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Abstract
We advocatethe use of GaussianProcessDynamical

Models(GPDMs)for learninghumanposeandmotionpri-
ors for 3D people tracking. A GPDM provides a low-
dimensionalembeddingof humanmotiondata,with a den-
sity function that gives higher probability to posesand
motionscloseto the training data. With Bayesianmodel
averaging a GPDM can be learnedfrom relatively small
amountsof data, and it generalizesgracefully to motions
outsidethetraining set.Here wemodifytheGPDM to per-
mit learning from motionswith signi�cant stylistic varia-
tion. Theresultingpriors are effectivefor tracking a range
of humanwalking styles,despiteweak and noisy image
measurementsandsigni�cant occlusions.

1. Intr oduction
Prior modelsof poseandmotion play a centralrole in

3D monocularpeopletracking,mitigatingproblemscaused
by ambiguities,occlusions,andimagemeasurementnoise.
While powerful modelsof 3D humanposeare emerging,
sophisticatedmotion modelsremain rare. Most state-of-
the-artapproachesrely on linear-GaussianMarkov models
which do not capturethe complexities of humandynam-
ics. Learningricher modelsis challengingbecauseof the
high-dimensionalvariability of humanpose,thenonlinear-
ity of humandynamics,andtherelativedif�culty of acquir-
ing largeamountsof trainingdata.

This papershows thateffective modelsfor peopletrack-
ing canbe learnedusingthe GaussianProcessDynamical
Model (GPDM) [22], evenwhenmodestamountsof train-
ing dataareavailable.TheGPDMis alatentvariablemodel
with anonlinearprobabilisticmappingfrom latentpositions
x to humanposesy , andanonlineardynamicalmappingon
the latentspace.It providesa continuousdensityfunction
over posesandmotionsthat is generallynon-Gaussianand
multimodal. Giventrainingsequences,onesimultaneously
learnsthe latent embedding,the latent dynamics,and the
posereconstructionmapping.Bayesianmodelaveragingis
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usedlessenproblemsof over-�tting andunder-�tting that
areotherwiseproblematicwith smalltrainingsets[10, 12].

We proposea form of GPDM, thebalancedGPDM, for
learningsmoothmodelsfrom trainingmotionswith stylis-
tic diversity, andshow thatthey areeffective for monocular
peopletracking. We formulatethe trackingproblemas a
MAP estimatoron shortposesequencesin a sliding tem-
poral window. Estimatesare obtainedwith deterministic
optimization,andlook remarkablygooddespiteverynoisy,
missingor erroneousimagedataandsigni�cant occlusions.

2. RelatedWork
Thedynamicalmodelsusedin many trackingalgorithms

are weak. Most models are linear with Gaussianpro-
cessnoise,includingsimple�rst- andsecond-orderMarkov
models[3, 9], andauto-regressive (AR) models[14]. Such
modelsare often suitablefor low-dimensionalproblems,
and admit closed-formanalysis,but they apply to a re-
strictedclassof systems. For high-dimensionaldata, the
numberof parametersthat must be manuallyspeci�ed or
learnedfor AR modelsis untenable.Whenusedfor peo-
ple trackingthey usuallyincludelarge amountsof process
noise,andtherebyprovideveryweaktemporalpredictions.

Switching LDS and hybrid dynamics provide much
richer classesof temporalbehaviors [8, 14, 15]. Never-
theless,they arecomputationallychallengingto learn,and
requirelargeamountsof trainingdata,especiallyasthedi-
mensionof thestatespacegrows. Non-parametricmodels
canalsohandlecomplex motions,but they alsorequirevery
large amountsof training data[11, 17]. Further, they do
not producea densityfunction. Howe et al [7] usemixture
modeldensityestimationto learna distribution of shortse-
quencesof poses.Again,with suchhigh-dimensionaldata,
densityestimationwill have problemsof under- andover-
�tting unlessonehasvastamountsof trainingdata.

Oneway to copewith high-dimensionaldatais to learn
low-dimensionallatentvariablemodels.Thesimplestcase
involvesalinearsubspaceprojectionwith anAR dynamical
process.In [2, 4] a subspaceis �rst identi�ed usingPCA,
afterwhicha subspaceAR modelis learned.Linearmodels
aretractable,but they often lack the ability to capturethe
complexities of humanposeandmotion.



Richer parameterizationsof human pose and motion
can be found throughnonlineardimensionalityreduction
[5, 16, 18, 21]. GeometricalmethodssuchasIsomapand
LLE learn suchembeddings,yielding mappingsfrom the
posespaceto the latent space. But they do not provide
a probabilisticdensitymodelover poses,a mappingback
from posespaceto latent space,nor a dynamicalmodel.
Thus one requiresadditional stepsto constructan effec-
tivemodel.For example,SminchisescuandJepson[18] use
spectralembedding,thena Gaussianmixture to modelthe
latentdensity, an RBF mappingto reconstructposesfrom
latentpositions,anda hand-speci�ed�rst-order, lineardy-
namicalmodel. Agarwal and Triggs [1] learn a mapping
from silhouettesto posesusingrelevancevectormachines,
andthenasecond-orderAR dynamicalmodel.

Rahimietal [16] learnanembeddingthroughanonlinear
RBF regressionwith anAR dynamicalmodelto encourage
smoothnessin the latentspace.Our approachis similar in
spirit, asthis is a naturalway to producewell-behaved la-
tentmappingsfor time-seriesdata. However, our modelis
probabilisticandallows for nonlineardynamics.

We use a form of probabilistic dimensionalityreduc-
tion similar in spirit to theGaussianProcesslatentvariable
model(GPLVM) [10]. TheGPLVM hasbeenusedto con-
strain humanposesduring interactive animation[6], as a
prior for 2D upperbodyposeestimation[19], andasa prior
for 3D monocularpeopletracking [20]. While powerful,
the GPLVM is a static model; it hasno intrinsic dynam-
ics anddoesnot producesmoothlatentpathsfrom smooth
time-seriesdata. Thus,even with an additionaldynamical
model,our GPLVM-basedpeopletracker oftenfails dueto
anomalousjumpsin thelatentspaceandto occlusions[20].

3. GaussianProcessDynamical Model
The GPDM is a latentvariabledynamicalmodel,com-

prisinga low-dimensionallatentspace,aprobabilisticmap-
ping from thelatentspaceto theposespace,anda dynam-
ical modelin the latentspace[22]. The GPDM is derived
from agenerativemodelfor zero-meanposesy t 2 R D and
latentpositionsx t 2 R d, at time t, of theform

x t =
X

i

ai Ái (x t ¡ 1) + nx;t (1)

y t =
X

j

b j Ãj (x t ) + ny;t (2)

for weightsA = [a1; a2; :::] andB = [b1; b2; :::], basis
functionsÁi andÃj , andadditivezero-meanwhiteGaussian
noisenx;t andny;t . For linearbasisfunctions,(1) and(2)
representthecommonsubspaceAR model(e.g.,[4]). With
nonlinearbasisfunctions,themodelis signi�cantly richer.

In conventionalregression(e.g., with AR models)one
�x esthenumberof basisfunctionsandthen�ts themodel
parameters,A and B . From a Bayesianperspective,

A and B are nuisanceparametersand should therefore
be marginalized out through model averaging. With an
isotropicGaussianprior on eachb j , onecanmarginalize
overB in closedform [12, 13] to yield amultivariateGaus-
siandatalikelihoodof theform

p(Y j X ; ¹̄ ) =

jW jN
p

(2¼)N D jK Y jD
exp

µ
¡

1
2

tr
¡
K ¡ 1

Y YW 2Y T ¢
¶

(3)

whereY = [y1; :::; yN ]T is amatrixof trainingposes,X =
[x1; :::; xN ]T containsthe associatedlatentpositions,and
K Y is a kernelmatrix. The elementsof kernelmatrix are
de�ned by a kernelfunction,(K Y ) i;j = kY (x i ; x j ), which
we take to beacommonradialbasisfunction(RBF) [12]:

kY (x ; x0) = ¯ 1 exp
µ

¡
¯ 2

2
jjx ¡ x0jj2

¶
+

±x ;x 0

¯ 3
: (4)

The scalingmatrix W ´ diag(w1; :::; wD ) is usedto ac-
count for the different variancesin the different datadi-
mensions;this is equivalent to a GaussianProcess(GP)
with kernelfunctionk(x; x0)=w2

l for dimensionl. Finally,
¹̄ = f ¯ 1; ¯ 2; :::; W g comprisesthekernelhyperparameters
thatcontroltheoutputvariance,theRBFsupportwidth,and
thevarianceof theadditive noiseny;t .

The latentdynamicsaresimilar; i.e., we form the joint
densityover latentpositionsandweights,A , andthenwe
marginalizeout A [22]. With an isotropicGaussianprior
on theai , thedensityover latenttrajectoriesreducesto

p(X j ¹®) =
p(x1)

p
(2¼)(N ¡ 1)d jK X jd

exp
µ

¡
1
2

tr
¡
K ¡ 1

X X out X T
out

¢
¶

(5)

whereX out = [x2; :::; xN ]T , K X is the(N ¡ 1) £ (N ¡ 1)
kernelmatrix constructedfrom X in = [x1; :::; xN ¡ 1], and
x1 is given an isotropicGaussianprior. For dynamicsthe
GPDMusesa “linear + RBF” kernel,with parameters®i :

kX (x ; x0) = ®1 exp
µ

¡ ®2

2
jjx ¡ x0jj2

¶
+ ®3xT x0+

±x ;x 0

®4

The linear term is usefulfor motionsubsequencesthatare
approximatelylinear.

While theGPDM is de�ned above for a singleinput se-
quence,it is easilyextendedto multiple sequencesf Y j g.
Onesimply concatenatesall the input sequences,ignoring
temporaltransitionsfrom the end of one sequenceto the
beginningof thenext. Eachinput sequenceis thenassoci-
atedwith a separatesequenceof latentpositions,f X j g, all
within a sharedlatentspace.Accordingly, in whatfollows,
let Y = [Y T

1 ; :::; Y T
m ]T be the m training motions. Let

X denotetheassociatedlatentpositions,andfor thede�ni-
tion of (5) let X out compriseall but the�rst latentposition
for eachsequence.Let K X bethekernelmatrix computed
from all but thelastlatentpositionof eachsequence.



3.1.Learning
Learningthe GPDM entailsestimatingthe latent posi-

tions and the kernelhyperparameters.Following [22] we
adoptsimpleprior distributionsover the hyperparameters,
i.e., p( ¹®) /

Q
i ®¡ 1

i , and p( ¹̄ ) /
Q

i ¯ ¡ 1
i ,1 with which

theGPDMposteriorbecomes

p(X ; ¹®; ¹̄ j Y ) / p(Y j X ; ¹̄ ) p(X j ¹®) p( ¹®) p( ¹̄ ) : (6)

Thelatentpositionsandhyperparametersarefoundby min-
imizing thenegative log posterior

L =
d
2

ln jK X j +
1
2

tr
¡
K ¡ 1

X X out X T
out

¢

¡ N ln jW j +
D
2

ln jK Y j +
1
2

tr
¡
K ¡ 1

Y YW 2Y T ¢

+
X

i

ln ®i +
X

i

ln ¯ i + C ; (7)

whereC is a constant.The �rst two termscomefrom the
log dynamicsdensity(5), and the next threetermscome
from thelog reconstructiondensity(3).

Over-Fitting: While theGPDM hasadvantagesover the
GPLVM, usuallyproducingmuchsmootherlatenttrajecto-
ries it canstill producelargegapsbetweenthe latentposi-
tionsof consecutiveposes;e.g.,Fig.1 showsaGPLVM and
aGPDMlearnedfrom thesamegolf swingdata(largegaps
areshown with red arrows). Suchproblemstendto occur
whenthe trainingsetincludesa relatively largenumberof
individual motions(e.g.,from differentpeopleor from the
samepersonperformingan activity multiple times). The
problemarisesbecauseof thelargenumberof unknown la-
tentcoordinatesandthefact thatuncertaintyin latentposi-
tionsis notmodeled.In practicalterms,theGPDMlearning
estimatesthe latent positionsby simultaneouslyminimiz-
ing squaredreconstructionerrorsin posespaceandsquared
temporalpredictionerrorsin the latentspace.In Fig. 1 the
posespaceis 80Dandthelatentspaceis 3D,soit is notsur-
prising that the errorsin posereconstructiondominatethe
objective function,andthusthelatentpositions.

3.2.BalancedGPDM:
Ideallyoneshouldmarginalizeout thelatentpositionsto

learnhyperparameters,but this is expensive computation-
ally. Instead,we proposea simple but effective GPDM
modi�cation to balancethe in�uence of the dynamicsand
the posereconstructionin learning. That is, we discount
the differencesin the poseandlatentspacedimensionsin
the two regressionsby raising the dynamicsdensityfunc-
tion in (6) to the ratio of their dimensions,i.e., ¸ = D=d;

1Suchpriorsprefersmalloutputscale(i.e.,®1 ; ®3 ; ¯ 1 ), largeRBFsup-
port (i.e.,small®2 ; ¯ 2 ), andlargenoisevariances(i.e.,small®¡ 1

4 ; ¯ ¡ 1
3 ).

Thefactthatthepriorsareimproperis insigni�cant for optimization.

(a) (b)

(c) (d)

Figure1. Golf Swing: (a) GPLVM, (b) GPDM and(c) balanced
GPDM learnedfrom 9 different golf swings performedby the
samesubject.(d) Volumetricvisualizationof reconstructionvari-
ance;warmercolors(i.e., red)depictlowervariance.

for learningthis rescalesthe�rst two termsin (7) to be

¸
µ

d
2

ln jK X j +
1
2

tr
¡
K ¡ 1

X X out X T
out

¢
¶

: (8)

Theresultingmodelsareeasilylearnedandveryeffective.

3.3.Model Results
Figures1–4 show modelslearnedfrom motion capture

data. In eachcase,beforeminimizing L , the meanpose,
¹ , was subtractedfrom the input posedata,and PCA or
Isomapwereusedto obtainan initial latentembeddingof
thedesireddimension.We typically usea 3D latentspace
asthis is thesmallestdimensionfor which we canrobustly
learncomplex motionswith stylisticvariability. Thehyper-
parameterswereinitially setto one. Thenegative log pos-
teriorL wasminimizedusingScaledConjugateGradient.
Golf Swing: Fig. 1 shows modelslearnedfrom 9 golf
swingsfrom one subject(from the CMU database).The
body posewas parameterizedwith 80 joint angles,and
the sequencelengthsvariedby 15 percent. The balanced
GPDM (Fig. 1(c)) producessmootherlatent trajectories,
and hencea more reliable dynamicmodel, than the orig-
inal GPDM. Fig. 1(d) shows a volumevisualizationof the
log varianceof thereconstructionmapping,2 ln ¾y jx ;X ;Y ; ¹̄ ,
asa functionof latentposition. Warmercolorscorrespond
to lowervariances,andthusto latentpositionsto which the
model assignshigher probability; this shows the model's
preferencefor posescloseto thetrainingdata.
Walking: Figs2 and3 show modelslearnedfrom onegait
cyclefromeachof 6 subjectswalkingatthesamespeedona



(a) (b)
Figure2.Walking GPLVM: Learnedfrom 1 gait cyclefrom each
of 6 subjects.Plotsshow sideandtopviewsof the3D latentspace.
Circlesandarrowsdenotelatentpositionsandtemporalsequence.

(a) (b)

(c) (d)

Figure3. Walking GPDM: BalancedGPDMlearnedfrom 1 gait
cycle from 6 subjects.(a,b)Sideandtopviewsof 3D latentspace.
(c) Volumetricvisualizationof reconstructionvariance.(d) Green
trajectoriesarefair samplesfrom thedynamicsmodel.

treadmill. For eachsubjectthe�rst poseis replicatedat the
endof thesequenceto encouragecyclical pathsin thelatent
space.The body wasparameterizedwith 20 joint angles.
With thetreadmillwe do not have globalpositiondata,and
hencewe cannotlearnthecouplingbetweenthejoint angle
timesseriesandglobaltranslationalvelocity.

Fig. 2 shows thelargejumpsin adjacentposesin thela-
tent trajectoriesobtainedwith a GPLVM. By comparison,
Fig. 3 (a,b) show the smooth,clusteredlatent trajectories
learnedfrom the training data. Fig. 3(c) shows a volume
visualizationof the log reconstructionvariance. Fig. 3(d)
helpsto illustratethemodeldynamicsby plotting 20 latent
trajectoriesdrawn at randomfrom the dynamicalmodel.
Thetrajectoriesaresmoothandcloseto thetrainingdata.

Figure4.SpeedVariation: 2D modelslearnedfor 2 differentsub-
jects.Eachonewalkingat9 speedsrangingfrom 3 to 7 km/h. Red
pointsare latentpositionsof training poses.Intensity is propor-
tional to ¡ 2 ln ¾y j x ;X ;Y ; ¹̄ , sobrighterregionshave smallerpose
reconstructionvariance. The subjecton the left is healthy while
thaton theright hasakneepathologyandwalksasymmetrically.

SpeedVariation: Fig. 4 shows 2D GPDMslearnedfrom
two subjects,eachof which walkedfour gait cyclesat each
of 9 speedsbetween3 and7km/h(equispaced).Thelearned
latenttrajectoriesareapproximatelycircular, andorganized
by speed;the innermostand outermosttrajectoriescorre-
spondto theslowestandfastestspeedsrespectively. Inter-
estingly, thesubjecton the left is healthy while thesubject
on right hasa kneepathology. As the treadmill speedin-
creases,the sideof the body with the pathologyperforms
themotionat slower speedsto avoid pain,andsotheother
sideof thegait cycle mustspeedup to maintainthespeed.
Thisexplainstheanisotropy of thelatentspace.

3.4.Prior over NewMotions
The GPDM also de�nes a smoothprobability density

over new motions(Y 0; X 0). That is, just aswe did with
multiple sequencesabove, we write the joint densityover
theconcatenationof thesequences.Theconditionaldensity
of thenew sequenceis proportionalto thejoint density, but
with thetrainingdataandlatentpositionsheld�x ed:

p(X 0; Y 0 j X ; Y ; ¹®; ¹̄ ) / p( [X ; X 0]; [Y ; Y 0] j ¹®; ¹̄ ) (9)

Thisdensitycanalsobefactoredto provide:

p(Y 0 j X 0; X ; Y ; ¹̄ ) p(X 0 j X ; ¹®) : (10)

For trackingwe are typically given an initial statex 0
0, so

insteadof (10),wehave

p(Y 0 j X 0; X ; Y ; ¹̄ ) p(X 0 j X ; ¹®; x0
0) : (11)

4. Tracking
Our tracking formulation is based on a state-space

model,with aGPDMprior overposeandmotion.Thestate
at time t is de�ned asÁt = [G t ; y t ; x t ], whereG t denotes
theglobalpositionandorientationof thebody, y t denotes
thearticulatedjoint angles,andx t is a latentposition.The
goal is to estimatea statesequence,Á1:T ´ (Á1; :::; ÁT ),
givenanimagesequence,I 1:T ´ (I 1; :::; I T ), anda learned
GPDM, M ´ (X ; Y ; ¹®; ¹̄ ). Toward that end thereare



two commonapproaches:Online methodsinfer Át given
theobservationhistoryI 1:t ¡ 1. Theinferenceis causal,and
usuallyrecursive, but suboptimalasit ignoresfuture data.
Batch methodsinfer statesÁt givenall past,presentandfu-
turedata,I 1:T . Inferenceis optimal,but requiresall future
imageswhich is impossiblein many trackingapplications.

Herewe proposea compromisethatallows someuseof
futuredataalongwith predictionsfrom previous times. In
particular, at eachtime t we form theposteriordistribution
over a (noncausal)sequenceof ¿+ 1 states

p(Át :t + ¿ j I 1:t + ¿; M ) =

c p(I t :t + ¿ j Át :t + ¿) p(Át :t + ¿ j I 1:t ¡ 1; M ) : (12)

Inferenceof Át is improvedwith theuseof futuredata,but
at thecostof asmalltemporaldelay.2 With aMarkov chain
model one could usea forward-backward inferencealgo-
rithm [23] in which separatebeliefsabouteachstatefrom
pastandfuturedataarepropagatedforwardandbackward
in time. Here, insteadwe considerthe posteriorover the
entirewindow, without requiringtheMarkov factorization.

With the strengthof the GPDM prior, we alsoassume
that we canusehill-climbing to �nd goodstateestimates
(i.e., MAP estimates).In effect, we assumea form of ap-
proximaterecursive estimation:

p(Át :t + ¿ j I 1:t + ¿; M ) ¼

c p(I t :t + ¿ j Át :t + ¿) p(Át :t + ¿ j ÁM AP
1:t ¡ 1 ; M ) (13)

whereÁM AP
1:t ¡ 1 denotesthe MAP estimatehistory. This has

the disadvantagethat completebeliefsarenot propagated
forward.But with thetemporalwindow westill exploit data
over severalframes,yieldingsmoothtracking.

At eachtime stepwe minimize the negative log poste-
rior overstatesfrom timet to timet + ¿. At thisminimawe
obtainthe approximateMAP estimateat time t. The esti-
mateis approximatein two ways.First,wedonot represent
andpropagateuncertaintyforward from time t ¡ 1 in (13).
Second,becausepreviousMAP estimatesarein�uencedby
futuredata,theinformationpropagatedforwardis biased.

ImageLik elihood: Thecurrentversionof our3D tracker
usesa simplistic observation model. That is, the image
observationsarethe approximate2D imagelocationsof a
smallnumber(J ) of 3D bodypoints(seeFig.5). They were
obtainedwith theWSL image-basedtracker [9].

While measurementerrors in tracking are often corre-
latedover time, asis commonwe assumethat imagemea-
surementsconditionedonstatesareindependent;i.e.,

p(I t :t + ¿ j Át :t + ¿) =
t + ¿Y

i = t

p(I i j Ái ) : (14)

2Howeveranonlineestimateof Át + ¿ wouldstill beavailableat t + ¿.

(a) (b) (c) (d) (e)
Figure5. WSL Tracks: The2D trackedregionsfor thedifferent
trackedsequences(in yellow) arenoisyandsometimesmissing.

Further, we assumezero-meanGaussianmeasurement
noisein the2D imagepositionsprovidedby thetracker. Let
theperspectiveprojectionof thej th bodypoint,p j , in pose
Át , bedenotedP(p j (Át )) , andlet theassociated2D image
measurementfrom the tracker be m̂ j

t . Then, the negative
log likelihoodof theobservationsat time t is

¡ ln p(I t j Át ) =
1

2¾2
e

JX

j =1

°
°
° m̂ j

t ¡ P(p j (Át ))
°
°
°

2
: (15)

Hereweset¾e = 10pixels,basedonempiricalresults.

Prediction Distrib ution We factorthepredictiondensity
p(Át :t + ¿ j ÁM AP

1:t ¡ 1 ; M ) into apredictionoverglobalmotion,
andoneover posesy and latentpositionsx. The reason,
asdiscussedabove, is that our training sequencesdid not
containtheglobalmotion.So,weassumethat

p(Át :t + ¿ j ÁM AP
1:t ¡ 1 ; M ) =

p(X 0
t ; Y 0

t j xM AP
t ¡ 1 ; M ) p(G t :t + ¿ jG M AP

t ¡ 1:t ¡ 2) ; (16)

whereX 0
t ´ x t :t + ¿ andY 0

t ´ y t :t + ¿.
For theglobalrotationandtranslation,G t , we assumea

second-orderGauss-Markov model.Thenegative log tran-
sitiondensityis, up to anadditive constant,

¡ ln p(G t j G M AP
t ¡ 1:t ¡ 2) =

jjG t ¡ Ĝ t jj2

2¾2
G

; (17)

wherethemeanpredictionis just Ĝ t = 2G M AP
t ¡ 1 ¡ G M AP

t ¡ 2 .
For theprior over X 0

t , Y 0
t , we approximatetheGPDM

in two ways.Firstweassumethatthedensityover thepose
sequence,p(Y 0

t j X 0
t ; M ), canbe factoredinto the den-

sities over individual poses. This is convenientcomputa-
tionally sincetheGPDMdensityoverasinglepose,givena
latentposition,is Gaussian[6, 20]. Thusweobtain

¡ ln p(Y 0
t jX 0

t ; M ) ¼ ¡
t + ¿X

j = t

ln p(y j jx j ; ¹̄ ; X ; Y )

=
t + ¿X

j = t

kW (y j ¡ ¹ Y (x j ))k2

2¾2(x j )
+

D
2

ln ¾2(x j ) +
1
2

kx j k2 (18)

wherethemeanandvariancearegivenby

¹ Y (x) = ¹ + Y T K ¡ 1
Y kY (x) ; (19)

¾2(x) = kY (x ; x) ¡ kY (x)T K ¡ 1
Y kY (x) ; (20)



Figure6. Tracking63 framesof a walking, with noisy andmissingdata. The skeletonof the recovered3D modelis projectedonto the
images.Thepointstrackedby WSL areshown in red.

and kY (x) is the vector with elementskY (x ; x j ) for all
otherlatentpositionsx j in themodel.

Second,we annealthedynamicsp(X 0
t jxM AP

t ¡ 1 ; M ), be-
causethelearnedGPDMdynamicsoftendiffer in important
waysfrom the video motion. The mostcommonproblem
occurswhenthewalkingspeedin thevideodiffersfrom the
trainingdata.To accommodatethis,we effectively blur the
dynamics;this is achievedby raisingthedynamicsdensity
to a smallexponent,simply just usinga smallervalueof ¸
in (8), for which thekernelmatrix mustalsobeupdatedto
includeX 0

t . For tracking,we �x ¸ = 0:5.

Optimization: Trackingis performedby minimizing the
approximatenegative log posteriorin (13). With the ap-
proximationsabove thisbecomes

E = ¡
t + ¿X

j = t

ln p(I j j Áj ) ¡
t + ¿X

j = t

ln p(G j jG M AP
j ¡ 1:j ¡ 2)

¡ ln p(X 0
t j ¹®; X ) ¡

t + ¿X

j = t

ln p(y j jx j ; ¹̄ ; X ; Y ) (21)

To minimize E in (21) with respectto Át :t + ¿, we �nd that
thefollowing procedurehelpsto speedupconvergence,and
to reducegettingtrappedin local minima. Eachnew state
is �rst setto bethemeanprediction,andthenoptimizedin
a temporalwindow. For theexperimentsweuse¿ = 2.

Algorithm 1 OptimizationStrategy (ateachtimestept)

f x t + ¿g Ã ¹ X (x t + ¿¡ 1) = X T
out K ¡ 1

X kX (x t + ¿¡ 1)
f y t + ¿g Ã ¹ Y (x t + ¿) = ¹ + Y T K ¡ 1

Y kY (x t + ¿)
f G t + ¿g Ã 2G t + ¿¡ 1 ¡ G t + ¿¡ 2

for n = 1: : : iter do
f X 0

t g Ã min E with respectto X 0
t

f Át :t + ¿g Ã min E with respectto Át :t + ¿

end for
f X 0

t g Ã min E with respectto X 0
t

One can also signi�cantly speedup the minimization
when one knows that the motion of the tracked object is
very similar to the training motions. In that case,onecan

assumethat there is negligible uncertaintyin the recon-
structionmapping,and hencea poseis directly given by
y = ¹ Y (x). This reducesthe posereconstructionlikeli-
hoodin (18) to D

2 ln ¾2(x) + 1
2 kxk2, andthe stateat t to

Át = (G t ; x t ), whichcanbeoptimizedstraightforwardly.

5. Tracking Results
Here we focus on tracking different stylesand speeds

for the sameactivity. We usethe BalancedGPDM model
shown in Fig.3 for trackingall walkingsequencesbelow. In
Fig.6 weuseawell-known sequenceto demonstratethero-
bustnessof ouralgorithmto dataloss.In the�rst frame,we
supplynine 2D points—thehead,left shoulder, left hand,
bothkneesandfeet,andcenterof thespine(theroot). They
arethentrackedautomaticallyusingWSL[9]. As shown in
Fig. 5(d) the tracked pointsarevery noisy; the right knee
is lost early in the sequenceandthe left kneeis extremely
inaccurate.By the endof the sequencethe right foot and
left handarealsolost. Givensuchpoorinput,ouralgorithm
canneverthelessrecover the correct3D motion, asshown
by theprojectionsof theskeletonontotheoriginal images.

While better imagemeasurementscan be obtainedfor
this sequence,this is not alwaysan option whenthereare
occlusionsandimageclutter. E.g.,Fig. 7 depictsacluttered
scenein whichthesubjectbecomeshiddenby ashrub;only
the headremainstracked by the endof the sequence(see
Fig.5(e)).For theseframesonly theglobaltranslationis ef-
fectively constrainedby theimagedata,sotheGPDMplays
acritical role. In Fig.7,notehow theprojectedskeletonstill
appearsto walk naturallybehindtheshrub.

Figure8 shows a sequencein which thesubjectis com-
pletely occludedfor a full gait cycle. Whenthe occlusion
begins, the trackingis governedmainly by theprior.3 The
3D tracker is thenswitchedbackon andtheglobalmotion
during the occlusionis re�ned by linear interpolationbe-
tweenthe3D trackedposesbeforeandafter theocclusion.
Beforeanocclusion,it is veryimportantto haveagoodesti-
mationof x, assubsequentpredictionsdependsigni�cantly

3We manuallyspecifythebeginningandendof theocclusion.We use
a templatematching2D detectorto automaticallyre-initializeWSL after
theocclusion,asshown in Fig 5(c).



Figure7. Tracking56 framesof a walking motion with an almosttotal occlusion(just the headis visible) in a very clutter andmoving
background.Notethathow theprior encouragesrealisticmotionasocclusionbecomesaproblem.

Figure8. Tracking72 framesof a walking motion with a total occlusion. During the occlusionthe tracker is switch off andthe mean
predictionis used.Notethequalityof thetrackingbeforeandaftertheocclusionandtheplausiblemotionduringit.

on the latentposition. To reducethecomputationalcostof
estimatingthe latentpositionswith greataccuracy, we as-
sumeperfectreconstruction,i.e., y = ¹ Y (x), andusethe
secondalgorithmdescribedin Section4.

The latentcoordinatesobtainedby the tracker for all of
theabove sequencesareshown in Fig 10. The trajectories
aresmoothandreasonablycloseto the training data. Fur-
ther, while thetraininggait periodwas32 frames,this three
sequencesinvolvegait periodsrangingfrom 22to 40frames
(by comparison,naturalwalking gaits spanabout1.5 oc-
taves).Thustheprior generalizeswell to differentspeeds.

To demonstratetheability of themodelto generalizeto
differentwalkingstyles,wealsotracktheexaggeratedwalk
shown in Fig. 9. Here, the subject's motion is exagger-
atedand stylistically unlike the training motions; this in-
cludesthe stride length, the lack of bendingof the limbs,
andtherotationof theshouldersandhips. Despitethis the
3D trackerdoesanexcellentjob. Thelasttwo rowsof Fig.9
show theinferredposeswith asimplecharacter, shown from
two viewpoints,oneof which is quitedifferentfrom thatof
thecamera.The latentcoordinatesobtainedby the tracker
areshown in Fig. 10; the distanceof the trajectoryto the
trainingdatais a resultof theunusualwalkingstyle.

6. Conclusions
We have introducedthe balancedGPDM for learning

smoothprior modelsof humanposeandmotionfor 3D peo-

ple tracking. We showed that thesepriors canbe learned
from modestamountsof trainingmotionsincludingstylis-
tic diversity. Further, they are shown to be effective for
trackingarangeof humanwalkingstyles,despiteweakand
noisyimagemeasurementsandsigni�cant occlusions.The
qualityof theresults,in light of suchasimplemeasurement
modelattestto theutility of theGPDMpriors.
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