh is to usethediscriminatve modelalone.In our contet, inference
involves®ndingafull probabilitydistributionfor h givenx ; thediscriminatve modeldirectly providesthis
expression.

In MAP estimatiornwe justhave to maximizethis expressionThatis, we wantto ®nd themostprobable
outputh 2 <! for agivenobserationx 2 <©: h = argmaxy q(hjx ) = argmax P yq(hjx T Y)Q(Y),
whereq(hjx ) is a shorthandor g(hjx = x ). Any furthertreatmentdependson the propertiesof the
probability distributionsinvolved.

In both Caseq1) and(2) consideredn previous sectionswe canwrite q(hjx;y) = N (h; y(X); vy).
Thus,in eithercasewe have thatq(hjx ) is amixtureof Gaussianandif we wantto ®ndthe MAP estimate
we needto solve: i = argmax, P yN(h; y(x); y)Q(Y):

This resultwasobtainedoy emplog/ing the MAP principle usingour discriminatve modelalone. Here
we have assumedhat we know the model. In practicewe needto estimateor learn it (learningwill be
coveredin thenext section) butin generalg(hjx) will usuallybeanapproximatiorto thetrue conditional

distribution, obtainedusingthetrainingdata. Eventhoughwe could simply adoptthe above MAP estimate



asa solution,it shouldnot be surprisingthatwe couldimprove uponthis by usingour knowledgeof p, the

generatie model.

4.2 InferenceUsingthe Generative Model Alone

Usingthe generatre model,inferenceinvolves®ndingthe posteriomp(hjx = x ) (p(hjx ) asashorthand):

p(hjx ) = E(i)mx jnp(n) = 5N G s () )p() @
Zy, = NG (h):; )p(hych: )

Therearehowever atleasttwo dif®cult obstacle$or achiering this:(1) Theintegralin Eqg.5 cannotbesolved
easilyand(2) we do not have anexpressiorfor p(h).

In MAP estimationwe do not needto be concernedaboutobstacle(1) sincein MAP the goalis to
®ndh = argmaxy p(hjx) = argmax, N (x; (h); )p(h) becaus& is a constanwith respecto this
optimizationproblem.However, solvingfor A giventheobseredx is adauntingtask;thespaceof h istoo
largeto exploreexhaustvely and (h) toocomple to applystandardlirectedsearchechniquesdequately
If we couldstartthe searchusingapointh g thatwe knew wascloseenoughto the besth thenthis problem
could be mitigated. This ideais often emplo/ed in solving tracking problems,i.e., whenwe have close
enoughframes(in time andspace)andthe previous frameestimate(sganbetrusted.However, thegoalin
this paperis to solve for posefrom a singleimage,andsotrackingis notpossible.

Both obstaclegouldbeovercomef someha we couldaccuratelyobtainsampledlistributedaccording
top(hjx). Thosesamplexouldbeusedo (1) approximatehis posteriorand(2) ®ndthesamplewith highest
probabilityanduseit asa MAP estimateor asaninitial pointto searchfor a betterestimate However, we
cannoteven evaluatep(hjx) (otherwisethe inferenceproblemwould have beensolved) and,in addition,

accuratelysamplingfrom a givendistribution is anopenproblemin general[26].

4.3 Combining Generative and Discriminati ve Models. Importance Sampling

In general,samplingcanbe usedto estimateexpectationof a given function| (h) with respecto some
probability density (h) thatwe canevaluateat ary point, but from which we cannotsample.Let us say
we needto calculatethe integral | = R (h)I (h)dh, by approximatingl emplaiing S samples:[* =

%P S, 1(h®). Let p(hjx ) correspondo (h) (I (h) canbe ary function of the pose),but note we

cannotevaluatep(hjx ). However, in theimportancesamplingmethod,it is only necessaryo evaluatethe
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distribution up to a multiplicative factor It turnsoutthatin our problemwe canevaluatethejoint p(h; x )
whichis enoughsinceit is proportionaito p(hjx ).

Thequestionis how to appropriatelygeneratéhe samplego obtainthe bestestimate In theimportance
samplingmethodwe ®rst comeup with a proposaldistribution {h), which we canalsoevaluatebut from
whichit is possibleto sampleaccuratelythenwe samplefrom 4 h), but alsocorrectfor thebiasintroduced
whensamplingobtaining:

1% ph®:x )

(= pthX )
S r=1 O(h(S))

I (h®): (6)
It canbe shavn thatwhenS | 1. S(* 1) N 2) with: 2, = R(L'“‘c,s(),;+)|(h)
1)2 Yh)dh. Thus,the expectedvarianceof our estimatds proportionalto 2, andinverselyproportional
to S [26]. Sinceminimizing varianceis a reasonableriterion to consider we would like to knov what
the optimal proposaldistritution  %is in termsof minimizing the estimatevariance 2, for a®xedS. The

optimal proposaMlistribution is givenby aresultin [37, 7]:
Z
qh) = p(h;x ) p(h;x )dh; (7)

whichis equalto p(hjx ).

This makessensdn our simplecase(for a generalproof, see[37]), sincethis is the distribution in the
initial integral we wantedto solve. Onewould expectthatin thelimit of in®nite samplesthe bestestimate
for | whatever thefunctionl is, shouldbe obtainedwhensamplingfrom the exactdistribution involvedin
theintegral. Of coursewe know thatin our casewe cannotsamplefrom it. However, now we know (1) that
from animportancesamplingperspectie, we shouldsamplefrom p(hjx ) to minimize variance whichis
areasonableriterion,andalso(2) thatin this resultthereis no referenceo theexplicit p(h).

In this paperthemainreasorbehindusinggeneraire anddiscriminatve modelstogetheiis to tacklethis
particularproblemof samplingfrom a gooddistribution. We will usethe learneddistribution q(hjx) (the
discriminatie model)to approximate(hjx), butjustatx = x . Aswewill seein thenext sectionwe will
build this approximatioremplg/ing the maximumlikelihoodprinciple. Giventhewell known relationship
betweerML andKL divergencethiscanalsobeseems®ndingadiscriminatve (conditional)distributionq
thatis closeto the sampledconditionalp distribution (empiricaldistribution) in termsof the KL divergence

[2] (seeappendixXfor details).

11



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

We areusuallyinterestedn providing likely sampledrom the posteriordistribution, in particularwe might
beinterestedn themostlikely h. ThisistheideabehindMAP estimationwherewe areinterestedn ®nding
A = argmaxy p(hjx ) = argmaxy p(xjh )p(h).

We know thatthe discriminatve modeldistribution g(hjx) triesto approximatep(hjx), andtherefore
it is goodat minimizing the varianceof the estimator Due to this, we will usethe discriminatve model
distribution to provide sampledor MAP estimation.In MAP estimationwe sampleH sy = fhggs=1::s
usingtheproposallistribution g(hjx ). Giventhesamplestheproblemthebecomesdiscreteoptimization

problemthatcanbe solvedeasily(seeFig. 3 for pseudo-code):
§= argmaxp(x jhs) = argmin(x  (hs))” (x  (hs)); ®

by usingthe Gaussiarform of p(xjh) asgivenin Eq. 3. We remarkthatone canusethe samplesH gy,
as startingpointsto other more sophisticatednethods. For examplewe could useMarkov chain Monte
Carlo (MCMC) sampling[26, 46] to searchfor regions of higherprobability Also, insteadof stochastic
methodswe couldemplg standardyradientdescenmethoddo locally searchfor morelikely posesh (as
in tracking). Thesemethodsmay be helpful for somedistributions but in generalhave several dravbacks:
(1) They areusuallyveryslow in highdimensionsand(2) given®nite time, they arenotvery useful/accurate
if the posteriorprobabilityis very complex. Somemethodshave beenproposedo alleviate theseproblems,
but this goesbeyond our currentcontritution. Keepingthis extensionin mind, in this paperwe simply use
theoriginal sampledH s, to searchfor a MAP estimate. Theseestimateprovedto be suf®ciently accurate

duringour experiments.

4.5 Deterministic MAP Estimation: Mean Output (MO)

In certainapplications,it might be advantageougo countwith a very fast methodfor computingMAP
estimates.Two examplesare: whenworking with multiple articulatedbodiesandin dynamicor on-line
settingswhereit is necessaryo provide estimatesat high rates. Even thoughthe time complity of MS
scaledinearly with the numberof samplesthis might not be fastenough.Motivatedby speedconstraints,
herewe proposea very fastandsimple MAP estimationalgorithmthatstill performswell in experiments.
Unlike MS, this algorithmis deterministic.

The structureof the problem,aswell asthe form of the discriminatve distribution componentdi.e.,
conditionedon the mixture label) q(hjx;y) emploed (Gaussian)make it possibleto constructthis deter

ministic approximation.The basicintuition is straightforvard. For agivenx = x , we askeachmapping
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function  to give its mostlikely estimatefor h. We thenevaluatethe probability of eachfunction’s esti-
matevia the generatre modeldistribution p(x jh). Fromour experimentswe believe this approximation
is goodin practice.

To justify this deterministicapproximationwe notethat the probability of the meanis maximalin a
Gaussiardistribution; i.e., it is the most-likely value of the randomvariable. Formally, in both Case(1)
andCase(2) describecearlier q(E[hjx ;y; 1lix ;y; 1) a(h9x ;y; ), for ary h® Consideragainthe
setof samplesHsp = fhsgs=1::s generatedn the MS approximation. We can build a setof samples
H = fh, g=1.:m thathasthe property8y; maxy q(h,jx ;y) maxs q(hsjx ;y), simply by setting
hy= «k(x ;).

This basicinsightleadsto adeterministicapproximatiorfor inferencethe MeanOutputsolution(MO).
Thisapproximatesolutionreliesontheobserationthatby consideringhemeans s(x ), wewouldbecon-
sideringthemostlikely outputof eachmappingfunction(i.e., eachmixturecomponenin thediscriminatve
model), given the input. We expectthe discriminatve modelto be a good approximationof our genera-
tive modelposteriordistribution asdiscussedbore. However, in generalthe MO approximatiomeednot
be very accurate.The smallerthe overlapamongthe distributions associatedvith eachfunction, the bet-
ter the accurag of this approximation(this in turn dependson the meansand covariancesof the mixture
components).

In MO approximatenference the expressiorto be minimizedis the sameasthatusedin Eq. 8, except

for theuseof theM meangnsteadof the S samplegseeFig. 3 for pseudo-code):

R= argmaxp(x jh) = argmin(x () (x (hy): (©)

Thisrequiressubstantialljesscomputatiorthanwould berequiredin the MS approach.

5 Learning

In orderto learnthe discriminatve modelparametersve will employ an ExpectationMaximization(EM)
approach. EM provides a generalframevork for solving the maximumlikelihood parameterestimation
problemin statisticalmodelswith hiddenvariables,like Eq. 2. Sincethe EM algorithmis well knovn
[10, 2, 28], we will only provide derivationsspeci®cto our formulation.

Notethatthe unobsered randomvariablesy; areindependengivenz; and . Thus,the E-stepreduces

to computingthe posteriomprobabilitiesfor eachy; giventhe modelparameterandobsered data.We will
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Summary of MAP Estimation Algorithms

Inputs:visualfeaturesx computedrom singleimage generatie (p), anddiscriminative (g) models.
MO Algorithm
1. Foreachk = 1;:::;jC (eachfunction )

(@) Computeh, = (x ) usingthetraineddiscriminatve model

(b) Computep(x jh, ) usingthegeneratie modelby renderingromh, (i.e., apply or
“toh,)

Output: MAP estimateh picktheh, thatmaximizesp(x jh,) overk (useEq. 10)
MS Algorithm (extrainputrequired:numberS of samples)

1. Generates sampless from g(hjx )
2. Foreachs = 1;::1;S

(a) Computep(x jhs) usingthegeneratie modelby renderingfrom hg (i.e., apply or
“tohs)

Output: MAP estimateh pick thehy thatmaximizesp(x jhy) overs (useEq.9)

Figure3: Summaryof MO andMS algorithmsfor MAP estimation.

denotethis posteriorQ(y; = kj i; i; ) usingtheshortcutotationQ® (y; = k). Wethenhave:
t H t 1 X H : t 1
QUyi=k = waijsyi=k = jaCiuyi=i ¢ V) (10)
j2c

Stateddifferently this stepestimateghe responsibilityof eachmappingfunction,  for eachdatapoint,
zi. QW(y; = k) representshe so called responsibilityof function k for datapairi. Also recall that
k = Q(yi = k) istheprior probabilitythatfunctionk beused.

The M-step consistsof ®nding ) = argmax Eq[logg( ;yj ; )I. In bothof our caseswe can

shaw thatthis is equivalentto ®nding:
. X X . _ _
® = argmax QW (yi = K)lloga( ij i;yi = ki )+ logQ(yi = kj )]: (11)
i ka2C

We now presensolutionsfor the caseslescribedabove.
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5.1 Case(1)

In this casewe have:
" # " # " #

aC ; jys )=NC; 5y y) = N( ; S )y (12)

wherethe subscripty is simply the mappingfunction number We canshawv thatthe parametetearning
problemis reducedo a mixture of Gaussiarestimation for whichit is straightforvard to estimate using
EM. Moreover, the probability of  given an obsered is alsoGaussian:q( j ;y; ) = N( ; +
> Y ); > 1 )y: Thereforein case(1), eachfunction  is just the meanof the
conditionaldistribution
K(i)=0 + 7 X )y=k: (13)
The con®denceof the estimateis given by the covariance x = ( > 1 )y=k. However,
notethatthis expressiordoesnot dependon theinput, a sometimesindesirableeonsequencef the model

emplgyed. Notealsothateachfunction i is linearin theinputvectorfrom <°©.

5.2 Case(2)

In this casewe have:

& _ Oy = k)& N

@ | QV(yi = k) @klogQ(y. Kj ) (14)
& _ Oy = 1) @ P

@ « | Q™ (i k)@kIOQq( iyi = ki i k) (15)
T QE =R 7 A G (16)

i
whereE is the costfunctionthatwe would like to maximizein Eq. 11.
This givesthefollowing updaterulesfor  and |, whereLagrangemultiplierswereusedto incorpo-

ratethe constrainthatthesumof the 'sis1:

1 X
Co= g Uei=w (7)

! X
QWi =k i k(i i k(i )= QU = k) (18)

(t)
k

To keeptheformulationgeneralwe have notyetde®nedheform of themappingfunctions . Whether
or notwe can®nd a closedform solutionfor theupdateof ¢ depend®ntheformof . Forexampleif ¢
is anon-linearfunction,we mayhave to useiterative optimizationto ®nd l((t). If x yieldsaquadratidorm,

thenaclosedform updateexists.
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Now, regardingour generatie model,thereis is very little learninginvolved. If  is very accuratethen
we couldalsotell very accuratelytheimagethatwill begeneratedjivenabodyposeh. In practice canbe
de®nedonly approximately We accountor this by appropriatelysetting dependingdf how muchnoise

is expectedo bepresentn the obserations. This canalsoaccountor inaccuraciesn thegeometrianodel.

6 Example Application: Articulated Posefrom Visual Features

Theformulationpresentedn this paperis generakenoughto be appliedin a numberof supervisedearning
problemsfor which the output-to-input(inverse)mapis relatively easyto compute;thusallowing us to
specify an accurategeneratre model (but for which inferenceis dif®cult). To demonstrateand testour
frameavork, we have developeda systemthat usesour approachto infer articulatedposefrom low-level
visual features. In particular we focusedon poseestimationof the humanhandandbody from a single
imagecontaininga silhouetteof the object. In this classof applicationsdataset®f posescanbe obtained
via motioncaptureglovesor bodysuits. Computelgraphicgenderingcanthenbeusedo generatéheinput-

outputpairsneededor our supervisedearning.We will now give detailsof this demonstratiosystem.

6.1 3D Hand PoseEstimation

Thegoalis to recorer detailed3D handposefrom silhouettefeaturescomputedrom a singlecolorimage.
Handposeis de®nedn termsof the handjoint angles.In generalwe arealsointerestedn globalorientation
of the hand.We explore two applications:estimationof theinternaljoint anglesonly, andlater, estimation

of bothinternaljoint anglesandglobalorientationof the hand.

6.1.1 Hand Model

We utilize thehandmodelprovidedin theVirtualHandprogrammindibrary [44]. Themodelparameterare
22joint angles For theindex, middle,ring andpinky ®nger thereis ananglefor eachof thedistal,proximal
andmetacarpophalangeglints. For thethumb,thereis aninner joint angle,an outerjoint angleandtwo
anglesfor the trapeziometacarpabint. Thereare also abductionanglesbetweenthe following pairs of
successk ®ngers:index/middle, middle/ringandring/pinky. Finally, thereis ananglefor thepalmarch,an
anglemeasuringyrist e xion andananglemeasuringhewrist bendingtowardsthe pinky ®nger However,
becausdhe formertwo wrist anglesalsoencodeglobal orientation,we decidednot to modelthemin our

application.Hence ignoringthesetwo anglespur modelhas20 DOF for theinternalhandcon®guration.
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Figure4: Exampleof the 86 silhouettesbtainedvia computemgraphicsrenderingfor agivena 3D handpose.Views
aredistributedapproximatelyuniformly overthe view sphere.

All of these20 anglesarerelative to two global orientationangles. Thesetwo angleswill encodethe
cameraviewpoint (or alternatvely hand3D rotation). Imaginea spheresurroundinghe handmodel,i.e., a
®xedhandcenterpointis atthe centerof the sphere For easeof referencewe will emplgy thewidely used
latitudeandlongitudenotions. The ®rst angle 1 representshe latitudefrom which we arelooking at the
hand,thesecondangle » representshelongitude.We have de®ned ; 2 [0; ], with zeroand beingthe

polesof thesphereand , 2 [0;2 ). Thus,in summaryour full handmodelhas22 DOF

6.1.2 3D Hand Motion Datasets

Using a CyberGlwe, we collectedapproximately9,000 examplesof 3D handposes. This dataincluded
handcon®gurationgrom AmericanSign Languagg/ASL) andothercon®gurationsnformally performed
by sereralsubjects.Using computemgraphicsandan arti®cial handmodel,we thenrenderedeachcaptured
handposefrom multiple viewpoints on the view sphere. We de®neda setof 86 viewpoint angle pairs
( 1; »2) sothatthespheresuriaceis sampledapproximatelyuniformly. Thuswe obtaineda full datasebf
9;000 86views. Eachview hasanassociatethinaryimagemask(silhouette)anda 22 DOF posevector
Fig. 4 shavs the 86 viewpointsusedin thedatasetfor a particularcon®guration.

From thesesilhouetteswe extract the visual featuresthat will be usedfor further processing.In our
implementationwe usedtwo classe®f features(thesefeaturesare not usedtogether):Hu momentsand
Alt moments.Alt momentq1] aretranslationandscaleinvariant, but not rotationinvariant. Hu moments
[20] areinvariantto translationandscaling,but alsoinvariantto rotationin theimageplane.Thesemoment
featureswere usedin our implementatiorbecausehey arerelatively easyto compute,andthey provide

invariantsthat are appropriatefor our demonstratiorapplication. However, our generalformulation can
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be usedwith othervisual featurerepresentations desired. Detailedexaminationof the featureselection
problemis outsidethe scopeof this paperandremainsatopic for futureresearch.

We de®netwo experimentaldatasets:

1. Hand-Single-¥w: In this datasetthe handis viewedfrom only oneviewpoint( 1 = =2, , = 0),
generallymakingthe palmof the handvisible. SilhouettefeaturesarecomputedusingAlt moments.

Thisyieldsapproximatel\9,000input-outputpairs.

2. Hand-All-Mews: In this datasetthe handis viewed from all 86 viewpoints. Silhouettefeaturesare

computedusingHu moments This yieldsapproximately750,000input-outputpairs.

6.1.3 Hand Detectionand Segmentation

For live videoinput, we will usevideosequencesollectedwith a color digital camera.lt will beassumed
thatthesesequencebave a staticbackgroundandonly one personis present.In this implementationwe
arenotconsideringhandocclusionanalysiswhich by itself is a dif®cult task. Our systentracksbothhands

of theuserautomaticallyusinga skin color tracler [40, 36].

6.2 2D Human Body PoseEstimation

In this application,our goalis to recover the articulatedposeof a humanbody obseredin a singleimage.
Themethodologyfollowed is very similar to thatusedin the estimationof handpose.However, insteadof
joint anglespbodyposewill berepresenteth termsof marker positionsat a predeterminegetof joints. We

will estimatehe 2D positionsof thesebody markersin theimageplane.

6.2.1 Human Body Model

The humanbody modelis de®nedin termsof 20 3D marker positions(60 DOF). The 20 markers are
distributedasfollows: threemarkersfor the head threemarlersfor the hip/backbonearticulation,plusone
marker for eachshoulder elbow, wrist, hand,knee,ankle,andfoot. For computergraphicsrenderingthe
bodymodelis composeaf cylindersof equalwidth. Thecylindersconnecthemarlersto formthestandard
humanbody structure.Thethoraxis modeledusinga wider cylinder. Becauseve areonly interestedn the

shapeof the projectedmodel,we do notincludetexture or illuminationin our rendering.
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6.2.2 Human Body PoseDataset

Humanbodymotioncapturedatawasobtainedrom severalsourceshttp://wwwbiovision.com thedataset
usedby [5], andseveraldemosequencess thesoftwarepackageCharacter Studio In totalthereare32 cap-
turedsequencethatdepictvariationsof differentactwities: dancing,walking, kicking, waving, throwing,
jumping, signaling,crouchingdowvn. Thetotal numberof framescollectedis approximately7,000,mostly
at 30 frames/secondJsing computergraphicsandour arti®cial body model,we thenrenderedeachframe
from 16 equally-spacesiewpointson theequatorof theview spherecenteredat the hip of thebodymodel.
For eachview, we alsousedthe cameramodelto obtainthe 2D marker positionsin theimageplane. Thus
we obtaineda full datasebf approximately7; 000 16 views. Eachview hasanassociatedinaryimage
mask(silhouette)anda 40 DOF projectedmarker vector Fromthesilhouettesye extractthevisualfeatures
thatwill beusedasinput. We have choserAlt momentd1] asour visualfeaturesmainly dueto their ease

of computatiorandinvarianceto translatiorandscaling.We call this the Body-All-ews dataset.

6.2.3 Detectionand Segmentation

For live video input, we usesequencesollectedwith a color digital camera.lt is assumedhatthesese-
guence$ave astatichackgroundonly onepersoris presentandthepersoris fully-visible. Weuseasimple
andwidely-usednhumanbody segmentatiorschemd18, 45]. Thetechniqueemplgs statisticallearningto
acquirea model of the backgroundappearanceyhereeachpixel's color (luminance)is representedy a
Gaussiardistribution. Segmentationis then approachedising maximum-likelihood, whereeachpixel is

classi®edasbelongingto the backgroundr the foreground(humanbody).

6.3 CommonImplementation Details

We now brie y discusamplementatiordetailscommonto bothapplications.

6.3.1 Mapping Functions

In Sec.3, it wasnot speci®edwhat classof (deterministicymappingfunctions x wereto be used. Our
framework is practicallyindependentf this choice.However, from Eq. 16 we cannoticethatthereareclear
advantagesn the M-stepif thesefunctionsaredifferentiablewith respecto their parametersin the case
of quadraticor linear functions,the M-stepcanbe performedexactly in one step. However, the power of

thesefunctionsis limited. In ourimplementatioreachfunction takesthe form of a multi-layer perceptron

with onehiddenlayer (MLP); a widely usedfeedforward neuralnetwork architecture.For this non-linear
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functiontheredoesnot exist a closed-formsolutionfor Eq. 16, but it canbe seenthatthe M-stepis like a
weightedversionof backpropagationepeatedor eachMLP in the mixture. We usedfour to ®ve iterations

of the conjugategradientdescenmethodper M-step.

6.3.2 Generative Model Details: InverseFunctions

Thereareat leasttwo waysto de®nethis function. On onehand, couldbeacomputergraphicsrendering
function. Ontheotherhand,we couldestimatean approximate’\ givena setof output-inputtrainingexam-
ples.In ourimplementationwe experimentedvith bothideas.For , weusedcomputegraphicsenderings
of our handandbody modelsobtainedvia OpenGL.For " we useda one-layeMLP, with twenty hidden
nodes(however, the methodis overall independenof the functionalform chosen).In our experiencethis
providedanadequatendef®cientapproximatiorfor our dataset.

The approximatenversefunction is useful primarily becauset is fasterto computethana graphical
renderingollowed by visualfeaturecomputation Thekey issueto keepin mindis thattheinversemapping
is assumedo be simple (one-to-oneor even mary-to-one)or thatit hasa known form, otherwiseif we
assumeoo simplefunctionalforms, we would only introducemore estimationerrors. In our case this is
justapracticalissue.If theinversemappingis too comple to approximatesasily we couldalwaysrely on

theavailableinversefunction .

6.3.3 Computational Performance

For an Athlon 1400PC with 2GB memory runningunoptimizedMatlab 6.0 code, it takes approximately
®ve hoursto traina modelwith 10 dimensionginput) and10 dimensiongoutput),using4500patternsand
40singlehiddenlayerMLPswith ®ve hiddennodeseach.Thesystentaninfer bodyposesatapproximately
11 framesper secondusingthe MeanOutput(MO) algorithm. This approacts relatedcomputationgake
approximately70%of thistime. Thistime includesOpenGL-basedenderingof bodyposesn . Therestis
spentin sggmentatiorandfeaturecalculationsTheMultiple SamplgMS) algorithmtakestime proportional
to the numberof samplesised.Of course sggmentatiorandfeaturecomputatiorfor the segmentedmage
is doneonly once. We noticedthatfor ourimplementationjf we usethe approximatenversefunction, A,

therenderingimeis reducedo approximatelyone-fourth.

6.3.4 Early StoppingDuring Training

During modeltraining,we usedcross-alidationfor early stoppingandto avoid over®tting asfollows:
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Training data: Stopif thelog-likelihoodchangesessthan0.5%averagecover thelastteniterations.

Held out data: Stopif the held out datalog-likelihood averagechangeis negative over the lastten

iterations.Held out datawaschoserin the sameway asthetrainingandtestdata.

Numberof iterations: Stopif a maximumof 200iterationsis reached.

7 Experimental Results

We now presenexperimentaresultsobtainedusingour approachn estimatinghe poseof thehumanhand
andbody For mary additionalperformancexperimentsnotincludeddueto spacdimitations,thereaderis
referredo [35] andfor severalMO estimatiorvideosto http://wwwcsail.mit.edu/ romer/DGHanddeos.hin.

Theapplicationindependenmatlab codecanbe foundat http://www.csail.mit.edu/ romer/DGCode.htm.

7.1 Hand PoseEstimation Givena Fixed CameraViewpoint

In our ®rst experimentspur approachs testedn thetaskof recovering 3D humanhandposegivena ®xed
cameraviewpoint: aview towardsthepalmof thehand.Fortraining,we usedtheHand-Single-¥w dataset,
which containsa total of approximatelyd,000examples.Of these 3,000wereusedfor trainingandtherest
for testing.All experimentsvereperformedon atestsetthatsharechocommonposeswith thetrainingset.
Theinput-outputpairswerethende®nedasfollows. Theinputconsistedf 10 Alt momentscomputedrom
thesilhouetteof thehand,asdescribedn Sec.6.1. Theoutputconsisteddf 20 joint anglesof a humanhand
linearly encodedy ninevaluesusingPrincipalComponenfnalysis(PCA).

The numberof mixture componentgor the discriminatve model (mappingfunctions)was setto 20.
This numberwasfound to be optimalin the senseof the Minimum DescriptionLength (MDL) principle
[34]; we foundthis numbervia aroughmodelsearchtestingMDL andgettingthe scorefor the optimized
modelwith 10,12,...,24unctions).Eachmappingfunction(for eachof the Gaussiang the mixture)wasa

MLP with sevenhiddennodes.

7.1.1 Quantitative Results

We randomlyselectedapproximately4,000framesnot includedin the training set. Sinceground-truthis
available,we usedthe averageabsolutedifferenceper joint angle(betweenground-truthand estimate)as

errormeasureTable 2 summarizesurresults(seecaption).
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| IMO-MAP (HMS-MAP (")|MS-20(")|MO-MAP ( )IMS-MAP ( )|MS-20( )|Rand/traifRangé

0.1322 0.1667 0.1465 0.1651 0.1769 0.1785 | 0.4294 | 1.55
0.0317 0.0415 0.0371 0.0425 0.0452 0.0547 | 0.1630 | -

I'|'1>I\AI-I-‘>

Table 2: Mean absoluteerror E and variance é Inferenceperformanceusing different renderingfunctions (

and ") andinferencealgorithms(MO-MAP and MS-MAP). Also shovn, the averageerror of the 20 mostprobable
reconstructiongivenby MS (MS-20). Notethattheerrorfor MS-20doesnothaveto behigherthanthatfor MS-MAP.
As apoint of comparisonresultsare presentedor an algorithmthatrandomlychoose®one of the training examples
asresult(Rand/train).The averagerangeof the datais alsoshovn asareferencepoint. All unitsarein radians.

GT

MO

GT

MO

GT

MO

Figure5: 40 examplesof estimatechandposeschoseruniformly at random. Reconstructiorfound usingthe Mean
Output(MO) approachTheinversefunctionusedwasestimatedrom data.Eachexampleconsistof apair of images:
ground-truth(top), andestimateobtainedusingthe meanoutputalgorithm(bottom).

Theseexperimentgyuantitatvely con®rmedthatMO inferenceprovidesa reasonablapproximationat
leastfor this datasetRecallfrom Sec.4.5thatMO inferencewasbasedn the premisethatthe most-likely
reconstructiorgiven by eachdiscriminatve mixture componenprovidesa goodapproximatiorto the best
solutiongivenby thefull probabilitydistribution.

Fig. 5 shavs examplereconstructionsbtainedvia the MO approachln mary casesthereconstruction
is closeto the groundtruth. In other casesthe silhouetteis highly ambiguous,and the reconstruction

doesnot matchgroundtruth. A goodexampleis shavn in imagepair number34 (the last row-pair, fourth
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column),wherethe cameras imageplaneis perpendiculakvith the axis of the pinky ®nger Notethatthe
estimatechandposedisagreesith the ground-truthin the severaljoint anglesassociateavith this ®nger
Similar effectswith otherjoint anglescanbe seenin examplepairs8, 16,27, etc.
Ambiguouscon®gurationsare indeedvery commonwith a binary imagerepresentationNote thatin
other ambiguouscasesshavn in Fig. 5 reconstructionis closerto groundtruth, e.g., pairs 19, 20, etc.

Possiblereasondor this agreemenarediverse:

1. Theinputis not really ambiguousprobabilisticallyspeaking)in the obseration space. The other
possibleoutputs(geometricallyspeaking)associatedvith this input may be very unlikely giventhe
trainingset. This depend®n theunderlyingstructureof the con®guratiormanifold. Oneof themain
goalsof alearningalgorithmis to ®nd this structure.Indeedtheseresultsshav thatour algorithmis

®ndingthis structure sincein mostcasesMO ®ndsavalid pointin the manifold.

2. The learneddiscriminative modelwas accurateat modelingthe given input using a single mixture
componenti.e., few mappingfunctionsweretrainedto mapthis input, thereforetherestof the func-

tionsproducedrrelevant (bad)outputs.

3. By chance,amongmary very similarly probablesolutions,the right one was chosen. Of course,
evenwith the help of chancen this case the discriminatve modelneededo be accurateenoughat

approximatinghetrue posteriorsothatsamplesvererelevantatall.

7.1.2 Performance Comparisonwith Respectto Discriminative Model Alone and a Competing Ap-

proach

In this sectionwe experimentallycompareour methodwith the purely discriminatve partof the formula-
tion, whereno generatre modelis emplo/ed. Onecanseethis testasa way to measurehow effectively
the generatie modeldisambiguateamongposes;thus, illustrating its level of contrikution in the overall
approachlin addition,for furthervalidation,we alsocompareour methodagainsthe standardvLP, trained
usingbackpropagatioto globally mapimagefeaturedo 3D poses.

As beforewe follow the MAP principleto determinghe bestposeﬁ giveninput featuresanda model.
Recallfrom Sec.4.1 thatthe MAP estimateis givenby A = argmax, P yN (h; y(x); y)Q(y). Since
this function is not concae, we useda simple heuristicto choosea maximum. We performedgradient
ascenstartingat eachof theM pointsf y(x )gy2c, andseth to the highestpointever reached.

As expectedthis methodperformedpoorly. The meanabsoluteerrorandvariancefor this datasetvere

0:3702and0:2117respectrely, just betterthanrandomlychoosinga posefrom thetraining set(which pro-
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(Numberof HiddenNodes 16 | 22 | 28 | 34 | 40 | 46 | 52 | 58 | 64 |

= 0.20390.19530.18510.17840.17330.17350.17920.18910.2003
éM . 0.03540.03240.02940.028(0.026¢0.02590.03410.04190.0517

Table 3: Performancef the MLP approachasdescribedn the text. The table shavs the meanabsoluteerrorand
varianceusingthe sametraining/testsetsasour method(seeTable2). Eachentryin thetableshavsthe averageof ten
trials. Overallthe performancef our methodis from 1.09to 1.48timesbetterthanMLP (correspondindo theworst
andbestperformancdrom Table2) usingthe samenumberof free parametersgorrespondingo 22 hiddennodesin
the MLP. Evenwhenthe MLP has46 hiddennodes- requiringover twice asmary free parameters- performanceof
our methodis still superior

videdmeanandvarianceof 0:4294and0:1630respectirely). Thisis not surprisingsincethediscriminatve
modelaloneis not designedo “know” what the right mixture components, given ary input presented.
More formally, the mixture parameter£)(y) do not dependon the input. The high variancecan be at-
tributedto the inconsistenusageof goodand badfunctionsto maptheinput. Therole of the generatre
modelin ourapproachs essentiallythatof providing informationaboutwhatfunction(mixturecomponent)
is appropriatdor thegiveninput.

We alsocomparedur full approactagainsthewidely usedMLP. Notethatunlike above, herewe used
oneMLP in thestandardvay, thatis asafunctionapproximatiorapproacto mapinputto outputsusingthe
wholetrainingsetin the standardackpropagatiotearningschemeMLP is anoff-the-shelfyet, commonly
effective method.

For this comparisonwe variedthe numberof parametergnumberof weightsandbiases)n a consid-
erablybroadrange.Resultsareshavn in Table3 asa function of the numberof hiddennodes.In orderto
establishafair comparisorwith our model,we needto usethe samenumberof parameterslt turnsoutthat
the numberof hiddennodesof the MLP mustbe equalto K P M, whereK is the numberof hiddennodes
for eachfunctionin ourapproactandM is thenumberof functions.For this experimentthisnumberis 22.

By comparingthe resultsfrom Tables2 and 3 we canobsenre thatwhenthe MLP employ/s the same
numberof free parametersyur proposedliscriminatve-generatie methodgives1.09to 1.48times(relative
to worstandbestperformancdrom Table2) betteraccurag. WhenMLP is allowedto have moreparame-
ters,our methodstill outperformghe MLP on average(0.97to 1.31timesbetter);however, for afew inputs
theperformances similar or betterfor MLP. Notethatwhenthenumberof parameterfor theMLP is larger,
the variancealsodiminishesconsiderably However, we shouldremarkthatto achiere suchperformance,

the MLP neededo employ roughly 1.8timesthe numberof parameteremplo/ed by our model.

24



7.1.3 Experimentswith Reallmages

We now testour approachusing uncalibratedvideo sequencesyherethe camerais pointing towardsthe
palmof a persons hand. On average the handoccupiedan areaof approximately200 200 pixels. Sey-
mentationwasobtainedasdescribedn Sec.6.1.3.In the®rstexperimentwe usethe MO approactio obtain
asinglebestestimatdor eachsggmentechand.Estimatedor 40 framestaken0.9 secondspart,areshavn
in Fig. 6. Visually we cannoticethatin mostcaseghe estimateds a plausibleexplanationof the segmented
silhouette However, therearealsoafew inaccurateeconstructions.

In generaljt is expectedthatthe modelcannotperformwell in all con®gurationgthis is truefor almost

ary machindearningmodel)dueto thefollowing reasons:

1. Theproposaldistribution gq(hjx) doesnot resemblehetrue posteriordistribution p(hjx) atthe par

ticularx = x : learningis theresultof optimizinganexpectedor averageerror.

2. Therealhandandsynthetichandmodelfeaturesaresimilar but notthe same.Anthropometriadiffer-

ence<anin uence inferenceaccurag.

3. Eventhebestmodelcouldfail in somecon®gurationsinformationtheorytells usthatthisis always
thecaseexceptwhentheinformationin thefeaturegaboutthepose)s equalto theentropy of thebody
posecon®gurationsin otherwords,whenfeaturedell us everythingneededboutthe con®guration.

Otherwisetheremight be multiple explanationdor a givenvisualfeaturevector

In orderto testthe ability of the systemto provide thesemultiple explanationswe testedthe Multiple
SamplegMS) approachFig. 7 shavs the estimatesoundusingMS. Theseestimatesanbeinterpretedas
possiblehypothesesf handcon®gurationgiventhesilhouettesNotethatMS tendsto biasthe hypotheses
towardssampledrom thedistribution g(hjx ), but we canaccountor thiswhenbuilding afull probability

distribution, asexplainedin Sec.4.3.

7.2 3D Hand PoseReconstructionGivenan Unrestricted Camera Viewpoint

Our approachs now testedin the taskof recosering 3D humanhandposefrom anunknavn cameraview-

point. For training, we usedthe Hand-All-\iews datasetwhich containsa total of approximately750,000
examples.Of these 18,000wereusedfor trainingandtherestfor testing. The input-outputpairswerethen
de®nedasfollows. Theinput consistedbf seven Hu momentscomputedfrom the silhouetteof the hand,
asdescribedn Sec.6.1. The outputconsistedf 20 internaljoint anglesof the handandtwo orientation

angles.This 22 DOF representatiowaslinearly encodedy ninevaluesusingPCA.
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Figure6: 40 examplesof estimatechandposescapturedevery 0.9 secsfrom realvideo (RV). Reconstructioriound
usingthe MeanOutput(MO) approachTheinversefunctionwascomputedusingcomputergraphicsrendering.

Thenumberof mixturecomponentgor mappingfunctions)wassetto 45. Thisnumbemnwasdetermined
viatheMDL criterion,asbefore(testingfor thebestMDL scoreusingamodelwith 35,37,...,5%unctions).

Eachfunctionwasa MLP with seven hiddennodes.

7.2.1 Quantitative Results

As before,we computedhe absoluteerrorin estimatinghandpose andquantitatvely comparedhis mea-
sureacrossviews. Fig. 8 shavs the errorof the mostlikely estimatefound usingthe MO approach. From
thegraphswe seethatviews towardsthe palmof thehand(90 ) areslightly easietto reconstrucon average,
while the varianceseemssimilar acrossviews. As expectedthe averageerroris higherthanthat obtained
for the ®xed view handposereconstructiorexperiments.It seemghatfor unrestrictechandviews it is a
bit advantageouso usethe computergraphicsnversefunction . Thisis probablybecausestimatingthis
inversemapping” over unrestrictedviewpoint is more complicatecthanfor only frontal handviews (and
themappingis likely to be morecomple also).

Fig. 9 shaws the resultsusingthe MS approach. Fig. 9(a) shawvs the error associatedvith the best
sample. This error behaes very similarly to the MO errot  Fig. 9(b) shaws the averageerror computed

usingthe best20 samplesThis erroris higherthanthatof the bestsample.Notethatthisis notanobvious
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Figure7: Exampleestimatechandposesobtainedusingthe Multiple Sample(MS) approachandreal video (RV).
Theinversefunctionwasestimatedrom data.Columnsl-2 shawv theinputvideoframeandthe MO solution,columns
3-7 shav sortedsampleg1-4 and12) obtainedvia the MS approactwhereS1is the mostprobablesample..

resultgiven thatthe bestsampleis determinedwithout having knowledgeof ground-truth. In fact, if the
averageerror of the best20 samplesverelower thanthat of the bestsample thenwe could infer that our
algorithmis very inaccurateat determiningvhatsamplesarebetter Thusthis resultpositvely endorseshe
MS algorithm.

For comparisonyve usedthe ground-truthto selectthe bestsample basedon minimumerror In other

words,we have anoraclethatpicksthesampleclosesto theground-truth.Theresultingperformanceraph
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Figure8: MeanOutput(MO) inferenceperformancdor unrestricted/iew testsatgivenviewpointlatitudes(averaging
overlongitude). Theinversefunctionis (a) the estimated” (b) the computergraphicsrendering . A frontal view of

thehandpalmis atlatitude ; = =2, longitude , = 0. For referencethe performancef analgorithmthatchooses
the estimateat randomfrom thetraining datais shavn. Theanglerangeis in averagel.87radians.

I T o I T e o I I I

Figure9: Multiple SamplegMS) inferencefor unrestrictedview testsat given viewpoint latitudes(averagingover
longitude). Theinversefunctionis theestimated'. A frontalview to thehandpalmis atlatitude ; = =2, longitude
2 = 0. (a) Most probablesample.(b) Averageover all sampleg20 mostprobablesamplegaken). (c) Bestsample
(determinedusing ground-truthinformation for comparison). For reference the performanceof an algorithmthat
chooseshe estimateat randomfrom thetrainingdatais shavn. Theanglerangeis in averagel.87radians.

is shavnin Fig. 9(c). This representthelower-boundon thereconstructiorerrorusingthelearnedorward

model. Thegraphis interestingn thesensehatit separatethe errorsfrom theforwardandinversemodels.

7.2.2 Performance Comparisonwith Respectto Discriminative Model Alone and a Competing Ap-

proach

In parallelwith Sec.7.1.2we now compareour full methodagainsthe purely discriminatve portion. This
is doneto illustratethe value of the generatre modelin the overall approach As before,we alsocompare
our methodagainsthe standardVLP for this dataset.

Usingthediscriminatve modelalone the meanabsolutesrrorandvariancefor this datasetvere0:6102
and0:5117respectiely. Sincetheimportanceof the generatie methodin the overall approactshould,by
now, bemoreclear we will notdiscusghis pointfurther Resultsareanalogougo thosefrom Sec.7.1.2.

As before we compareourfull approaclagainsthestandardLP, whichis trainedonthesameraining

setasour approach Resultsareshavn in Table4. Notethatwhenthe MLP contains47 hiddennodesthe
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(Numberof HiddenNodes 35 | 47 [ 59 | 71 [ 83 | 95 |

Evip 0.577%0.57140.55850.55340.55110.5514
éM . 0.35720.368(0.35120.36370.37940.4111

Table 4: Performancef the standardVILP approach.Eachentryin the table shovs the meanabsoluteerror and
varianceaveragecvertentrials. Overall the performancef our methodis 1.31timesbetterthanthis approachusing
the samenumberof free parameters;orrespondingo 47 hiddennodesin the MLP. The performancef our approach
is 1.28timesbetterwhenthe MLP has83 hiddennodes.

numberof parameterss comparablevith thatof our discriminatve-generatie model. The performancef
our approacHor this datasets shavn in Figs.8 and9.

At ®rstsighttheperformanceomparisorseemsimilarto thatof our previoustaskwith ®xedviewpoint.
However, amorecarefullook at Table4 revealsthat(1) our methodclearlyoutperformghe MLP evenwhen
the MLP usesnorethandoublethenumberof parametersvith respecto ourmodel,asigni®cantdifference
from Sec. 7.2.2 (®xed viewpoint) where performancewvas more even when letting the MLP have more
parameters(2) alsounlike Sec. 7.2.2the varianceis muchlarger thanthat of the estimatesomputedoy
our approach.The key differencebetweerthe ®xed viewpoint dataseandthis datase{unrestrictedview)
wasthat mappingvisual-featureso hand-poses muchmore ambiguousvhenary view is allowed. This
illustratesthat function approximationmethodsare generallynot well-suitedfor one-to-maw inference

problemsandour methodcanindeedprovide a moreclearadwantagan thesecases.

7.2.3 Experimentswith Reallmages

We testour approactusingvideoof handg(in ary orientation)collectedfrom a singleuncalibrateccamera.
Poseestimatedrom 40 frames(taken every 0.9 secsapart) obtainedvia the MO approachare shavn in
Fig. 10. In this experiment,therewas usually visual agreemenbetweenreconstructiorand estimateas
seenin the®gure. Notethatevenfor a humanobserer, looking at the segmentedsilhouettesn the ®gure,
reconstructions sometimesambiguous.Therearealsosomecon®gurationgor which the systemdid not
performcorrectly

Fig. 11 shavstheestimate®btainedviatheMS approachTheframesshavn weretakenapproximately
every 0.9 seconds.We can seesomelimitations of the Hu momentfeaturespace: sometimesdifferent
handorientationsarevery similar in the featurespace.Theseapparenthdifferenthypothesesre closeto
eachotherin termsof their probability given the features. This problemmight be alleviated by using a
differentinput featurespace.At anextremeonemight considerthe full silhouetteasa feature.Of course
thereareimportanttrade-ofs to take into accountwhenconsideringdifferentfeaturese.g.,invariantsand

dimensionality
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Figure10: 40 examplesof estimatechandposescapturedevery 0.9 secsfrom realvideo (RV). Reconstructiorfiound
usingthe MeanOutput(MO) approachTheinversefunctionwascomputedusingcomputergraphicsrendering.

7.3 2D Human Body PoseReconstruction

In orderto shav thatourapproacttanbeemplo/ed, with nochangeto performothersimilartasks(possibly
with a differentrepresentation)jerewe now conductperformanceestsin the task of estimatinghuman
body posefrom a singleimage. The goal is to estimatethe 2D locationsof body marlersin the image,
givenvisualfeaturescomputedrom the persons silhouette.ln this experimentwe usethe Body-All-Views
datasetwhich containsa total of of over 100,000samples.Of these 8,000wereusedfor trainingandthe
restfor testing. Theinput-outputpairswerede®nedasfollows. Theinput consistedf the 10 Alt moments
computedrom the silhouette.The outputconsistedf 20 2D marler positions(40 DOF), whichwerethen
linearly encodedy ninevaluesusingPCA.
Thenumberof mixture component$n thediscriminatve modelwassetto 15. This numberwasdeter

minedviathe MDL criterion,exactly asbefore.Eachfunctionis a MLP with serenhiddennodes.

7.3.1 Quantitative Results

Fig. 12 shaws the reconstructiorobtainedwith the MO approachfor framestaken from three synthetic
sequencesxcludedfrom thetraining set. Theagreemenbetweerreconstructiorandobserationis easyto

perceve for all frames.Also, for self-occludingcon®gurationsthe estimatas still similarto ground-truth.
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Figurell: Exampleestimatechandposesobtainedusingthe Multiple Sample(MS) approactandrealvideo (RV).
Theinversefunctionwascomputedusingcomputergraphicsrendering.Columnsl1-2 shav theinput videoframeand
the MO solution,columns3-7 shav sortedsampleq1-4 and12) obtainedvia the MS approachwhereS1is the most

probablesample..

Fig. 13 shaws the averagemarler errorandvarianceperbody orientationin percentagef bodyheight.
Notethattheerroris biggerfor orientationloserto 0 and radians.Thisintuitively agreeswith thenotion

that at thoseangles(side-vievs), thereis lessvisibility of the body parts. We considerthis performance
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Figure12: Examplereconstructiorof framesfrom testsequencewith computergraphics-generatesilhouettes.

Performance regarding camera viewpoint (16 total)

0 2 4 6 8 10 12 14 16
Viewpoint x 2p/32 (=11.25°)

Figure13: Rootmean-square-errgdivided by numberof markers)andvariancepercameraviewpoint (every2 =32
rads.).Units arepercentagef bodyheight. Approx. 110,000testposesvereused.

promising,giventhe compleity of the taskandthe simplicity of the approach.Justasa referencepoint,
by choosingposesat randomfrom thosein thetraining set,the RMSE was 10.35%o0f body height(with a
standardleviation of 4.4%). In relatedwork, quantitatve performancédnasusuallybeenignored,in partdue

to thelack of ground-truthandstandardevaluationdatasets.

7.3.2 Experimentswith Reallmages

We now testthe approactusingreal video sequencesf humanbody motion. We usethe basicsggmenta-
tion approactdescribedn Sec.6.2.3to obtainsilhouettesFig. 14 shavs examplesof systemperformance
obtainedvia the MO approacHhor sereralrelatvely complex motionsequencesventhoughthecharacter
isticsof thesggmentedodydiffer from theonesusedfor training,goodperformancas still achiered. Most
reconstructionsirevisually closeto whatcanbethoughtof astheright posereconstructionBody orienta-
tion is alsoaccurateln the Figure,we canseetwo particularlydif®cult con®gurationst the secondow of

realvideo (RV) images fourth-sixthcolumns;the arm con®gurationis dif®cult to estimate.This could be
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dueto thelack of relevanttraining data,asa consequencthe discriminatve modelg may not approximate
the generatie modelp very well aroundthe input vector In generalanimportantissueto keepin mind
is thatthe visual differencedbetweerntherenderednodelandthe realbody obsered could becomecritical
andthusaccurateenderingmay be desirable.This variesfrom applicationto application;however in ary
casethegeneralnferenceapproachpresentedhereremainshe same.

In this work, we did not pursueuseof a more realistichumanbody renderer Due to differencesn
shapeandwidth of body component®bsered in training versustesting, the visual featuresmay differ.
This is a relevant point sincein almostall learningmodels,it is expectedthatthe training databe a good
approximatiorto therealtestdata.Improving thematchbetweervisualfeaturesisedn trainingandtesting,
andthuspotentiallytheoverall performanceis anareathatwe planto investigatan futureresearchDespite
thefactthatwe have ignoreddifferencesn anthropometricharacteristicbetweenCG andrealsilhouettes,
the performanceobsered for both articulatedobjects(hands- humanbodies)is very promisinggiventhat

only asingleimageis assumedavailable.

MO

Figure14: Reconstructiombtainedfrom observinga humansubject(every 10thframe).

8 Conclusions

In this paper we have describeda novel methodthat allows usto infer 3D and 2D articulatedbody pose
from obseredvisualfeaturesn a singleimage,a problemusuallyregardedasill-posed. This wasdoneby
combininggeneratie anddiscriminatve modelsto solve the complex probabilisticinferenceproblem.This
approachs mostusefulwhenthe generatie modelis accuratge.g., we have aninversemappingfunction)
but it is dif®cult to performinferenceusingthis modelalone.

In orderto solwe the inferenceproblem (and also perform MAP estimation),we have shavn that a
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mathematicallysoundapproachs to usea discriminatve modeland learnits parametersising relevant

training data. The probability distribution implied by the discriminatve modelcanbe usedasa proposal
distributionto generatsamplesand®ndaposterioprobabilitydistribution (performapproximaténference)
underthe (accuratdout comple) generaire model.

Whencomparingt to otherrelevantmethodswe can®nd alternatve interpretation®f this framework.
Theuseof ageneratie model(through ) affords analternatve to complex discriminatve models;for ex-
ample,it is analternatve to the gatingnetworks of the Mixture of Expertsmodel[25]. In generaljnstead
of learningincreasinglycomple discriminatve modelssuchas[17, 13], we canexploit anaccurategener
ative modelandlearnasimplerdiscriminatve model. A clearadvantageof usinga generatre modelin this
way is thatit canprovide usefulinformationon the structureof the problem,a structurethatdiscriminatve
modelstry to blindly uncorver from the availabledata.

Our approachwas demonstratedn a computervision systemthat can estimatethe articulatedpose
parameter®f a humanbody or humanhands,given featurescomputedfrom a singleimage. This is a
particularly dif®cult problembecausehis mappingis highly ambiguousandit is infeasibleto perform
inferenceusingthe generatie model. We have obtainedpromisingresultseven usinga very simplesetof
imagefeatures suchasmomentinvariantsof the body silhouette. Furtherexperimentalevaluationcanbe
foundin [35].

This approacloffers several advantagesover mary previous methodsfor articulatedposeestimation.
Thesehave tried in numerousvaysto usecamerggeometryand/ormodelregistrationto performposeesti-
mation,resultingin iterative procedureshatrequirecarefulchoiceof initial conditions(modelplacement).
We have shawvn how in somecaseghesealternatve approachesould be seenasinferring a posteriordis-
tribution usingthe generatre modelonly. While we have useda cameramodelin de®ningour generatie
model, we have not attemptedo solve the resultingoptimizationproblemdirectly; insteadwe have had
the help of the proposedliscriminatve model. Thus,in contrastwith mary pastapproachesyo iterative
minimization methodsare usedin poseinference. Moreover, inferenceis fully automatic— no manual
initialization of the articulatedmodelis required.

Our methoddoesnot useiterative optimizationfor inference put a valid questionis why notiteratethe
input-outputmappingsseveraltimes?In fact,thereexist approachethatusea seriesof top-davn alongwith
bottom-upiterationsfor estimationwith thefurtherclaimthattheseterationsmay performerrorcorrection
(e.g., whenthe obseration is noisy). However, the processof re-iteratingup and down and obtaining
estimatesalternatingbetweena pair of spaceqor sets)doesnot, in general,guaranteg1) corvergence

towardsthedesiredvalue(posein our case)2) monotonicdmprovementof the solution,or (3) corvergence
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atall. Only underspeci®cconditionscanthis desirablebehaior be attained(seee.g., [9]). In our case,
theseconditionscannotbe proven, andtherefore we prefernot to usethis re-iteratingmethodology(one
conditionrequiresthatthe space$ecornvex).

A setof previousapproacheattemptto learnarticulatednodeldynamicq5, 19,42]; however, learning
dynamicsrequiressubstantiallymoretraining data,andtendsto producesystemshat are biasedtowards
speci®cmotions(this canbe goodnews if the rangeof motions,ratherthanjust that of con®gurationsis
known beforehanar compriseghetraining set). Our framewvork avoids this andinfers posefrom a single
imageonly. It is clearthatin highly-constrainedlomainsandwheremotionis available,modelsof dynamics
canprovide anenormousadwantagen this papermwe have approachea differentproblem,estimatingoody
posefrom asingleimage,wheremultiple framesarenot provided.

Severalinterestingproblemsremainfor futurework. Within the context of articulatedposeestimation,
performancecan be improved in several ways. We have obsered that in practiceseggmentationof real
videois noisy especiallywhen comparedwith the cleansegmentationobtainedin the experimentswith
syntheticdata. As we foundin our experiments,our methodproducesqualitatvely good poseestimates
for realvideo. However, signi®cantdifferencesn the overall limb (arms/lgs) width in the silhouettecan
sometimedeadto errorsin poseestimation.Suchdifferencesarisedueto morphologicaimageoperations
andsegmentationparameterssigni®cantclothing, or anthropometriaifferencesetweenhe subjectsand
the computergraphicsmodel usedin generatingraining data. We believe that it shouldbe possibleto
addresghis by including training datathat is representate of the variationswe expectacrosshumans
(throughamorecomplex graphicsenderingorocessr noisemodel). An alternatve solutionis to adaptthe
systemto work with the body morphologypropertiespeci c to theinputimagesobsered; for exampleby
de®ningan additionalmorphol@ical parameteto relateuserspeci ¢ body propertiesto the standadized
computergeneratednorphologyusedfor training. A tighter integration of poseestimationwith image
sggmentations a moredif®cult problemworth exploring, thatcould provide greaterrobustnesgo noiseor
evenocclusion.Someof thesetopicsarethe subjectof currentresearch.

Anothergeneralproblemis to learnwhat the bestfeaturesarefor speci®cproblemsor datasets.This
classicproblemhas spavned numerousapproaches.From generalinformation theoretic[8] techniques
basedon maximizingmutualinformationto approachespeci®cto imageprocessing21]. Roughlyspeak-
ing, onewantsto obtainfeatureghatcandistinguishamongthe patternsve careabout,for aspeci®ctaskor
dataset.In generathis problemis dif®cult becausehe structureof the spaceof all possiblefeaturescannot
berepresenteth simpleway, andis notamenableéo ef®cientoptimization.This conceptanbeseenasthat

of learningthe featues andit is closelyconnectedo thatof learning the mappingfunctions in factthey
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canbeseenastwo views of this problem.

Methodsfor incorporatingknowledgeof dynamicsin the sameframevork shouldbe investigated.In
this work we have concentratean estimatingposefrom singleimages. This of practicalimportancein
mary tasks,suchas modelinitialization (e.g., for tracking), recorery (e.g., whentrackingis lost or not
reliable),posefrom singleimage(e.g., whenphotographsieedto beusedassources)etc. The“posefrom a
singleimage”problemis differentfrom, andin somewaysmoredif®cult than,posetrackingwith dynamics
information.

While promisingadvanceshave beenmadein estimatingposefrom a singleview, extendingour frame-

work to incorporatehe abore conceptsemainsatopic for futureinvestigation.
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Appendix

TheKL divegencebetweerthe empiricaldistribution pe (representedly thetrainingdata)andthe modelq
is:
Z
KL( pe(x;h)jja(x;h)) = pe(x; h)log[pe(x; h)=q(x; h)]dhdx: (19)

If parameterizethe conditionalq(hjx), thenthe minimum of the abore expressioncanbe provento

beequvalentto:

argmin Ep, ) [KL( pe(hjx)jjathjx))I; (20)

In practice the expectationbecomes sumover the training datapairs,andwe obtainEq. 1. Thus,the
optimaldistribution in this sensas the onethatresultsfrom solvingEq. 1, to obtaing(hjx). Of coursewe
assumehatthedatais composedy representate examplesrom p, sothatthe empiricaldistribution pe is

atall useful.
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Eqg. 7 justi®esthis choicesinceit tells usthatin orderto ®nd a good approximationfor the posterior
p(hjx) we should®nd aproposadistribution thatis similarto it, asintuitively expected We maythenaskif
we couldusethis proposadistribution alone. Thereasorwhy thisis notagoodideais that,sincewe cannot
usually®nd a proposaMistribution thatmatcheghetrue posteriorperfectly usingthis proposaklistribution
aloneis expectedto performworsethanwhencombinedwith our accurategeneratre model. In fact, this
wasexperimentallyveri®edin Secs.7.1.2and7.2.2. Thisis mainly becausén regionswherethe proposal
distribution q is badat approximatingp, we canalwaysevaluatep andnotethe erroror discrepang

Thedistribution g(hjx) is anapproximatiorto p(hjx) in the spaceof all distributionswith thestructure
speci®edby the discriminative model (a mixture modelin our case). For Gaussiarmixture models,it is
know that this approximationcan be madeas accurateaswe wish in the limit of in®nite dataand mix-
ture componentsinterestingly obtaininga goodapproximatiorto the posteriordoesnot explicitly require
knowledgeof the prior p(h) in our generatte model.Notethatthetrainingdataindirectly providessomeof
this informationthroughthelearneddiscriminatve model(in factthe datacouldfurtherbe usedto directly
estimatep(h) if necessary).

Throughouthe papemwe shaved MAP estimation.For the sale of completenessf we areinterestedn
computingan approximationo the probability of a body poseh, givenan obsenration of featuresx , we
usetheexpression:

p(hix ) = ZipN () pch; 1)
with Z,, givenby & P o, p(x ;h®)=qh®jx ), usingimportancesamplingwith proposaldistritution

q(hjx ) to obtainthesamplesh(®).
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