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Abstract

\We describea mixture densitypropagation algorithmto estimate
3D humanmotionin monocularvideo sequence®asedon obser
vations encodingthe appeaance of image silhouettes. Our ap-
proac is discriminatve rather than genentive therefore it does
not require the probabilistic inversion of a predictive observation
model.Instead it usesa large humanmotioncaptue data-baseand
a 3D computergraphicshumanmodelin order to synthesizérain-
ing pairs of typical humancon gurationstogetherwith their realis-
tically rendeed 2D silhouettes. Theseare usedto directly learnto
predictthe conditionalstatedistributionsrequiredfor 3D bodypose
tracking and thus avoid using the geneative 3D modelfor infer-
ence(the learneddiscriminativepredictors can also be used,com-
plementaryas importancesamples in order to improve mixing or
initialize geneative inferencealgorithms). We aim for probabilis-
tically motivatedtradking algorithmsand for modelsthat can rep-
resentcomplex multivaluedmappingscommonin inverse uncertain
perceptioninferences. Our paper hasthree contributions: (1) we
establishthe densitypropagation rules for discriminatve inference
in continuoustempoal chain models;(2) we propose e xible algo-
rithmsfor learningmultimodalstatedistributionsbasedon compact,
conditionalBayesiammixture of expertsmodels;and (3) we demon-
strate the algorithmsempirically on real and motioncaptue-based
testsequenceandcompae againstneaest-neighboandregression
methods.

Keywords: density propagation, mixture modeling hierarchical
mixture of experts, 3D humantradking, Bayesianmethods spaise
regression.

1 Intr oduction and Moti vation

We considerthe problemof trackingandreconstructingdin-
ferring) 3D articulatechumanmotionin monoculawideose-
guences. This is a challengingresearchtopic with a broad
setof applicationdor sceneunderstandingput our argument
applies more generallyto temporal state estimation prob-
lems. Approachego tracking and modeling can be classi-
ed asgeneantive and discriminative They are similar in
thatbothrequirea staterepresentatiof ) , herea 3D human
modelwith kinematics(e.g. joint angles)or shape(surfaces
or joint positions),andthey both usea setof imagefeatures
asobsenations( ) for stateinference.(Often, a trainingset,
sampledrom thejoint distribu-

is common:the conditionaldistribution, or a point estimate,
for themodelstate givenobsenations.

Generative algorithms typically modelthe joint distribu-
tion usinga constructve form of thethe obserer: the obser
vation likelihood or costfunction. Inferenceinvolvescom-
plex searchoverthestatespacen orderto locatethe peaksof
thelikelihood,e.g. usingnon-linearoptimizationor sampling.
Bayes'ruleis thenusedto computethe stateconditionalfrom
the obsenation conditionalandthe stateprior. Learningcan
be bothsupervisedndunsupervisedThisincludespriorson
the state[10, 12, 21], dimensionalityreduction[22] or esti-
matingthe parametersf the obsenationmodel(e.g. texture,
ridgeor edgedistributions)usingproblem-dependentatural
imagestatistic§19]. Temporalinference(tracking)is framed
in a clear probabilisticand computationafframenork based
on mixtureor particle lters [13, 10, 25, 21, 26].

It hasbeenarguedthat generatie modelscan e xibly re-
constructcomplex unknavn motionsand can naturally han-
dle problemconstraintsit hasbeencounterarguedthatboth
e xibility andmodelingdif culties leadto expensve, uncer
tain inference[10, 25, 23, 21], andthat a constructve form
of the obsereris somavhatindirectwith respecto thetask,
thatrequiresconditionalstateestimationandnot conditional
obsenationmodeling.

Theseargumentanotivatethe complementargtudyof dis-
criminati ve algorithms [7, 17, 20, 18, 2] thatmodelandpre-
dict the stateconditionaldirectly in orderto simplify infer-
ence.Predictionhoweverinvolvesmissing(state)data,unlike
learningthatis supervised.But learningis alsodif cult be-
causamodelingperceptuatlatarequiresadequateepresenta-
tions of highly multimodaldistributions? While this implies
that, strictly, theinversemappingfrom obsenationsto states
is multi-valuedandcannotbe functionally (andglobally) ap-
proximated several authorsmadeinitial progressy treating
it so[20, 4, 17, 28, 2]. Someapproachesonstructeddata
structuresfor fast nearest-neighboretrieval [20, 4, 28, 17]
or learnedregressionparameter$2]. Inferenceinvolved ei-
therindexing for thenearest-neighborsf theobsenationand
usingtheir statefor locally weightedpredictions,direct pre-

1This re ects the structureof the problemandnot a particularmodeling.
E.g think of corversationsobsered from a side, where gesturespointing
towardsor away from the cameraarecommon. Humanscaninitiate a large
variety of motionsstartingfrom passie (e.g. stand-upyositions.Mary state

tionis available.) Thecomputationafjoalfor bothapproaches trajectorieswill intersecandproduceambiguityin suchregions.



diction using the learnedregressorparameter$?], or af ne
reconstructiorirom joint centerq17].

Amongdiscriminatve methodsanotableexceptionis [18],
who clusteredtheir datasetinto soft partitionsand learned
functional approximationgperceptronsyithin each. How-
ever, clusterwisdunctionalapproximation9, 18] is only go-
ing halfway towardsa multivaluedinversionbecausédnfer-
enceis not straightforvard. For new inputs,clustermember
ship probabilitiescannotbe computedasduring (supervised)
learning,becausehe stateis missing.Thejoint mixture coef-
cients arenotusefuleitherbecausehey arethe x edcluster
membershiverageoverthe training set. Thereforethe ex-
tent to which eachperceptrons good at predictinga given
outputis not easyto compute.On the otherhand,averaging
predictionsfrom multiple perceptrongangive unsatiséctory
results(see g. 2 for adiscussion)Neverthelessthe method
is usefulasa proposalmechanisme.g. during generatie in-
ferencebasedon quadrature-styléMonte-Carloapproxima-
tions andindeedthis is how it hasprimarily beenused[18].
A relatedmethodhasbeenproposedy [11], wherea mixture
of probabilisticPCAIis tted to thejoint distribution of multi-
view silhouettesandcorrespondin@D pose,andreconstruc-
tion is basedon MAP estimates.In this multi-imagesetting
the stateconditionalcouldbe unimodal but conditionalcom-
putationrequiresjn principle,applicationof Bayes'rule and
maminalization[24].

To summarizejt hasbeenarguedthatdiscriminative mod-
els provide fast inference and interpolate e xibly in the
trainedregion. But they canfail on novel inputs, especially
if trainedusingsmall datasetslncreasingthe training setor
the compleity of motioninevitably leadsto multimodalstate
conditionals( 3). But learningsuchdistributionsis dif cult
and mostexiting methods[20, 28, 11, 2] areunimodal. Fi-
nally, discriminatve methoddackaclearprobabilisticcempo-
ral estimationframenork thathasbeensofruitful with gener
ativemodelq[13, 10, 25]. Existingtrackingalgorithmg[28, 2]
involve perframestateinference possiblyusingestimatest
previoustimestepd28, 2], but do notrely on a provensetof
independencassumptionsr propagatiorrules. Whatdistri-
butionsshouldbemodeledandhow shouldthey be combined
for optimalsolutions?

Theresearchwve presenhasthr eecontributions:

(1) We proposea probabilisticframenork and derive the
densitypropagatiomrulesfor inferencen discriminative,con-
tinuouschainmodels. The key ingredientsof this approach
are: (a) the structureof the model(see g. 1 and 2.1); (b)
the representatiomnf local, pernodeconditionalstatedistri-
butions (see(2) belov and 2.2); (c) the belief propagation
(chaininference)procedure( 2.1). Herewe work paramet-
rically (and analytically)to predictand propagateGaussian
mixtures[23]. Alternatively, non-parametribelief propaga-
tion methoddike [26, 21] canbeappliedto solve (c).

(2) We describeconditional Bayesianmixture of experts

representatiortsthat allow e xible discriminatize modeling.
Thesearebasedn hierarchicamixtureof experts[14, 29, 6],
an elaboratedrersionof clusterwiseor switchingregression
[9, 18], wherethe expert mixture proportions(called gates)
arethemselesobsenation-sensitie predictors synchronized
acrossexpertsto give properlynormalizedstatedistributions
for any input obsenation. Inferenceis simple, contetual,
and producesmultimodal state conditionals. Our learning
algorithm is different from the one of [29] in that we use
sparsegreedyapproximations and differs from [6] in that
we usetype-ll maximumlik elihoodBayesiarapproximations
[15, 27], andnot structuredvariationalones.

(3) We demonstratehe proposedalgorithmson real and
motioncapture-basetistsequenceandpresentomparisons
with nearesheighborandregressiormethods.

2 Formulation

We work with discriminative graphicalmodelswith a chain
structure,as shovn in g. 1, Thesehave continuoustem-
poral states , prior , Obsenations

For notational compactnesswe also consider joint

states or joint obsenations
. Learningandinferenceis basedon local con-
ditionals: , ,and

2.1 Discriminati ve Density Propagation

Figure 1: A discriminatve chain model reversesthe direc-
tion of thearrowsthatlink the stateandthe obsenration,com-
paredwith a generatie one. The stateconditionals

or canbe learnedusingtraining pairs,anddi-
rectly predictedduring inference. Instead,a generatie ap-
proachwill modelandlearn anddo a morecomplec
probabilisticinversionto compute via Bayes'rule.

For ltering, we wish to computethe optimal distribution

for thestate , conditionedby obsenations  up

totime . The Itered densitycanbe derivedas(see[24] for

conditionalindependencassumptiongmplied by the graphi-
calmodelin g. 1 andfor aproof):

1)

2An expertis ary functionalapproximatare.g. a perceptroror regressar



(In fact,(1) canbe derivedmoregenerallybasedn a predic-
tive conditionalthatdependsn a largerwindow of obsena-
tionsuptotime [24].) In practice we model
asa conditional Bayesianmixture of ~ experts(c.f. 2.2).
Theprior is alsorepresentedsa mixturewith
components.To computethe Itered posteriorwe inte-
grate pairwise productsof Gaussiangnalytically This
requireghelinearizationof ourgenerallynon-linearbut para-
metric, easilydifferentiablestateconditionals. The meansof
the expandedposteriorare clusteredandthe centersareused
to initialize areduced -componentapproximationye ned
usingvariationaloptimization[23].3
It is worth noticing that a discriminative correctve condi-
tional canbein practicemoresensitve to in-
correctprevious stateestimateshan “memoryless'distribu-
tionslike . Howeverwe assumeasin ary probabilis-
tic approachthat the training andtestingdataare represen
tative samplesfrom the true underlyingdistributionsin the
domain.In practice for improvedrobustnesst is straightfor
wardto includeanimportancesamplerbasedon to
eg. (1), aswe alsousefor initialization (see 3). Oftenit is
alsousefulto correctout-of-sampleobsenations  (caused
e.g. by inaccuratesilhouettesdueto shadaevs) by projecting
onto . Out of sampleinputsor high entrogy ltered pos-
teriorscanbeindicative heuristicsof the lossof track, or the
absencef thetargetfrom the scene.

2.2 BayesianMixtur e of Experts Model (BME)

This sectiondescribesour methodologyfor learning mul-
timodal conditionaldistributions for discriminative tracking
(e.0. or in 2.1). Our proposals mo-
tivatedby theobsenationthatmary perceptiorproblemdike
reconstructioror trackinginvolve therecovery of inverse|n-
trinsically multivaluedmappings Staticor dynamicstateesti-
mationambiguitiestranslatanto multimodalconditionaldis-
tributions( g. 2). To representhemwe useseveral “experts'
that are simple function approximators. The expertstrans-
form their inputg* into outputpredictionsthat are combined
in a probabilisticmixture modelbasedn Gaussiansentered

31t is possibleto useageneratie model,but expressthe propagatiorrules
in termsof discriminatve conditionalsjn orderto simplify inference[24]:

@)

where

cursiely propagatingoth and (anequilibriumapproxima-
tion could be precomputed)two mixture simpli cation levels, insidethein-

. Implementing(2) requiresre-

tegrandandoutsideit throughthe multiplication by andadivision
by (see[24] for details).
4The “inputs' canbe eitherobserations , whenmodeling or

obsenration-statepairs for . The output' is the
statethroughout.Notice thattemporalinformationwill be consideredvhen
learning

aroundthem. The modelis consistenicrossexpertsandin-

puts,i.e. themixing proportionsof the expertsre ect thedis-
tribution of the outputsin thetraining setandthey sumto 1

for every input. Someinput domainscanbe predictedcom-
petitively by multiple expertsandwill have multimodalcon-
ditionals. Other’unambiguousinputsmay be predictedby a
singleexpert,with the otherseffectively switched-of, having

negligible probability (see g. 2). Thisis therationalebehind
aBayesiamixtureof expertsandprovidesapowerfulmecha-
nismfor the contextualmodelingof complex multimodaldis-

tributions. Formally thisis describedy:

(3)

(4)

(5)

Here areinputor predictorvariables, areoutputsor re-
sponses, areinput dependengates,computedin termsof
regressorg.f. (4), with weights . Noticehow arenormal-
izedto sumto 1 for consistenyg, by the softmaxconstruction,
for ary giveninput . Also areGaussiardistributions(5)
with covariances , centeredat different expert' predic-
tions, hereregressord with weights . The parametersf
the gatesandthe onesof the expertsare collectively stored
in . Asin mary Bayesiarsettings[15, 27, 6], the
weights , are controlledby hierarchicalpriors, typi-
cally Gaussiansvith mean0, andhaving inversevariancehy-
perparameters controlledby a secondevel of Gamma
distributions. This givesan automaticrelevancedetermina-
tion mechanisn{15, 27] thatavoids over tting, and encour
agescompactmodelswith fewer non-zeroweightsfor ef-
cientprediction.

Our learning algorithm for the mixture of expertsmodel
is more comple, herewe omit detailsdueto spacelimita-
tions(seg[24]). Asin mary predictionproblemswe optimize
the parameters to maximizethe log-
likelihood of a dataset, , i.e
the accurag of predicting given , averagedover the data
distribution. For learning,a full Bayesiantreatmentwould
requireintegrationover all parametersandhyperparameters.
Becausethis is intractable,we designan iterative Bayesian
EM algorithmbasedn type-Il maximumlik elihood[15, 27).
Thisused_aplaceapproximatiorfor thehyperparameteisnd
analyticalintegrationfor theweights whichin this settingbe-
comeGaussianjls, 27].

Our algorithmproceedsasfollows. In the E-stepwe esti-
matethe posterior:

SWe write the mixture using linear modelsto avoid clutter but it is
straightforvardto usenon-linearkernels aswe doin mary experimentg24].
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Figure 2: An illustrative datase{6] consistsof about250 valuesof
,with drawn from azeromeanGaussiarwith standardieviation 0.05. Noticethat

and evaluatedas
is multimodal.

generatediniformly in

(a) Left shaws the datacoloredby the posteriormembershigrobability  (6) of threeexpert kernelregressors.(b) Middle
shavs the gates (4), asa function of the input, but alsothe threeuniform probabilities(of the joint distribution) that are
computedby a clusterwiseregressor9, 18]. (c) Rightshavs how a singlekernelregressorcannotrepresenthis multimodal
distribution (it may eitheraveragethe dataor zig-zagthroughits multiple branchesgdependingnthe kernelparameters).

(6)

Thisgivestheprobabilitythattheexpert hasgeneratedhe
data,andrequiresknowledgeof bothinputsandoutputs(there
isone for eachexpert-trainingpair). In the M-stepwe solve
two weightedregressionproblems,one for eachexpert and
onefor its gate. The rst learnsthe expert parameters
basedon training data , weightedaccordingto the current
membershipestimates . The secondoptimizationteaches
the gates how to predict .° Both solutionsare basedon
ML-II, with greedy(regressomeight) subsetselection.This
stratgy aggressiely sparsi esthe regressorby eliminating
inputswith smallweightsaftereachiteration.

Infer ence (state prediction) is straightforward using (3).
The resultis a conditionalmixture distribution with compo-
nentsand mixing probabilitiesthat are input-dependent.n
g. 2 we explainthe modelusinganillustrative toy example
andshaw therelationwith clusterwiseandsingleregressors.

3 Experiments

This sectiondescribe®ur experimentaaswell asthetraining
setsandthe imagefeatureswve use. We shawv resultson real
andarti cially renderednotioncapture-basetkstsequences,
andgive comparisonsvith existing methods.

Training Set, Model Representationand Image Features:
It isdif cult toobtaingroundtruthfor humanmotionandeven
harderto train usingmary viewpointsor lighting conditions.
Therefore,to gatherdata, we useas others[18, 20, 2, 2§,

packagedik e Maya (Alias Wavefront), with realisticallyren-
deredcomputergraphicshumansurfacemodels,thatwe an-

6predictionbasedntheinputonlyis essentiafor inferenceywheremem-
bershipprobabilities(6) cannotbe computedbecauséhe outputis missing.

imate using humanmotion capture[1]. Our humanrepre-
sentation( ) is basedon an articulatedskeletonwith spheri-
cal joints, andhas56 d.o.f. including global translation.Our
databaseonsistof about3000sampleghatinvolve avariety
of humanactities including walking, running, turns, ges-
turesin corversationsguarrelingand pantomime. We have
studiedempirically how ambiguousa sampleof our training
datais. Thisis shovn anddiscussedn g. 3.

Our choice of imagefeaturesis basedon previously de-
velopedmethodsfor shapeand texture modeling[8, 17, 5].
We work with silhouettesandwe assumehatin realsettings
thesecanbe obtainedusinga statisticalbackgroundsubtrac-
tion method(we useonebasedn separateljpuilt foreground
and backgroundmodels,using non-parametricensity esti-
mationandmotionsegmentation) Silhouettesreinformative
for humanposeestimationalthoughproneto certainambigu-
ities like theleft / right limb assignmenin sideviews or lack
of obsenability of someof thed.o.f., e.g. ambiguities
in the global azimuthalorientationfor frontal views. These
aremultiplied by intrinsic forward/ backwardmonocularam-
biguities [25] that are commonin mary humaninteraction
scenarios.(While no imagedescriptorsetis likely to easily
help discriminatethem, this further motivatesour probabilis-
tic, multiple hypothesisapproach.)NVe useshapecontet fea-
turesextractedon the silhouette[5, 17, 2] (5 radial bins, 12
angularbins,with bin sizerangel / 8 to 3 onlog scale).We
also experimentwith pairwise edgeangleand distancehis-
tograms[3] collectedinsidethe silhouette. The featuresare
computedat a variety of scalesandsizesfor pointssampled
on the silhouette. To work in a commoncoordinatesystem,
we clusterall featuresin the training setinto K=40 clusters.
To computetherepresentatioof anew shapeeature(a point
onthesilhouette) we “project' ontothe commonbasisby in-
versedistanceweightedvoting into the clustercenters. To
obtain the representatiorf ) for a new silhouettewe regu-
larly sampleabout100pointsonit's contourandaddall their
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Figure3: Analysisof "'multimodality’ for a training set(the "numberof clusters'axis on logscale):(a) Left: (1912
clusterd 2000points).(b) Middle: (1912clusterd 2000points).(c) Right: (1409clusterd 2000
points). We clusterthe featuresandjoint anglevectors,independentlyinto a large numberof clusters.We build histograms
for the numberof joint angleclustersthatfall underthe samefeaturecluster This quanti esthe ambiguityin the databaset
thefeatureandjoint angleclusterscale.We selectmary clustersto simulatethe effect of smallperturbationsn theinput. In
thosecasesary featureneighbor(not necessarilfthe desiredone) may be the closestto aninput silhouettequery Theinput
neighborhoodnducesa distribution over clustersof joint angles.We noticethatevenat this ne scale,the conditionalsare
multimodal. Decreasinghe numberof clustersin (c) sharplyincreasesnultimodality Working with the previous stateand
the currentobsenation (middle andright plot) doesnot eliminateambiguity This is not wild, but severe enoughto cause
trackingfailure or signi cant errorsduringinitialization (sowe obsenre in varioustests).We expectincreasingambiguityfor
largertrainingsets.A similartwo-level clusteringstrat@y is usedto initialize thelearningprocedurdor theBME models.We
initially clusterbasedntheinputcomponentandthenseparatelglusterthe sampleswithin each’input' clusterbasednthe
outputcomponentsThis aimsto avoid situationsvheresingleexpertswould inconsistentlyrepreseninultiple branche®f the
inverseposemapping(see g. 2) leadingto modelsthatcorrespondo poorlik elihoodoptima.

featurevectorsinto a featurehistogram. This representation propagatedising(1), aswell asmultiple hypothesesracking

is semi-local,rich and hasbeeneffectively demonstratedh
mary applications,ncluding texture recognition[8] or pose
prediction[17, 20, 2].

Comparisons: We compareour Bayesiarmixture of experts
(BME) conditionalmodelswith othercompetingmethoddik e
weightednearesneighbor(NN) or the relevancevectorma-
chine (RVM) [27]. Our testsetconsistsof a variety of hu-
man actiities obtainedusingmotion-captureandarti cially
rendered. This providesgroundtruth andallows us to con-
centrateon the algorithmsandfactorout the variability given
by theimperfectionsof our humanmodel,or the noisein the
silhouetteextractionin realimages. The resultsare shovn
anddiscussedn (the captionof) tablel. In generathe BME
modelgivesbetteraverageestimatesandsigni cantly lower
maximumerrors.Noticealsothatfor thepurposeof thecom-
parisorwe have only consideredhe mostprobableprediction
of theBME. However, while thecorrectsolutionis notalways
predictedasthe mostprobablejt is oftenthe casethatis still
presenamongthe top modespredictedby the BME, seee.g.
g. 4c. For probabilistictracking,this “approximatelycorrect'
behaior is desirablebecausehe correctsolutionwill still be
propagatedvith signi cant probability We notice that de-
spitetransientdistraction,the modeloften recosersthe most
probablesolutionduringsubsequerframes.

Real Image SequencesPicking and Dancing: In g. 5, we
shaw theresultof trackinga realimagesequenceonsisting
of 2 secondf video, 60 fps. Our experimentsnvolve both
Bayesiarsinglehypothesigdrackingbasedn a singleexpert,

basedbnaBME modellearnedusing5 expertsthatareregres-
sorswith RBF kernelsanddegreeof sparsityvaryingbetween
5%-25%. We initially testedthe single hypothesistracker.
Thistracksthe beginning of the sequencéut fails shortly af-
ter, asits inputkernelsstop ring dueto anout-of-ranganput
predictedrom the previoustimestep(see[24] for imagesand
details). To factor out the effect of imperfectsilhouettesor
initialization” andto make surethatfailure is dueto motion
or featurerepresentatiorambiguities,we also attemptedto
reconstruct similar sequenceisingarti cially renderedm-
agesgeneratedrom amotiontrajectoryin thedatabaseEven
in that case the singlehypothesidracker failed. In g. 5 we
shav resultsusing a 5-modeBME tracker that successfully
reconstructshemotion. While thereconstructioris perceptu-
ally plausible thereareimperfectionspossiblyre ecting the
biasintroducedby our training set— e.g. noticethatthe knee
of the modelis tilted outward whereasthe knee of the hu-
manis tilted inward. We alsoobsene persistentultimodal-
ity for thosejoints moreactively moving, e.g. theright wrist,
theright femurandtheright shouldeywhich have, quite con-
stantly about5 modesin their posterior In general,in the
beginning of the sequenc¢hereis moreambiguityfor almost
all thejoints, but it tendsto decreasébut not disappearylur-
ing tracking. However, the joints that are occludedor very
muchprojectinsidethe silhouettetendto have persistenam-
biguitiesperhapsiueto foldsin clothing,or shadavs.

"We initialize using the conditional , learnedusing BME. For
singlehypothesidracking,we selectthe mostprobablecomponent.



Sequence
NN RVM BME NN RVM BME
NORMAL WALK 4120 | 2.7/12 2/10 7/25 |3.7/11.2| 2.8/8.1
COMPLEX WALK || 11.3/88 | 9.5/60 | 4.5/20 75/78 | 5.67/20 | 2.77/9
RUNNING 7/91 | 6.5/86 5/94 5.5/91 | 5.1/108 | 45/76
CONVERSATION 7.3/26 | 5.5/21 | 4.15/9.5 | 8.14/29 | 4.07/16 3/9
PANTOMIME 7/36 | 7.5/53 | 6.5/25 7.5/49 | 7.5/43 7141

Tablel: Comparatieresultsshoving RMS errorsperjoint angle(averageerror/ maximumjoint averageerror)in degreesfor
two conditionalmodels, and . We comparehreedifferentalgorithmson motion-capturesynthetically
generatedestdata(we selectthe bestcandidatefor eachtestinput, thereis no probabilistictracking, but has
memory). The algorithmsare: NN (nearesneighborwith soft stateweighing, proportionalto the inversedistanceto input
feature),RVM (relevancevectormachine) BME (Bayesiammixture of experts,with mostprobablemodeselected).We use
severaltraining sets:walking diagonalw.r.t. to theimageplane(train 300, test56), complex walking towardsthe cameraand
turning back (train 900, test90), runningparallelto the imageplane(train 150, test150), cornversationinvolving somehand
movementandturning (train 800, test160), pantomimg1000train, 100test). Thetraining hasbeendoneseparatelfor each
sequenceto limit ambiguity andwe initialize from groundtruth. This favors unimodalapproachesgspeciallywhen using

, asthey maynotrecoverfrom anincorrectinitialization. NoticethatBME hastypically smalleraverageerrors
andsigni cant smallermaximumerrors. Thelarge maximumerror for runningseemsconsistenaicrossvariousmethodsand
correspondso theright handjoint. For the BME, we only measureheerrorw.r.t. the mostprobablemodebut we obsene that
evenwhenthisis notthemostlikely, it is still amongthe probableonespredicted(see g. 4c).
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Figure4: Quantitatve trackingresultsfor the dancingsequence(a) Left: shavs the maximumandminimumdistanceor the
modesof therootjoint verticalaxisrotationangle. Theminimumdistances only informatively shavn, it doesnotnecessarily
re ect modesthatwill survive the mixture simpli cation. Most likely, modesthat clustertogetherwill collapse.(b) Middle:
sameas(a) for the left femur. (c) Right: shows the accurag of our mixture predictor Notice thatthe mostprobablemode
accordingto themodelis not alwaysthe mostaccurateone.

We concludewith experimentswhere we reconstructa
morechallengingdancingsequenceonsistingof 400frames.
We include 300 framesin the training setandteston 100 of
them. Imageresultsareshovnin g. 6, whereagjuantitatve
resultsareshovnin g. 4. Althoughthe poseswve reconstruct
arenot geometricallyperfectandthereare sometimeserrors
at the handsandthe legs, the BME predictionstill captures
theunderlying3d posesn a perceptuallyplausibleway.

4 Conclusions

We have presented mixture densitypropagatiorframework
for temporalinferenceusing discriminative models. We ar

guedthat despitetheir successgxisting methodsdo not of-
fer a formal managemenbf uncertaintyand we explained
why currentrepresentationsannotmodel multivaluedrela-
tionshipsthat are penasie in inverse,perceptionproblems.
We contritute by establishingthe density propagatiorrules
in discriminative, continuoustemporalchainmodelsandby
proposingcompacBayesiarmixture of expertsmodelscapa-
ble of representingnultimodalconditionals We show results
onrealandsyntheticallygeneratedmagesequencegndgive
comparisonsagainstnearesteighborand regressionmeth-
ods. Our study suggestghat e xible conditionalmodeling
and uncertaintypropagationare both essentialfor success-
ful reconstructionWe hopethatthis researctwill bring dis-
criminativeandgeneratietrackingalgorithmscloserandhelp
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Figure5: Firstrow: OriginalimagesequenceSecondow: ImagesilhouettesThird row: Reconstructioseerfrom the same
viewpointusedfor training,Fourth row: Reconstructioseerfrom a syntheticviewpoint. Noticethatdespitenoisysilhouettes,
our probabilistictracker basedn Bayesiamixture of experts(BME) conditionalscanreconstructhe motionwith reasonable
perceptuabccuray (however, thereareimperfectionse.g. theright kneeof thesubjectis tilted inward, whereaghe oneof the
modelis tilted outward). A singlehypothesiBayesiartrackerfails on the samesequencésee[24]).



Figure6: Trackingand3dreconstructiorf adancingsequence(a) Toprow shavsoriginalimagesandsilhouettes(b) Bottom
row shawvsreconstructiongrom training (left) andnew syntheticviewpoint (right).

stimulatea fruitful debateon their relative advantageswvithin
acommonprobabilisticframenork.

Future Work: We planto do a detailedsensitvity analysis
w.r.t. motionsand shapeghat deviate from the training set.
We alsostudyalternatve, morecompacsttateandfeaturerep-
resentationdasedon dimensionalityreduction,andinvesti-
gatescalingaspectgor largemotioncapturedatabase<Other
researcldirectionsnvolvereconstructingnultiple peopleand
handlingocclusionsaanddifferentobsenationrepresentations.
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