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Abstract

A probabilistic,nonlinearsupervisedearningmodelis proposedthe SpecializedMappingsArchi-
tecture(SMA). The SMA employs a setof several mappingfunctionsthat are estimatecautomatically
from training data. Eachspecializedunction mapscertaindomainsof theinput space(e.g.,imagefea-
tures)onto the outputspace(e.g.,articulatedbody parameters)Oneimportantadvantageof the SMA
is thatit canmodelambiguouspne-to-mag mappingsthat may yield multiple valid outputhypothe-
ses. Oncelearned,the mappingfunctionsgeneratea setof outputhypothesegor a giveninputvia a
statisticalinferenceprocedure The SMA inferenceprocedurencorporatesaninversemappingor feed-
backfunction,which enablegshe SMA to evaluatethelik elihoodof eachhypothesis Possiblgeedback
functionsinclude computergraphicsrenderingroutinesthat cangeneratémagesfor givenhypotheses.
The SMA emplgysavariantof the Expectation-Maximizatioalgorithmfor simultaneougearningof the
specializeddomainsalongwith the mappingfunctions,andapproximatestratgjiesfor inference. The
framawork is demonstrateth acomputewision systenthatcanestimatghearticulatedooseparameters
of a humanbody or humanhands givenimagesilhouettes.The accurag andstability of the SMA are

alsotestedusingsyntheticimagesof humanbodiesandhandswheregroundtruth is known.

Keywords: Supervisedearning,statisticalinference,mixture models,ExpectationMaximization algo-

rithm, articulatedstructureestimation humanbody pose handshape.



1 Intr oduction

A fundamentataskfor vision systemss to infer the stateof the world given someform of visual obser
vations. From a computationaperspectie, this often involves facing an ill-posed problem: information
is lost via projectionof the three-dimensionalorld into a two-dimensionalmage. As aresult, it is often
the casethatmultiple valid interpretationof animagearepossible.Solving anill-posedproblemrequires
additionalinformation, usually provided as a model of the underlyingprocess.In their day to day life,

humansare surprisinglyadeptat interpretingthe visualworld, despitethe ill-posednatureof the problem.
For example,humanscaneasily estimatethe articulatedposeand motion of peoplein a scenegivenonly
relatively low-resolution,monoculaimagesof theworld, e.g.,from a photographor avideo. It is believed
thathumansemploy extensve prior knowledgeabouthumanbody structureand motionin this task[22].

Assumingthis, in this paperwe will considethow a computemight learnthe underlyingknowledg in the
form of a probabilisticmodel,andtherebyinfer posefrom a singleimage.

Let usconsideran exampleposeinferencetask: givenonly a persons silhouette estimatehatpersons
articulatedbody pose. To be concrete Jet us de ne articulatedposein termsof. (a) the 2D locationsof
the persons jointsin theimage,or (b) the 3D locationsof the persons joints in Euclideanspace.lmagine
drawving markson the silhouetteimage that approximatelylabel the joints: left elbaw, right elbow, left
knee,right knee,andso on. Also considera plausible3D poseinterpretationfor this silhouette. While
thisinferencetaskseemgelatively simplefor a humanto perform,thetaskis quite challengingfor current
computevision systems.

For purpose®f computationthe abore inferencetask canbe posedasfollows: given an obseration
vectorof cuesx 2 <€ thatwereextractedfrom animageof a person,nfer the articulatedposeparameter
vectorh 2 <!'. Assumetheseinput and outputspaces<® and<! arecontinuous.In a genericmachine
learningframenvork, inferencemight beachievedvia amappingfunction :<¢! <! thatfor agiveninput
(cues)omputeghecorrectoutput(pose).While theapparensimplicity of this stratgy is alluring, it leaves
anumberof nettlesomepenissueshow to selecttheappropriatdunctionalform for this mappinghow to
estimatglearn)this functionfrom data,andhow to performinference.

The functionalform requiredfor this mapping may not be simple, becausehe mappingfrom cues
to articulatedposesis generallyambiguougone-to-may). An exampleis illustratedin Fig. 1. The arm
locationscannotbeuniquelyinferredgiventhesilhouettex ; thereforea—h areall possiblgposehypotheses.
Notealsothatposec isthere ection of a: thecameranow looksattheposteriorratherthanatthefront of the

body In practice theremaybeentireregionsin <! thatcontainvalid posesassociateavith thesilhouette as
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Figurel: Exampleambiguityin mappingbodysilhouettecuesin < ¢ to articulatedoodyposesn <!. Givensilhouette
X, posesa—h areall valid hypothesesin generalentireregionsin <! may containvalid poses.

shavn in Fig. 1. Thus,theremightbeanin nite numberof valid posedor a particularinput. Moreover, the
regionsof valid posesieednot be connectedFor instancedifferentregionsin <! maycorrespondo ranges
of valid poses,someviewed from the front and othersfrom behind. Suchambiguitiesare not particular
to humanbody pose;for instance analogousnferenceproblemsexist in estimatinghandposefrom image
featuresaswill beseenlater

Letusnow considettheinverseproblem:givenanarticulatedposevectora, generatets silhouettecues
X. With agoodcomputergraphicsmodelof the humanbody onecaneasilyrenderthe silhouettex. Thus,
we caneasilycomputetheinversemapping : <!! <€ Many realworld problemssharethe propertythat
theirinverseproblemis simpler e.g.,speechrecognition.In fact, this propertyis akey partof our problem
de nition andit will playanimportantrolein developingtheframeavork presentedh this paper

We now have a notion of theinput andoutputspacesthe forward andinverserelationshipsassociated
with them,andafew basicdif culties thatcanarisein thecontet of our exampleapplication.Themapping
of inputs (cues)to outputs(poses)is ambiguousand one-to-may; this precludesthe use of supervised
learningmethodgshat t asinglefunctionto thedata,e.g.,mostneuralnetworks, supportvectormachines,
leastsquare®stimation etc. On the otherhand,we have accesgo theinversemap :<'! <€ whichwe
canexploit in formulatinga solutionto thelearningproblem.

In this paper we describea probabilistic,nonlinearsupervisedearningframeavork: the Specialized
MappingsArchitecture(SMA). The SMA emplg/s a setof M mappingfunctions  : <¢! <! where
eachspecializedunctionmapscertainsub-domainsf theinput spacgcues)ontothe outputspacegposes).
The sub-domain®f ¢ neednot be connectedegionsin the input or outputspaces.The SMA mapping
functionsareestimatedautomaticallyfrom training data,via a supervisedearningprocedure A variantof

the Expectation-Maximizatioalgorithmis usedfor simultaneou$earningof thespecializedlomainsalong
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Figure?2: Inferencein the specializednappingsarchitecture (a) Givenaninput vectorx, the mappingfunctions
generatea setof hypotheses(b) The inversemappingfunction is employedin evaluatingthe likelihood of each
hypothesis.

with the mappingfunctions.Oncethe SMA modelis learnedapproximatiorstratgies,basedn sampling,
malke the SMA's inferencetractableandfast. The basicconceptf SMA inferenceareillustratedin Fig.

1. For a giveninput x, the mappingfunctionsgeneratea setof outputhypotheses.The SMA inference
procedurghenexploits aninversemapping in evaluatingthelikelihoodof eachhypothesis.

An importantadwantageof the SMA is thatit canmodelambiguouspne-to-may mappingshatmay
yield multiple valid output hypotheses.Unlike otherlearningapproacheshat emplg/ a set of mapping
functions[12, 15, 24], theSMA incorporatesninversemapping in probabilisticinference Theframewvork
is evaluatedn a computewision systemhatcanestimatethe articulatedooseparametersf ahumanbody
or humanhands,given imagesilhouettes. The accurag and stability of the SMA are also testedusing

syntheticimagesof humanbodiesandhandswheregroundtruthis known.

2 RelatedWork

In computewision, recorery of articulatedoodyposefrom imagesds oftenformulatedasatrading problem.
Usually link-joint modelscomprisedf 2D or 3D geometrigprimitivesaredesignedeforehando roughly
matchthe speci ¢ morphologyof thetamgetin question7, 10, 13, 27, 31, 35, 37]. Meshmodelshave also
beenusedasanalternatve to link-joint models[14]. At eachframe,thesemodelsare tted to theimageto
minimize somecostfunctionthatfavorsthe overlapof themodelandassociate@mageregions(or motion).
Despitetheir descriptve power, this family of approachesiasa numberof critical dravbacks. Generally
anon-linearoptimizationproblemmustbe solved at every frame. Carefulmanualplacemenof the model
onthe rst framein avideo sequencés alsorequired. Moreover, trackingin subsequenframestendsto

be sensitve to errorsin initialization and numericaldrift; asa result,thesesystemscannotrecoser from
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trackingerrorsin themiddle of asequence.

To addresgheseweaknessespecializeddynamicalmodelshave beenproposed20, 27, 29). These
methoddearna prior distribution over somespeci ¢ motion 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.

Othermethoddor constrainedrackinginclude[4, 5], wherea subspacef allowablemotionsis learned
from asetof examples.Theseexamplesandthemodel(usuallylinear)arehopedto be sufcient to spanthe
setof possiblemotionsto be seenduringtracking. Thus,poseinferencenvolves nding alinearprojection
of theobsereddataontothemotionsubspaceThissubspacapproactenforcesstrongprior; asmentioned
previously, this limits the generalizatiorof the modelto classesof motionsnot seenin the training set.
Furthermorearticulatedmotionis generallynon-linearandcannotbeeasilyexplainedasalinearprojection.

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

In [17] a statisticalapproachis emplo/ed in reconstructinghe 3D motionsof a human gure. The
approachemplg/s a Gaussiarmprobability model for shorthumanmotion sequenceslt is assumedhat
2D tracking of the joint positionsin the imageis given; therefore,this assumptiorimplicitly incursthe
restrictionsfoundin all trackingapproaches.

In [38] dynamicprogrammings usedto calculatehebestglobalmatchingof imagepointsto prede ned
bodyjoints, givenalearnedprobability densityfunction of the positionandvelocity of bodyfeatures.The
probability function is de ned by a triangulatedagyclic graph,andthusinferenceis feasibledue to the
runningintersectiorproperty[23, 30]. Still, in thisapproachtheimagepointsandmodelinitialization must
be provided by handor throughsomeothermethod.

In [6], themanifold of humanbody dynamicsis modelledvia a hiddenMarkov modelwith anentropic
prior. Oncethe statesareinferredfrom obsenrations,a quadraticcostfunctionis usedto generate contin-
uouspathin con gurationspacej.e.,bodyposespace.

In all of the non-trackingapproachesnentioned[6, 17, 38] modelsof motion were estimatedfrom
data. Althoughthe approachpresentedn this papercanbe usedto modeldynamics,we amguethatwhen
generalhumanmotion dynamicsare to be learned,the amountof training data, model compleity, and

computationatesourcesequiredareimpractical.As a consequencenodelswith unacceptablyarge priors



towards speci ¢ motionsare generated. Although by not modelling the dynamicswe may be ignoring
information that could be usedto further constrainthe inferenceprocessthereare somebene ts. For
instancea modelfor inferring body posethatdoesnot considerdynamicsprovidesinvariancewith respect
to speed(i.e., samplingdifferencesyanddirectionin which motionsare performed. This happenssimply
becausehis modeltreatscon gurationsastemporallyindependenof eachother Otherapproachethatuse
asingleimageinclude[3, 19, 25, 28, 39]; however, mostof thesemethodsalsorequirethatprojectedoint
locationsbe givenasinput. In our approactthisis notnecessary

Ourapproachmapsvisualfeaturedo likely bodycon gurations.Followingamachindearningparadigm,
stochastidunctionsthat map visual featuresto poseparametersire approximatedrom training data. A
uniqueaspecbf our approachs thecombineduseof (1) thesemappingfunctionswith (2) theinversemap-
ping function . After multiple poseshave beeninferredfrom justthevisualcues, transformghesepose
con gurationsbackto the visual cue (obseration) space.In this spacewe canthenautomaticallychoose
amonga setof reconstructiorhypothesesOur approactavoids the needfor manualinitialization or track-
ing; it therebyavoids the consequentlisadwantagesf tracking. Remarkablyrelatively few computations

arerequiredfor inference We will now formalizeandexplainthe SMA in detail.

3 Probabilistic Model

In the SMA, asetof mappingfunctionsis estimatedrom trainingdata,via a supervisedearningprocedure.
LetZ = fzy;::;zy g beanobsered training setof input-outputpairsz; = ( i; ). Each ; 2 <®isan
input (feature)vector andeach ; 2 <! isits correspondingutput(pose)vector

We will approachour problemasoneof hiddenvariabledensityestimation.We begin by introducing

function,and = ( 1;:::; wm), where | represent® (y = k), the prior probability thatthe mapping
functionwith labelk will beusedto mapaninput-outputpair.
Takinga maximum-likelihoodviewpoint, we areinterestedn nding theoptimalparametesettingsfor

our model;thus,we seekito maximizethejoint log-probability:

= argmaxlogp(Zj ): (D)



Assumingindependencef obserationsgiven , andusingBayes'rule we obtain:

X

= argmax logp(zij ) (2
X X _ _

= argmax log  p(zijyi = k; )P(yi = ki ) (3)
X X _ _

= argmax log p( ij i;yi =k )Py =Kj)p( i); 4)

i k

wherewe usedtheindependencassumptiop( j ) = p( ). Notethatbecaus¢heinputs, ; donotdepend

onthemodelparametersve canignoretheir distribution when nding the optimal parametesettings.
Dueto the sumof termsinsidethe logarithmof Eq. 4, this optimizationis generallyintractable.How-

ever, avariety of practicalapproximateoptimizationmethodsxist, for example,methodghatarebasecdn

alternatingminimizationg[8]. An ExpectatiorMaximization(EM) [9, 26] methodis describedn Sec.4.

3.1 Choiceof a Lik elihood Function

Notethatthe above formulationis general.ln particular the form of theprobabilityp( ij i;y; = k; ) was
notspeci ed. A key questionin instantiatingthe specializednappingarchitecturas: whatform shouldbe
usedfor p( j ;y; )? Thisistheprobabilitythatoutput wasgeneratedby the mappingfunctiony, given

theinput andmodelparameters. In this work we analyzethefollowing possiblecases:

1. A Gaussiarnoint distribution of input-outputvectors:

PC 5 dys )= N5 )5 ys ) (5)
2. A Gaussiardistribution, whosemeanis the outputof they-th mappingfunction:

PC T 5ys )=NC S5 y(5 ) ) (6)

Oneway to interpret(2) is thatthe errorin estimating , givenwe know whatmappingfunctionto use,is
Gaussiardistributed. Thesearethetwo formstestedin our experimentshowever, the SMA formulationis

generalandcanaccepitherformsfor thelikelihoodfunction.

4 Learning

As explainedabove, an approximationmethodmustbe usedin learningthe SMA parameters.We will

emplg an ExpectationMaximization (EM) approach.EM provides a generalframework for solving the



maximumlik elihood parameteestimationproblemin statisticalmodelswith hiddenvariables like Eq. 4.
Sincethe EM algorithmis well known [9, 2, 26], we will only provide derivationsspeci c to the SMA.
Note that the unobsered randomvariablesy; are assumedndependentgiven z;. Thus, the E-step
reducedo computingthe posteriorprobabilitiesfor eachy; giventhe modelparameterandobsered data:
X
POWi=Kk= k(i syi=k C = jpCijuyi=j © D) (7)
j2c
Stateddifferently this stepestimatesheresponsibilityof eachmappingfunction, | for eachdatapoint, z;.
The M-stepconsistsof nding (Y = argmax E,[logp(Z;yj )]. In bothof our caseswe can

shaw thatthisis equivalentto nding:

X X
(D = argmax POy = K)llog p(zijyi = k; ) + logP (yi = kj )]: 8

i k2C
It is importantto mentionthatthisis valid if p(zijj ) dependsny; andnotony;, foraryj 6 i. Note

thatfor thedistributionsdiscusseébaove, thisis true. We presensolutionsfor the caseglescribedabove.

4.1 Case(l)

In this casewe have:
2 32 3

p(; jy; )=N(y y)=N@E 54 S)y: 9

In this case,we canshav thatthe SMA parametetearningproblemis reducedo a mixture of Gaussian
estimation,for which it is straightforvard to estimate usingEM. Moreover, the Bayesianestimateof

givenanobsered is alsoGaussian:
pCisys )=N(C + 7 Y ); S (10)
Thereforein casg(1), eachspecializedunction  is justthe meanof the conditionaldistribution
k()= + 7 X )y=k: (11)

The con denceof the estimateas given by the covariance | = ( > L )y=k: However, this
expressiordoesnot dependon theinput, a sometimesundesirableonsequencef the given model. Thus,

eachfunction  islinearin theinputvectorfrom <°.



4.2 Case(2)

In this casewe have:

& . Oy = 1)@ ki

@ | P (yi = k) @klogP(M kj ) (12)
& _ Oy = 1) @ PR

@ | P (yi k)@klogp( WEL D (13)
R LR ) G QTS LR GGt (14)

i
wherekE is the costfunctionthatwe would like to maximizein Eq. 8.
This givesthefollowing updaterulesfor  and , whereLagrangemultiplierswereusedto incorpo-

ratethe constrainthatthesumof the 'sis1:

o= 5 POk (15)
b

(t+1)  _ POGi=R «Cin )i ks &) (16)

‘ POy = k)

To keepthe formulation general,we have not yet de ned the form of the specializedfunctions .
Whetheror not we can nd a closedform solutionfor the updateof  dependson theform of . For
exampleif | is anon-linearfunction,we may have to useiterative optimizationto nd l((t). If  yieldsa

quadratidorm, thena closedform updateexists.

4.3 StochasticLearning

Theaforementionedptimizationequationscanbeusedto nd alocal minimumgiventheinitial parameter
values.In orderto improve this processandavoid someof thelocal minimathatinevitably arise, we usean
annealingscheduleon the P! probabilitiesduringthe M-step. In this way, we rede ne:

gog(P) (yi=]))=T(t)
gog(PM (yi=k)=T(t) "

POWi=)) P (7

k2C

In our experiments,the temperaturparametefl decaysexponentially This stepnot only helpsin
avoiding local minima, but it alsocreateswo desirableeffects. It forcesP()(y; = ) to be binary (either
1 or 0) at low temperaturesasa consequenceachpoint will tendto be mappedby only one specialized
functionat the endof optimization.Moreover, it makes P\ (y; = k) (k = 1;2;:::;M) befairly uniform at

hightemperaturesnakingthe optimizationlessdependenon initialization.



5 Inference

Learningyields a setof specializedunctionsthat mapthe input spaceto the outputspace.As aresultof
thedivide andconquerstratgy emplo/edin learning,eachof the specializedunctionsmapsdifferentparts
of the input spacewith differentlevels of accurag. The mappingbehaior of eachfunctionis described
probabilistically We cannow formulateinferencein termsof maximuma posteriori(MAP) estimation.In

inferencewvewantto nd themostlikely outputhypothesi$ 2 <! for agivenobserationx 2 <¢:

X
h = argmﬁa\xp(hjx) = arg m}?x p(hjx;y)P(y): (18)
y

Any furthertreatmentepend®nthe propertiesof the probability distributionsinvolved.
In both Caseg1) and(2) consideredn previous sectionswe canwrite p(hjx;y) = N (h; y(X); vy).

Thus,in eithercasewe have a mixture of Gaussians:

X
h = argmhax N (h; y(X); yIP(Y): (29)
y

However, we have yetto make useof theinverse(rendering)function :<'! <¢in ourframework.

5.1 Maximum A Posteriori Estimation Usingthe InverseMapping Function

The mixing factorsin Eg. 19, y = P(y), do not dependon the input x, which is consistentwith our
conditionalindependencassumptiorP (yjx) = P(y). This differs from the Mixture of Experts(ME)
formulation[21, 24], which doesnotassumdP (yjx) = P (y); instead P (yjx) is assumedo take a certain
form, embodiedby a setof gatingnetworks In [21, 24] the gatingnetworksweremodeledby alogit linear
model,learnedirom data.In the SMA, anentirelydifferentapproaclcanbe useddueto the availability of
therenderingfunction , whichwe call theinversefunctionor inversemap.

This inversemap can be obtainedvia computergraphicsrendering. For instance,in humanpose
estimation, couldrenderanarticulated,computergraphicsmodelgiven poseparameteré. If computer
graphicgenderings unavailableor too slow, anapproximatenversemap " may beobtainedvia supervised
learningover a training setof input-outputpairs,Z. For example, " could emplo a multi-layer neural
network, supportvectormachine etc. Note thatthe inversemappingis assumedo be simple,i.e., one-to-
one;thus,simplefunctionalformsfor " areacceptable.

Givenaninversemap , it is possibleto derive an expressiorfor the probability of the obsered input

10



X, giventhe outputhypothesig. For instancewe couldemplgy the Gaussiamodelt:

p(xjh) = N(x; (h); ); (20)

where isestimatedor agivenSMA usingatrainingset. While thisis oneexampleof amodelfor p(xjh)
thatincorporateknownledgeof , indeedothersarepossible.
Oncewe have amodelfor p(xjh), then nding anoptimalh givenaninputx canbe formulatedasa

continuousoptimizationproblem

h = arg mﬁax p(hjx) (21)
p(xjh)p(h)

_ 22

argmax P(Xk - (22)

= argmax P(xjh) [EJ((:) X y)dxdy (23)

via Bayes'rule,andmamginalizingover x andy.

Sincex isobsered,sayx = Xo, p(h;x;y)dx = (X Xo)p(h;x;y) we canrewrite Eq.23:

. RR :
p(xjh)  p(h;yjx)p(x)dxdy

h = argmax P) (24)
_ argmﬁax|o(xjh)|o(x)(XI;)(h;ij)dy (25)
= argmgXp(XJh) p(hjx; y)P(y); (26)

y
wherewe assume(h; x; y) factorizesnto p(hjx;y)p(x)P(y), andP (yjx) = P (y) asbefore.
Unfortunately nding themaximumof Eq.26is generallyinfeasible[33]. In thefollowing sectionsyve

describeapproximatioralgorithmsfor obtaininggoodestimatesf h .

5.2 Non-deterministic Approximate Inference: Multiple Samples(MS)

Let us assumehat we can approximateP y p(hjx;y)P(y) by a setof samglesgeneratecbccordingto
p(hjx;y)P(y) andakernelfunctionK (h; hg), suchthatK (h;hg) 0and K (h;hg)dh = 1 for ary
givenhs. Givenasetof sampledd s = fhsgszl;;;s,wecanconstructheapproximationp y p(hjx;y)P(y)
% P ;Q':l K (h; hg). We now considertwo simpleformsfor thekernelfunctionK .

If we usea Dirac deltafunctionkernelcenterecat eachsampleK (h;hg) = (h  hg), thenwe have:

P
h arg max, p(xjh)é ;Q':l (h  hg). This canbe reducedto an equivalent discreteoptimization

INotethatp(xjh) doesnothave to be consistentvith p(hjx), i.e., relatedoy Bayesrule in this case).Indeedthe key insightis
thatthey representlifferentprobabilisticmodels(thatcanbe usedalternatingly).

11



problemwherethegoalisto nd themostlikely samples :
S = argmgxp(xjhs) = arg msin(x (hs))”  (x (he)); 27)

by usingthe Gaussiariorm of p(xjh) asgivenin Eq. 20.

If insteadwe useGaussiarkernelscenteredateachsampleK (h;hs) = N (h;hs;  sp), thenwe have:
h arg maxp p(xjh)% P 55:1 N (h;hs; spi). Thisapproximationis harderto usein practice.Unlike the
Dirac deltakernelapproximationthe Gaussiarapproximationcannotbe reducedo an equivalentdiscrete

optimizationsincethereis no guarante¢hattheoptimalh for this form is amongthe samplesn general.

5.3 Deterministic Approximate Inference: Mean Output (MO)

The structureof inferencein the SMA, aswell asthe form of p(hjx;y) emplo/ed, make it possibleto
constructa deterministicapproximatiorto Eq. 26. Thebasicintuition is straightforvard. For agivenx, we
askeachspecializedunction  to give its mostlikely estimatefor h . We thenevaluatethe probability
of eachfunction's estimatevia the distribution p(xjh). This approximationis goodin practice,aswill be
demonstrated the experiments.

To justify this deterministicapproximationwe notethat the probability of the meanis maximalin a
Gaussiardistribution; i.e., it is the most-likely value. Formally, in both Case(1) and Case(2) described
earlier p(E[hjx;y; 1)  p(hYx;y; ), for ary h® Consideragainthe setof samplesH spl = fhsQs=1::s

generatedh theMS approximationWe canbuild asetof samplesd = fh, g¢=1..m thathastheproperty:
8y, maxp(h,jx;y) ~ maxp(hsjx;y) (28)

simply by settingh, = «(x; ).

Thisinsightleadsto a deterministicapproximatiorfor inference the MeanOutputsolution(MO). This
approximatesolutionrelieson the obserationthatby consideringhemeans s(x), we would be consider
ing themostlikely outputof eachspecializedunction, giventheinput. The smallerthe overlapamongthe
distributionsassociateavith eachspecializedunction,thebetterthe accurag of this approximation.

In MO approximatenferencethe expressiorto be minimizedis the sameasthatusedin Eq.27, except

for theuseof theM meandnsteadof the S samples:

k = agmaxp(xih,) = argmin(x ()™ (x  (h): (29)

This generallyrequiressubstantialljesscomputatiorthanwould berequiredin the MS approach.

12



5.4 Bayesianinference

Note thatin someapplicationsjnsteadof a point estimatethe mostlikely outputh , it may be desirable
to emplgy anapproximationto the full posteriordistribution p(hjx). We canshav thatfor the two kernel

functions,K givenin Sec.5.2we canrespectrely obtain

. 1%
p(hjx) / S N(x; (hs); ), (30)
s=1
. 1 x
Pthix) /' gN(x; (h); ) N(hihsi sp): (31)
s=1

Theseapproximationsanbeusefulin algorithmsthatcarryadistribution over the possiblestateh. For
example,in the context of dynamicprobabilisticmodels,suchas Markov models,onewould like to fuse

pastposeestimatesvith new obserations,i.e.,to obtaindistributionsof thep(h ¢jx¢; hy 1).

6 Example Application: Articulated Posefrom Visual Features

The SMA formulationis rathergeneralandcould be appliedin a numberof supervisedearningproblems
for which the output-to-input(feedback)mapis relatvely easyto compute. To demonstrateandtestour
framework, we have developeda systemthat usesthe SMA to infer articulatedposefrom low-level vi-
sualfeatures.In particular we focussedon poseestimationof the humanhandandbody from animage
silhouette. In this classof computervision applications groundtruth dataset$or usein training canbe
obtainedvia motion captureglovesor body suits,andcomputemgraphicsrenderingcanbe usedto generate

theinput-outputpairsusedin supervisedearning.We will now give detailsof this demonstratiorsystem.

6.1 3D Hand PoseEstimation

In this application,our goalis to recover detailed3D handposefrom silhouettefeaturescomputedrom a
singlecolorimage.Handposeis de ned in termsof thehandjoint angles.In generalwe arealsointerested
in globalorientationof the hand. We explore two applications:estimationof the internaljoint anglesonly,

andlater, estimationof bothinternaljoint anglesandglobal orientationof the hand.

6.1.1 Hand Model

We utilize thehandmodelprovidedin the VirtualHandprogrammindibrary [40]. Themodelparameterare
22joint angles Fortheindex, middle,ring andpinky nger, thereis ananglefor eachof thedistal,proximal

andmetacarpophalangegplints. For the thumb,thereis aninnerjoint angle,an outerjoint angleandtwo

13
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Figure3: Exampleof the 86 silhouettebtainedvia computegraphicsrenderingor agivena 3D handpose.Views
aredistributedapproximatelyuniformly overthe view sphere.

anglesfor the trapeziometacarpabint. Thereare also abductionanglesbetweenthe following pairs of
successe 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 angles pour modelhas20 DOF for theinternalhandcon guration.
All of these20 anglesarerelatie to two global orientationangles. Thesetwo angleswill encodethe
cameraviewpoint (or alternatvely hand3D rotation). Imaginea spheresurroundinghe handmodel,i.e., a
x edhandcentemointis atthe centerof the sphere For easeof referencewe will employ thewidely used
latitudeandlongitudenotions. The rst angle ; representshe latitudefrom which we arelooking atthe
hand,thesecondangle » representthelongitude.Wehavede 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 gurationsfrom AmericanSign Languagg/ASL) andothercon gurationsinformally performed
by severalmemberof our researclgroup. Usingcomputergraphicsandanarti cial handmodel,we then
renderedeachcapturedhandposefrom multiple viewpointson the view sphere.In our implementation,
we de ned a setof 86 viewpoint anglepairs( 1; ») sothatthe spheresurfaceis sampledapproximately
uniformly. Thuswe obtaineda full datasebf 9;000 86 views. Eachview hasanassociatedinaryimage

mask(silhouette) anda 22 DOF posevector Fig. 3 shavs the 86 viewpointsusedin the dataset.
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¢ Fromthesesilhouetteswe extract the visual featureshatwill be usedfor further processing.n our
implementationwe usedtwo classe®f features(thesefeaturesare not usedtogether):Hu momentsand
Alt moments.Alt momentq1] aretranslationandscaleinvariant, but not rotationinvariant. Hu moments
[18] areinvariantto translationandscaling,but alsoinvariantto rotationin theimageplane.Thesemoment
featureswere usedin our implementatiorbecausehey arerelatively easyto compute,andthey provide
invariantsthat are appropriatfor our demonstratiorapplication. However, the generalSMA formulation
canbeusedwith othervisualfeaturerepresentation$ desired Detailedexaminationof thefeatureselection
problemis outsidethe scopeof this paperandremainsatopic for futureresearch.

Theabove procesyieldsasetof input-output(cue-posepairsto beusedin our experimentsWe de ne

two experimentaldatasets:

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

Thisyieldsapproximatelyd,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 staticbackgroundpnly onepersonis presentandthe personis facingtowards
the camera.In this implementationwe are not consideringhandocclusionanalysis,which by itself is a

dif cult task.Our systentracksbothhandsof theuserautomaticallyusinga skin color traclker [36].

6.2 2D Human Body PoseEstimation

In this application,our goalis to recover the articulatedposeof a humanbody obseredin a singleimage.
The methodologyfollowedis very similar to thatusedin the estimationof handpose.However, insteadof
joint anglesbodyposewill be speci edin termsof marker positionsat a predeterminedetof joints. The

SMA will estimateahe2D positionsof thesebodymarkersin theimageplane,givenvisualfeaturesasinput.

6.2.1 Human Body Model

The humanbody modelis de ned in termsof 20 3D marker positions(60 DOF). The 20 markers are

distributedasfollows: threemarkersfor the head threemarlersfor the hip/backbonearticulation,plusone
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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.

6.2.2 Human Body PoseDataset

Human body motion capturedatawas obtainedfrom several sources: http://wwwbiovision.com, Matt
Brands datase{6], andseveral demosequencem the software packageCharacter Studio In total there
are 32 capturedsequenceshat depict variationsof differentactwities: dancing,walking, kicking, wav-
ing, throwing, jumping, signaling,crouchingdown. Thetotal numberof framescollectedis approximately
7,000, mostly at 30 frames/secondUsing computergraphicsand our arti cial body model,we thenren-
deredeachframefrom 16 equally-spacediewpointson the equatorof the view spherecenterecht the hip
of the body model. For eachview, we alsousedthe cameramodelto obtainthe 2D marker positionsin
theimageplane. Thuswe obtaineda full datasebf approximately7; 000 16 views. Eachview hasan
associatethinaryimagemask(silhouette) anda 40 DOF projectedmarker vector

¢ Fromthe silhouetteswe extract the visual featuresthat will be usedasinput to the SMA. For this
applicationwe have chosenAlt momentd1] asourvisualfeaturesmainly dueto theireaseof computation
andinvarianceto translatiorandscaling.

The above procesyyields a setof input-output(cue-posepairsto be usedin our experiments.In this
casethe cuesarethe Alt momentdor a particularview, andthe poseis encodedn termsof the projected

locationsof thebodymarkersin theimageplane(40 DOF). We call this datasethe Body-All-\fews dataset.

6.2.3 Detectionand Segmentation

For live video input, we usesequencesollectedwith a color digital camera.lt is assumedhat thesese-
guence$iave astaticbhackgroundpnly onepersoris presentandthe persons fully-visible. We useasimple
andwidely-usechumanbodysegmentatiorschemdl16, 34, 41]. Thetechniqueemplgys statisticallearning
to acquirea modelof the backgroundappearanceyhereeachpixel's color (luminance)is representetyy a
Gaussiarlistribution. Segmentatioris thenapproacheth amaximum-likelihoodfashionwhereeachpixel

is classi ed asbelongingto oneof two classesthe backgroundr theforeground(humanbody).

6.3 CommonImplementation Details

We know brie y discussmplementatiordetailscommonto bothapplications.
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6.3.1 Mapping Functions

In Sec.3, it wasnot speci edwhatclassof mappingfunctions  wereto beused.The SMA frameawork is
practicallyindependenof this choice.However, from Eq. 14 we cannoticethatthereareclearadwantages
in theM-stepif thesefunctionsaredifferentiablewith respecto their parametersin thecaseof quadraticor
linearfunctionstheM-stepcanbeperformedexactly in onestep.However, the e xibility of thesefunctions
is limited. In ourimplementatioreachmappingfunctionis a multi-layer perceptrorwith onehiddenlayer.
For the non-linearonehiddenlayer perceptronstheredoesnot exist a closed-formsolutionfor Eq. 14. In

ourimplementationye usedfour to veiterationsof the conjugategradientmethodper M-step.

6.3.2 FeedbackFunctions

In the previous sectionsve madereferenceo theinverseor feedbackunctiondenoted . Thereareatleast
two waysto de ne this function. Ontheonehand, couldbeacomputergraphicsrenderingfunction. On
the otherhand,we could estimatean approximate'\ given a setof output-inputtraining examples.In our
implementationywe experimentedwith both approachesFor , we usedcomputergraphicsrenderingsof
our handand body modelsobtainedvia OpenGL.For *, we usedone hidden-layemperceptronwith ve
hiddennodes.In our experiencethis providesanadequat@andef cient approximation.

The approximatdeedbackunctionis usefulprimarily becauset is fasterto computethana graphical
renderingfollowed by visual featurecomputation. The key issueto keepin mind is that the feedback
mappingis assumedo be simpler (one-to-one)otherwisesimple functionalforms would only introduce
moreestimationerrors. Of course thisis just a practicalissue.If the feedbackmappingis too comple to

approximateeasily we couldalwaysrely onthe availablefeedbackunction .

6.3.3 Computational Performance

For an Athlon 1400PC with 2GB memory runningunoptimizedMatlab 6.0 code, it takesapproximately
ve hoursto trainamodelwith 10 dimensionginput) and10 dimensiongoutput),using4500patternsand
40 singlehiddenlayerperceptronsvith ve hiddennodeseach.

Usingthe samesetting,the systemcaninfer body posesat approximatelyl1 framesper secondusing
the Mean Output(MO) algorithm. The Multiple SamplegMS) algorithmtakes time proportionalto the
numberof samplesrequired;for example,if eachfunction uses10 samplesperformances reducedto
approximatelyl.1 framespersecond.ThistimeincludesOpenGL-basedenderingof bodyposesn . We

noticedthatfor ourimplementationjf we usethe approximategeedbackfunction, N therenderingtime is
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reducedby approximatelyonehalf.

6.3.4 Early Stopping During Training

During modeltraining,we usedcross-alidationfor early stoppingandto avoid over- tting asfollows:
Training data: Stopif thelog-likelihoodchangedessthan0.5%averagedver thelastteniterations.

Held out data: Stopif the held out datalog-likelihood averagechanges negatie over the lastten

iterations.Held out datawaschosenn the sameway asthetrainingandtestdata.

Numberof iterations: Stopif amaximumof 200iterationsis reached.

7 Experimental Results

We now presenexperimentaresultsobtainedusingthe SMA in estimatingthe poseof thehumanhandand

body For additionalexperimentsotincludeddueto spacdimitations,thereaderis referredto [33].

7.1 Hand PoseEstimation Givena Fixed CameraViewpoint

In our rst experimentsthe SMA is testedin the task of recovering 3D humanhandposegivena x ed
cameraviewpoint. a view towardsthe palm of the hand. For training, we usedthe Hand-Single-éw
datasetyhich containsatotal of approximately9,000examples.Of these 3,000wereusedfor trainingand
the restfor testing. All experimentswere performedon a testsetthat sharedno commonposeswith the
training set. Theinput-outputpairswerethende ned asfollows. The input consistedbf 10 Alt moments
computedrom the silhouetteof the hand,asdescribedn Sec.6.1. The outputconsistedf 20 joint angles
of ahumanhandlinearly encodedy ninevaluesusingPrincipal ComponenAnalysis(PCA).

In this experiment,the numberof specializedunctionswassetto 20. This numberwasfoundto be
optimal in the senseof the Minimum DescriptionLength (MDL) principle [32]; an exhaustve searchis
impractical,sowe nd thisnumbervia approximatesearch Eachmappingfunctionwasaonehiddenlayer,

feed-forward network (multi-layerperceptronjith sevenhiddenneurons.

7.1.1 Quantitative Results

To measuréheaccurayg of thehandposereconstructionywe randomlyselectegpproximatelyt,000frames
notincludedin thetrainingset. This testsethasthe advantagethatgroundtruth is available. Usingthe esti-

matedfeedbackunction " in theMeanOutputapproacMO), theaveragel , errorbetweemreconstruction
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andground-truthwas0:1863radians(approximatelyl0°), with variance0:0185 Theseerrorestimatesre
averagedover joint angles. We ran this experimentwith the sametestset, but insteadusedthe computer
graphicgenderingeedbackunction . Whenusing , similaraccurag wasobtained.Theaveragel , error
betweerreconstructiorandground-truthin this casewas0:241 radianswith variance0:0312 In [33], we

explainin detailthereasondor thisrelatively smalldifferencein performance.

GT

MO

GT

MO

GT

MO

GT

MO

GT

MO
Figure4: 40 examplesof estimatechandposeschosernuniformly at random.Reconstructioriound usingthe Mean

Output (MO) approach.The feedbackfunction usedwas estimatedrom data. Eachexampleconsistsof a pair of
images:ground-truth(top), andestimateobtainedusingthe meanoutputalgorithm(bottom).

19



Fig. 4 shavs examplereconstructionsbtainedvia the MO approachln mary casesthereconstruction
is closeto the groundtruth. In othercasesthe silhouetteis highly-ambiguousandthe reconstructiordoes
not matchgroundtruth. A goodexampleis shavn in imagepair number34 (thelastrow-pair, columntwo),
wherethe cameras imageplaneis perpendiculawith the axis of the pinky nger. Note thatthe estimated
handposedisagreesvith the ground-truthin the several joint anglesassociatedvith this nger. Similar
effectswith otherjoint anglescanbe seenin examplepairs8, 26, 37, etc.

Ambiguouscon gurationsareindeedvery commonwith a binary imagerepresentationNote thatin
other ambiguouscasesshavn in Fig. 4 reconstructionis closerto groundtruth, e.g., pairs 29, 30, etc.

Possiblereasondor this agreemenarediverse:

1. Theinputis not really ambiguougprobabilisticallyspeaking)in the obseration space. The other
possibleoutputs(geometricallyspeaking)associatedavith this input may be very unlikely giventhe
trainingset. This depend®n theunderlyingstructureof the con guration manifold. Oneof themain

goalsof alearningalgorithmis to nd this structure.

2. Few mappingfunctionsweretrainedto mapthis input, thereforethe restof the functionsproduced

irrelevant (bad)outputs.

3. By chanceamongmary very similarly probablesolutions theright onewaschosen Of coursegven
with the help of chancen this case the mappingfunctionsneededo provide the right mappingfor

thegiveninputx.

Theaccurayg of the Multiple Sample{MS) inferenceapproactwastestedn similar experimentswith
approximately4; 000 randomlychosentestexamplesnot includedin the training set. Whenthe estimated
feedbackfunction " wasused the meanL , errorof the mostlikely sampleto the ground-truthwas0:2202
radianswith variance0:0228 The meanerrorandvariancefrom the best20 samplesvas0:308and0:3023
respectiely. Whenwe performedthe sameexperiment,but insteadusedthe computergraphicsfeedback
function , we obsered very small quantitatve differences.We obtaineda meanerror of 0:2628radians
with variance0:0242for the mostlikely sample.Themeanerrorof thebest20 samplesvas0:3128radians
with variance0:300Q

Theseexperimentscon rmed thatMO inferenceseemdo provide areasonabl@pproximationat least
for this dataset. Recallfrom Sec.5.3 that MO inferencewas basedon the premisethat the most-likely
reconstructiorgiven by eachspecializedunction providesa goodapproximatiorto the bestsolutiongiven

by thefull probabilitydistribution.
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7.1.2 Experimentswith Reallmages

We now testour approachusing uncalibratedvideo sequencesyherethe camerais pointing towardsthe
palmof a persons hand. On average the handoccupiedan areaof approximately200 200 pixels. Sey-
mentatiorwasobtainedasdescribedn Sec.6.1.3.

In the rst experiment,we usethe MO approacho obtaina single bestestimatefor eachsegmented
hand. Estimatedor 40 frames,taken 0.9 secondspart,areshavn in Fig. 5. Visually we cannoticethatin
mostcasegtheestimatas a plausibleexplanationof the sgmentedsilnouette However, therearealsosome
inaccurateeconstructionsasseenn thefourth row, columnsl and>5.

In generaljt is expectedthatthe SMA modelcannotperformwell in all con gurations(thisis true for

almostary machindearningmodel)dueto thefollowing reasons:
1. Learningis theresultof optimizinganexpectedor averageerror.

2. Therealhandandsynthetichandmodelfeaturesaresimilar but notthe same.Anthropometricadiffer-

encesanin uence inferenceaccurag.

3. Eventhebestmodelcouldfail in somecon gurations. Informationtheorytells usthatthisis always
the caseexceptwhenthe informationin the featuress equalto the entrofy of the body posecon g-
urations;in otherwords,whenfeaturegell useverythingneededaboutthe con guration. Otherwise,

theremight be multiple explanationdor a givenvisualfeaturevector

In orderto testthe ability of the systemto provide thesemultiple explanationswe testedthe Multiple
SamplegMS) approachFig. 6 shavs the estimatesoundusingMS. Theseestimatesanbeinterpretedas

possiblehypothesesf handcon gurationsgiventhesilhouettes.

7.2 3D Hand PoseReconstructionGivenan Unrestricted Camera Viewpoint

The SMA is now testedn thetaskof recavering 3D humanhandposefrom anunknavn cameraviewpoint.
Fortraining,we usedheHand-All-Mewsdatasetywhich containsatotal of approximately’50,000examples.
Of these 18,000wereusedfor trainingandtherestfor testing. Theinput-outputpairswerethende ned as
follows. Theinputconsistedf seven Hu momentscomputedrom the silhouetteof the hand,asdescribed
in Sec.6.1. Theoutputconsistedf 20 internaljoint anglesof the handandtwo orientationangles.This 22
DOF representatiowaslinearly encodedy ninevaluesusingPCA.

Thenumberof specializedunctionswassetto 45. This numberwasdeterminedsia the MDL criterion,

asbefore.Eachspecializedunctionwasaonehiddenlayer, feed-forvard network with sevenhiddennodes.
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Figure5: 40 examplesof estimatechandposescapturedevery 0.9 secsfrom realvideo (RV). Reconstructioriound
usingthe Mean Output(MO) approach.The feedbackfunction was computedusing computergraphicsrendering.
Eachexampleconsistsof a pair of images:input video frame (top), and estimateobtainedusing the meanoutput
algorithm(bottom).Note: for comparisorframesaresameasthoseusedwhenfeedbackvasestimatedrom data.

7.2.1 Quantitative Results

We computedhel , errorin estimatinghandpose andquantitatvely comparedhis measurecrossviews.
Fig. 7 shaws the error of the mostlikely estimatefound using the MO approach. From the graphswe
seethat views towardsthe palm of the hand(90 ) areslightly easierto reconstrucon average while the

varianceseemsimilaracross/iews. As expectedtheaverageerroris higherthanthatobtainedor the x ed
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Figure6: Exampleestimatechandposesobtainedusingthe Multiple Sample(MS) approactusingrealvideo (RV).

The feedbackfunction was estimatedrom data. Frameswere chosenevery 0.9 secs. Columns1-2 show the input
videoframeandthe MO solution,columns3-7 shav samplel-4 and12 obtainedvia the MS approach{S1is the most
probablesample).

view handposereconstructiorexperiments.Thedifferencesn performancebtainedfrom using or " are

relatively small. However, it seemghatfor unrestrictechandviews it is advantageouso usethe computer

23



Performance per camera viewpoint latitude (avg over longitude)
T T T T T T T T

o
®
T

RMSE per marker

o
>
T

|

0.2
0

I
20 40 60 80 100 120 140 160
Latiude (in degrees)

(b)

o
®

RMSE per marker

1
s

Performance per camera viewpoint latitude (avg over longitude)
T T T T T T T T

|
20 40 60 80 100 120 140 160
Latiude (in degrees)

180

(@)

Figure7: MeanOutput(MO) inferenceperformancdor unrestrictedview testsatgivenviewpointlatitudes(averaging
overlongitude). Thefeedbackunctionis (a) the estimated” (b) the computergraphicsrendering . A frontal view of
thehandpalmis atlatitude ; = =2, longitude , = 0.

graphicsfeedbackunction . Thisis probablybecausestimatingthis inversemapping” over unrestricted
viewpointis morecomplicatedhanfor only frontal handviews.

Fig. 8 shaws the resultsusing the MS approach. Fig. 8(a) shavs the error associatedvith the best
sample. This error behaes very similarly to the MO errot Fig. 8(b) shawvs the averageerror computed
usingthebest20 samples.This erroris higherthanthatof the bestsample.Note thatthis is notanobvious
resultgiven thatthe bestsampleis determinedwithout having knowledgeof ground-truth. In fact, if the
averageerror of the best20 samplesverelower thanthat of the bestsample thenwe couldinfer thatour
algorithmis very inaccurateat determiningwhatsamplesarebetter

For comparisonwe usedthe ground-truthto selectthe bestsample basedn minimumRMSE.In other
words,we have anoraclethatpicksthe sampleclosesto theground-truth.Theresultingperformanceraph
is shavnin Fig. 8(c). This representthelower-boundonthereconstructiorerrorusingthelearnedorward
model. The graphis interestingin the sensethat it separateshe errorsfrom the forward and feedback
models.The feedbacknodelproducesa RMSE < 0:35 acrossviews. Thisis roughly half the total RMSE
errorproducediy the SMA overall.

7.2.2 Experimentswith Reallmages

As before,we testour approactusingvideo collectedfrom a singleuncalibrateccamera.However, in this
casethepersons handcanappeaiatary orientation.
Poseestimategrom 40 frames(taken every 0.9 secsapart)obtainedvia the MO approachareshavn in

Fig. 9. Note thatthereareincorrectly-sgmentedhandsin this sequenceWe decidedto leave thesein to
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Figure8: Multiple SamplegMS) inferencefor unrestrictedview testsat given viewpoint latitudes(averagingover
longitude).FeedbacKunctionsis theestimated". A frontal view to thehandpalmis atlatitude ; = =2, longitude

2 = 0. (a) Most probablesample.(b) Averageover all sampleg20 mostprobablesamplegaken). (c) Bestsample
(determinediusingground-truthinformationfor comparison).

avoid framerearrangemen{sosingtheuniformframesampling) to shav thatsegmentatiordoesnotalways
work correctly andto shav thatthis approachis inherentlyrobustto extremesegmentatiorerrors. In this
experiment,therewasusuallyvisualagreemenbetweerreconstructiorand estimateasseenin the gure.
Note thatevenfor a humanobserer, looking at the sggmentedsilhouettesn the gure, reconstructioris
sometimesambiguousTherearealsosomecon gurationsfor which the systemdid not performcorrectly
Fig. 10shavstheestimate®btainedvia theMS approachTheframesshavn weretakenapproximately
every 0.9 secondsIn the secondow, we canseesomelimitations of the Hu momentfeaturespace:some-
times,differenthandorientationsarevery similarin thefeaturespace Theseapparenthdifferenthypotheses
may actuallybe closeto eachotherin termsof their probability giventhefeatures.The sameeffect repeats
clearlyin thethird andsixth row. This problemmight bealleviatedby usinga differentinput featurespace.
At anextremeonemightconsiderthefull silhouetteasafeature.Of coursethereareimportanttrade-ofs to

take into accountwhenconsideringlifferentfeaturesg.g.,invariants,anddimensionality

7.3 2D Human Body PoseReconstruction

TheSMA is next testedn thetaskof estimatincghumarbodypose.Thegoalis to estimatehe2D locationsof
bodymarkersin theimage,givenvisualfeaturecomputedrom the persons silhouette In this experiment,
we usethe Body-All-\fews datasetyhich containsa total of of over 100,000samplesOf these 8,000were
usedfor trainingandtherestfor testing. Theinput-outputpairswerede ned asfollows. Theinputconsisted
of the 10 Alt momentscomputedrom the silhouette. The outputconsistedf 20 2D marker positions(40
DOF), whichwerethenlinearly encodedy ninevaluesusingPCA.

Thenumberof specializedunctionswassetto 15. This numberwasdetermined/ia the MDL criterion,

asbefore.Eachspecializedunctionis aonehiddenlayer, feed-forvard network with sevenhiddennodes.
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Figure9: 40 examplesof estimatechandposescapturedevery 0.9 secsfrom realvideo (RV). Reconstructioriound
usingthe Mean Output(MO) approach.The feedbackfunction was computedusing computergraphicsrendering.
Eachexampleconsistsof a pair of images:input video frame (top), and estimateobtainedusing the meanoutput
algorithm(bottom).Note: for comparisorframesaresameasthoseusedwhenfeedbackvasestimatedrom data.

7.3.1 Quantitative Results

Fig. 11 shows the reconstructiorobtainedwith the MO approachfor threesyntheticsequencesxcluded
from the training set. The agreemenbetweenreconstructiorand obseration is easyto perceve for all
sequencesAlso, for self-occludingcon gurations,the estimateis still similar to ground-truth.No human

interventionnor poseinitialization wasrequired.
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Fig. 12 shavs the averagemarler errorandvarianceperbody orientationin percentagef bodyheight.
Notethattheerroris biggerfor orientationscloserto 0 and radians.Thisintuitively agreesvith thenotion
that at thoseangles(side-vievs), thereis lessvisibility of the body parts. We considerthis performance
promising,giventhecompleity of thetaskandthesimplicity of theapproachBy choosingposesatrandom
from thoseexcludedfrom thetraining set,the RMSE was 10.35%of body height(with 20% variance).In
relatedwork, quantitatve performancénasusuallybeenignored,in partdueto thelack of ground-truthand

standardevaluationdatasets.

7.3.2 Experimentswith Reallmages

We now testtheapproactusingrealvideosequencesf humanbodymotion. We usethe basicseggmentation
approactdescribedn Sec.6.2.3to obtainsilhouettes.

Fig. 13 shawvs examplesof systemperformanceobtainedvia the MO approachfor several relatively
complex motion sequencesEven thoughthe characteristicef the sggmentedbody differ from the ones
usedfor training,goodperformancaés still achieved. Mostreconstructionarevisually closeto whatcanbe
thoughtof astheright posereconstructionBody orientationis alsogenerallyaccurate.

Fig. 14 shavs thetop-ranlked posesampleobtainedvia the MS approachNotethatdespitdow-quality
segmentation,the systemoutputsreasonablyaccurateposehypotheses.Orientationis accurateand the
relative limb relationshipsremaintained However, we canobsene thatsomeposesareinherentlydif cult
andthe estimatelacks enoughposedetail to be perceved as a good estimate. For example,the eighth
row shaws a sideview of a personraisingonearmwhile keepingthe otherarm atrest. The resultingMS
estimatesll shov a side-viav, however nonehasthe correctarm con guration. This could be dueto the
lack of relevanttrainingdata,or dueto differencedetweertherenderednodelandtherealbodyobsered.

In this work, we did not pursueuseof a more realistichumanbody renderer This could affect the
performancewith realdatasince,asin mostlearningmethodsit is critical thatthe training databe a good
approximatiorto the datathe algorithmwill betestedwith. Dueto differencesn shapeandwidth of body
componentsbseredin trainingversugesting thevisualfeaturesnaydiffer. Improving thematchbetween
visualfeaturesusedin trainingandtestingis anareathatwe planto investigatan futureresearchin theory

this couldallow usto adaptour algorithmto differentbody or handanthropometricharacteristics.
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8 Conclusions

In this paper we have describeda novel supervisedearningframewvork: the SpecializedMappingsArchi-
tecture(SMA). The SMA emplgss a setof several mappingfunctionsthat arelearnedfrom training data.
Eachspecializedunction mapscertaindomainsof the input spaceontothe outputspace.The SMA learn-
ing formulationusesideasfrom Maximum Lik elihoodestimationandlatentvariablemodels. A variantof
the Expectation-Maximizatioalgorithmis usedfor simultaneougearningof the specializedlomainsalong
with the mappingfunctions. Onekey adwantageof the SMA is thatit canmodelambiguouspne-to-man
mappingghatmayyield multiple valid outputhypotheses.

Anotherkey adwantageof the SMA formulationis its incorporationof a feedbackor inversefunction,

in statisticalinference.Useof affordsan alternatve to the gatingnetworks of the Mixture of Experts
paradigm[24], in thatit allows for simplerforward models. The forward modelin the SMA assumeshat
the mixing factorsareindependendf the input, asseenin Sec.3. At rst sight, this seemso limit the
architectures expressieness.However, the SMA's combinationof forward andinversemodelseliminates
this independencassumptionas seenin Sec.5.1. In otherwords, providesan alternatve to Mixture
of Expertsthat avoids increasingthe forward modelcompleity without restrictingmodelexpressieness.
In applicationssuchas thosepresentedn this paper canbe a computergraphicsrenderingfunction
or an approximation’\ canitself be learnedfrom training data? Thus,the SMA exploits available prior
informationaboutthe structureof the problem.

The SMA framevork wasdemonstratedh a computervision systemthat canestimatethe articulated
poseparameter®f a humanbody or humanhands,given featurescomputedfrom an image silhouette.
Articulatedposereconstructiorirom a singleimageis a particularlydif cult problembecausehis mapping
is highly-ambiguousand comple. We have obtainedpromisingresultseven using a very simple set of
imagefeaturessuchasmomentinvariantsof the handor body's imagesilhouette Choosinghe bestsubset
of imagefeaturedor this applicationis by itself a comple problem,andatopic of ongoingresearch.

The SMA offers severaladwvantage®ver mary previous methoddor articulatedposeestimation.Many
previousapproachebave tried in numerousvaysto usecamerageometryand/ormodelregistrationto per
form poseestimationyesultingin iteratve procedureshatrequirecarefulchoiceof initial conditiongimodel
placement)In the SMA approacho iterative minimizationmethodsareusedin poseinference Moreover,
SMA inferencas fully automatic- no manualinitialization of thearticulatednodelis required.Anotherset

of previous approachesattemptto learnarticulatedmodeldynamicg6, 17, 38]; however, learningdynam-

2It is importantto addthattheuseof ~doesnotlimit the possibility of having multi-modalposteriorsover x..

28



ics requiressubstantiallynoretraining data,andtendsto producesystemghatarebiasedtowardsspeci ¢
motions.The SMA framework avoidsthis andlearns/estimatgsosefrom a singleimageonly.

It is alsoimportantto notethatthe SMA is a generalnonlinearsupervisedearningalgorithm. Thus,
applicationsof the SMA neednot be limited to the vision domain. As a simpleexample,one could apply
the SMA approachn speectrecognitionproblemswheretheinput spacds given by featurescomputedon
acousticsignals(e.g., cepstralcoefcients), andthe outputspacecould be the spaceof phonemesin this
casethefeedbackunctionwould involve anacousticalenderingof phonemes.

Severalinterestingproblemsremainfor future work. Within the contet of articulatedposeestimation,
onetopic for future investigationis how to adaptthe systemto a speci ¢ body morphology Integration
of SMA poseestimationwith imagesegmentatiorfor a fully-integrateddetectionand posereconstruction
formulationis alsoneededandmayenablegreaterobustness$o occlusionandnoise.More generallymeth-
odsfor incorporatingknowledgeof dynamicsn the SMA frameavork shouldbeinvestigatedasdiscussedh
[33]. Anothergenerabproblemis how to learnwhatthebest(e.g., visual) featuresarefor speci ¢ problems
or datasetsWhile promisingadwanceshave beenmadein boostingof featureq11], extensionof the SMA

framework to incorporatesuchconceptsemainsatopic for futureinvestigation.
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Figure10: Exampleestimatechandposesobtainedusingthe Multiple Sample(MS) approactandrealvideo (RV).
The feedbackfunction was computedusing computergraphicsrendering. Frameswere chosenevery 0.9 secs.
Columns1-2 show the input video frame andthe MO solution, columns3-7 shov samplel-4 and 12 obtainedvia

theMS approachS1is themostprobablesample).
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Figure11: Examplereconstructiorof severaltestsequencewith computergraphics-generateslihouettes Eachset
consistof inputimagesandreconstructior{every 5th frame).
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Figure 12: Marker root-mean-square-errand varianceper cameraviewpoint (every 2 =32 rads.). Units are per
centageof bodyheight. Approx. 110,000testposesnereused.
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Figure13: Reconstructiombtainedrom observinga humansubject(every 10thframe).

35



RV S1 S2 S3 S4 S12

36
Figure14: Estimatecbodyposesrom realsequencesbtainedvia MS inference.




