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Abstract

We presenta new methodfor training deformablemod-
els. Assumethat we havetraining images where part lo-
cationshavebeenlabeled. Typically, one �ts a modelby
maximizingthe likelihoodof thepart labels. Alternatively,
onecould�t a modelsuch that,whenthemodelis run onthe
trainingimages,it �nds theparts.Wedothisbymaximizing
theconditionallikelihoodof thetrainingdata.

We formulatemodel-learningas parameterestimation
in a conditional random�eld (CRF). Initializing parame-
ters with their maximumlikelihoodestimates,wereach the
global optimumby gradientascent.We presenta learning
algorithmthatsearchesexhaustivelyoverall part locations
in an image withoutrelyingon feature detectors. Thispro-
videsmillions of examplesof training data, and seemsto
avoidover-�tting issuesknownwith CRFs.

Resultsfor part localization are relatively scarce in
the community. We presentresultson three established
datasets;Caltech motorbikes [8], USC people[19], and
Weizmannhorses[3]. In the Caltech set we signi�cantly
outperformthe state-of-the-art[6]. For the challenging
people dataset, we present results that are comparable
to [19], but are obtainedusinga signi�cantly more generic
model (devoid of a face or skin detector). Our model is
general enoughto �nd other articulated objects; we use
it to recover posesof horses in the challengingWeizmann
database.

1. Intr oduction

Deformablemodelshave a long-standinghistory in the
vision communitybeginning with pictorial structures[10]
anddeformabletemplates[11], andalsoincludetherecent
active appearancemodels[5] andconstellation models[4].
Thesemodelsrepresentan objectasa collectionof parts,
explicitly encodingboth the appearanceof a part and its
spatialarrangement.

There have beennumerousapproachesthat use these
modelsfor detection. They addressquestionsof the form:
given an image,is therea motorbike or not? Surprisingly,

onecanobtainstate-of-the-artdetectionperformanceby ig-
noring spatial constraints(the so-called“bag of feature”
models). We believe this fact suggeststhat: (1) shapeis
hardto learnwith currentmethodsand(2) oneshouldcon-
sidermoredif�cult recognitiontaskssuchaslocalization:
whereis themotorbike, which way is it facing?Our work
focuseson methodsfor learningandevaluatingdeformable
models,giventhetaskof localization.

A naturalmethodof learninga deformablemodel is to
�t the model to someobserved instances. This is often
formulatedasmaximumlikelihood(ML). Given a collec-
tion of imageswherepart locationshave beenlabeled,one
computessamplemeansandvariances(assuminggaussian
models).Evennon-probabilisticapproachessuchasexem-
plar matchingimplicitly do this; herethemeanis encoded
by theexemplar.

An alternative is to tune parametersso that the model
doeswell at a task (in our case,localization). Intuitively,
we want to tune parametersso that the model, when run
ona trainingimage,recoversthelabeledpartlocations.We
show thatby formulatingourmodelasaconditionalrandom
�eld (CRF),wenaturallyoptimizethis criteria.

We demonstratethe resultingmodelson threedatasets;
Caltechmotorbikes [8], USC people[19], andWeizmann
horses[3]. TheCaltechsetis known to beeasyfor detec-
tion, but we useit to evaluatepart localization. We sur-
passthebest-reportedresultsin [6]. We presentanarticu-
latedmodelfor humanposeestimationthat is comparable
to [19] on their challengingsetof peopleimages.In con-
trastto [19], weuseagenericarticulatedmodeldevoid of a
facedetectoror skin model. To demonstrateits generality,
we train it to localizedeforminghorsesin the challenging
Weizmanndataset.

2. RelatedWork

Approachesfor learningparts-basedmodelscanloosely
be divided into generative, semi-supervised,anddiscrimi-
native. Givenlabeledtrainingdata,generativemethodsfol-
low theML framework describedabove [5, 6, 7, 11,14,15,
20]. Alternatively, Weberet al. andFerguset al. useEM
to learnmodels from partially-labeleddata[8, 27]. Their
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Figure1. Our approach to modelbuilding. Assumewe aregiven a collectionof training imagesI m with labeledpart locationsL (we
show 2 imageson theleft). Classicapproacheslearnthemodel� thatmaximizesthejoint likelihoodPr( I m; L j�) . Assuminggaussian
models,onedoesthis by computingsamplemeansandvariances.We show themeanposein thetop middle. If we usethemodelto infer
theposein eachtrainingimage,we oftenget incorrectlocalizations;thearmgetsconfusedwith thebody(bottom middle). In this work,
we learna modelthatis trainedto infer thecorrectposesin thetrainingimages.We do this by maximizingtheconditionalPr( L jI m; �) .
We show thenew learnedmeanposeon theright top. By pulling thearmaway from thebody, theresultingmodelinfersposesthatare
closerto thelabeledtrainingset(bottom right ).

approachrequiredknowing animagecontainsamotorbike,
but not whereits partsarelocated.Althoughour work here
learnsin a supervisedframework, thereis a closeconnec-
tion betweenourCRFoptimizationandEM (welook at this
in Sec.4).

Discriminativetrainingof deformablemodelsdatesback
to at leastdecisiontrees[1], convolutionalneuralnets[18],
andincluderecentapproachessuchas [12,13,22]. In these
cases,modelsareoptimizedfor detectionandnot localiza-
tion. KumarandHebertintroducedCRFsfor low-level vi-
sion[16]. They infer pixel labelsfrom a loopy grid (andso
requireapproximationsfor inferenceand learning),while
we infer partlocationsona tree-structuredmodel.

Thereexist relatively few publishedresultsfor localiza-
tion of deformablemodels[6, 23]. Onenotableexception
is humanposeestimation.Most work involvestrackingin
video sequences,althoughapproachesfor poseestimation
in static imagesexist [14, 19, 21, 24]. The unconstrained
natureof the problemtypically requiressomelimiting as-
sumptionsuchas unclutteredbackgrounds,visible faces,
and/orvisibleskin regions.

3. Deformable Part Model

We usea partsandstructuremodelframework common
in the previously mentionedapproaches.Let us write the
locationof part i asl i = (x i ; yi ). We laterextendl i to en-
codepartorientationfor articulatedmodels.We denotethe
con�guration of a K partmodelasL = (l1 : : : lK ). Given
modelparameters� , thejoint probabilityof acon�guration
L in animageI m is

Pr(I m; L j�) = (1)

Y

( i;j )2 E

Pr(l i jl j )
KY

i =1

Pr(I m(l i )jl i )
Y

l 2 bg

Pr(I m(l jbg))

The�rst termcapturespartgeometry, while thesecondterm
modelsthe local imagepatchat eachpart. The last term
modelsthe imagepatchesin the background.We assume
thelocalprobabilityfunctionsaregaussian:

Pr(l i jl j ) = N (l i � l j ; � i ; � i ) (2)

Thegeometricmodelin Eq.2hasanintuitive interpretation
asa “spring” thatconnectspart i to part j . Thespringhas
a rest position of � i and a stiffnessencodedby � i . We
assumeE is a known tree(seeSec.4.2),andsoeachpart i
is connectedto oneparentj . Wewill oftenwrite therelative
locationof parti simply asr i = l i � l j .

Pr(I m(l i )jl i ) = N (I m(l i ); � i ; � i ): (3)

Theappearancemodelin Eq.3is de�nedwith afeaturevec-
tor I m(l i ) describingthe imagepatchcenteredat (x i ; yi ).
We can think of � i as an imagetemplatefor part i . We
describeour featurevector representationin Sec.6. Our
�nal model is de�ned by the parametersof eachgaussian
� = f � i ; � i ; � i ; � i ; � bg; � bgg.

Infer ence:In orderto usethemodelto localizeanobject
in an imageI m, we needthe posteriorover part locations
L :
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(4)

L M AP = argmaxL Pr(L jI m; �) (5)

L B ay es = E � [L ] =
X

L

L Pr(L jI m; �) (6)

We useE � [�] to denotean expectationwith respectto the
posteriorde�ned by model� . Givenanimage,onecanlo-
calizeanobjectby eithercomputing themaximuma poste-
riori estimate(L M AP ) or theaveragelocationwith respect
to theposterior(theBayesianestimateL B ay es). If E is tree,
both arecomputableby fastvariantsof dynamicprogram-
ming [7]. OnecanalsousetheMAP estimateasa detector
by thresholdingtheunnormalizedposterior.

Learning: Assumewe are given training imagesI mt

wherepart locationsL t have beenlabeled. (As a notation
convention,we usesubscriptsto denotepart numbersand
superscriptsto denoteimagenumbers).Theclassiccriteria
for learninga modelis to maximizethe joint likelihoodof
thelabeleddata

� M L = max
�

Y

t

Pr(I mt ; L t j�) (7)

= max
�; �

Y

t

Pr(L t j�; �) max
�; �

Y

t

Pr(I mt jL t ; � ; �)

(8)

In the literature, this is often called maximumlikelihood
(ML) learning. Sincethe likelihood factorsinto Eq. 1, it
suf�ces to �nd theML estimatesof theindividual gaussian
terms. This is doneby independentlycomputingsample
meansandvariances.For example,we set� i to betheav-
eragepositionof parti with respectto partj .

In someways,this independenceis unintuitive. Suppose
we learna very accurateappearancetemplate� i . This sug-
gestswe do not needa strongspatialprior � i (sincewe
can�nd thepartsimplyby matchingthetemplate� i ). This
inter-dependenceimplies� M L maynotbeoptimal.

What is wrong with � M L ? ConsiderFig.1. Themean
posein a collectionof labeledpeopleimagestendsto have
thearmslying alongsidethebody. This is because,onaver-
age,apersontendsto keeptheirarmsthere.However, such
a posemaynot beusefulfor localizingpeoplebecausethe
estimatedarmswill beconfusedwith thebody. We do not
wantthemostlikely pose,but rathertheposethatproduces
the bestestimateswhenusedfor inference. We arguethat
ML maybethewrongcriteriabecauseit is notdirectly tied
to inference.

The posteriorin Eq. 4 is the precisequantity usedfor
inference. We will show that learninga � which maxi-
mizesPr(L jI m; �) producesa model well-suitedfor lo-
calization. We call sucha model � C L becauseit maxi-
mizestheconditionallikelihoodof labelsgiventhe image.
Computing� C L is dif�cult becauseEq.4is notnormalized.
The implicit normalizationfactor is actuallya function of
all theparameters� . This meansthat,unlike ML learning,
we cannot� t eachparameterindependently. Our resulting
model, however, is equivalent to a tree-structuredCondi-
tional RandomField (CRF) [17]. We applystandardalgo-
rithmsfrom thatliteratureto learn� C L .

4. Maximizing the conditional lik elihood

Sinceareworking directly with Eq.4, it will be conve-
nient to simplify our appearancemodelby assumingboth
partsandthebackgroundhave thesamecovariance� bg. In
thatcasewecanwrite:

Pr(I m(l i )jl i )
Pr(I m(l i )jbg)

/ expw T
i � I m ( l i ) (9)

where
wi = � � 1

bg (� i � � bg): (10)

Givenasetof labeledposes~L t , let uswrite the(log) condi-
tional likelihood:

L (�) =
X

t

logPr( ~L t jI mt ; �) : (11)

We �nd the� C L thatmaximizesEq.11by gradientascent.
Decomposing� � 1

i = CT
i Ci , we calculatethe gradientas

follows:

dL
d� i

= CT
i Ci f

X

t

~r t
i �

X

t

E � [r t
i ]g (12)

dL
dCi

= Ci f
X

(~r t
i � � i )2 �

X

t

E � [(r t
i � � i )2]g (13)

dL
dwi

=
X

t

I mt (~l t
i ) �

X

t

E � [I mt (l t
i )] (14)

wherewe recall r i = l i � l j . Theseupdatesaresimilar to
thestandardequationsfoundin theCRFliterature.The�rst
summationin eachtermcomputes“empirical averages”of
our suf�cient statistics. The secondsummationcomputes
theexpectedstatisticsby averagingover theposteriorunder
the currentmodel � (Eq. 6). At the optimal setting� C L ,
thetwo termsareequal(thegradientis 0). This implies

X

t

~r t
i =

X

t

E � C L [r t
i ]: (15)



This capturesour initial intuition: we want a model � C L

that,whenusedto infer the locationof part i on a training
image,tendsto �nd thelabeledlocation~r i .

Optimization: We initialize our modelparameters� to
� M L , andthentake �x ed-sizegradientstepsuntil conver-
gence.CRFsareknown to beconvex, soweareguaranteed
to beat theglobaloptimumuponconvergence.In practice,
weencounterstability issueswhenCi is closeto 0 (sincewe
mustinvert it to get � i ). We follow this two-stepstrategy:
we �rst optimize � i ; wi while holding Ci �x ed at its ML
estimate,andthenoptimizeCi (holding � i ; wi �x ed) with
very small gradientsteps. We suspectmoresophisticated
second-ordermethods(commonin CRFoptimization[25])
shouldwork better.

Relationshipto EM: AlthoughEM optimizesaverydif-
ferentcriteria,algorithmicallyit is quitesimilar to our gra-
dient procedure. The expectedsuf�cient statisticsin the
above equationsare the exact samequantitiescomputed
when learning a part model with EM [8]. This implies
thatsystemswhich learnpartmodelsby EM canalsolearn
CRFs(with a simple extension). During the E step,one
computesexpectedsuf�cient statistics.Given training im-
ageswith labeledpart locations,onecanalsocomputeem-
pirical estimatesof thosestatistics. If the two areequiva-
lent, thelearnedmodelis alsoanoptimally trainedCRF. If
not,oneupdatesthemodel� by takinga gradientstepand
re-computestheexpectedstatistics.

4.1.Computing the expectedsuf�cient statistics

To computeexpectations(for either EM or a CRF up-
date),weneedto computeconditionalmarginalsPr (l i jI m)
and conditional pairwise marginals Pr (l i ; l j jI m) from
Eq. 4. If we assumea tree-structuredmodel,we cancom-
putethemexactly in O(N 2) with beliefpropagation,where
N = numberof part locations.However, sinceN � num-
ber of pixels, this is still too expensive. Most learningap-
proachessearchoverasmallsetof imagelocationsreturned
by a featuredetector. However, whentrainingadiscrimina-
tive model,we would like lots of datato avoid over-�tting.
We show we canusethe framework of Felzenszwalb and
Huttenlocher[7] to computethe expectationsover all part
locationsin sub-quadratictime. One can replaceall N 2

computationswith convolutions, which are O(N logN ).
Theseresultsalsoimply thatEM canbeperformedexhaus-
tively without requiringfeaturedetection(ashypothesized
in [9]).

To avoid numericalissues,we normalizeall messages
to sumto 1 asthey arecomputed.The setof “upstream”
messagesfrom parti to its parentj arecomputedas:

mi (l j ) /
X

l i

Pr(l i jl j )ai (l i ) (16)

ai (l i ) / expw T
i � I m ( l i )

Y

k2 k i dsi

mk (l i ) (17)

For l i = (x i ; yi ), we canrepresentmessagesas2D im-
ages.Theimageai is obtainedby multiplying togetherre-
sponseimagesfrom thechildrenof part i andfrom theap-
pearancemodel. BecausePr(l i jl j ) is a gaussian(Eq. 2),
we cancomputemessagemi by convolving the imageai

with a gaussianof covariance� i , andshifting theresultby
� i (see[6]). At the root r , the imagear is the true con-
ditional marginal Pr(l r jI m). Starting from the root, we
passmessagesdownstream(from part j to i ) to compute
theremainingmarginals. We alsosimultaneouslycompute
expectationsoverpairwisemarginals:

Pr(l i jI m) / ai (l i )
X

l j

Pr(l i jl j ) Pr( l j jI m) (18)

E � [r i ] =
X

l j

Pr(l j jI m)
X

l i

Pr(l i jl j )r i ai (l i ) (19)

E � [r 2
i ] =

X

l j

Pr(l j jI m)
X

l i

Pr(l i jl j )r 2
i ai (l i ) (20)

We computeEq. 18 by convolving Pr(l j jI m) with a
gaussiankernel. To computeEq. 19, note that the prod-
uct Pr(l i jl j )r i canbe written asa function of the relative
position f (l i � l j ). We computethe inner summationby
convolving ai with f , a weightedgaussiankernel. We av-
eragethe resultover Pr(l j jI m) to obtain the �nal expec-
tation. The samemethodappliesfor Eq. 19. Computing
E � [I m(l i )] is straightforwardoncewehavetheconditional
marginalPr(l i jI m).

4.2.Learning the tr eestructur e E

Given labeled data, we would like to �nd the tree
EC L thatmaximizestheconditionalPr(L jI m; �) . Known
methodsexist for �nding thetreeEM L thatmaximizesthe
joint Pr(I m; L j�) . One�ts aspringmodel(�; �) indepen-
dently to eachpossiblepair of partsby computingsample
estimates.One thencomputesthe spanningtree with the
mostrigid springs.Recallthatmodelparameterscannotbe
�t independentlyin a CRF. Hence�nding EC L is dif�cult;
in practice,we useEM L . However, whenrestrictingE to
be a stargraph,the optimal treeis ef�ciently computable.
For a K partmodelthereareK possiblestargraphs(each
part taking its turn astheroot). For eachgraph,we learna
CRFthatoptimizesPr(L jI m; �) , andthenselectthegraph
with thehighestprobability.
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Figure2. Given a single labeledexample(left), the ML pose is
just the labeledpose(center). Thevarianceestimatesarea user-
de�ned deformationparameter. This is equivalent to building a
deformablehorseexemplarfrom a single image. If we usethe
exemplarto re-estimatethe posein the image,the legs arecon-
fusedwith eachotherbecausethey arenearbyandlook similar. By
traininga posethatmaximizesPr( L jI m; �) , we learnanexem-
plar with legs thatarespreadapart(right ). Using this caricature
producesbetterresultson imagefrom which it wasbuilt.

5. Articulated Models

In this section,we outline theadditionsneededto learn
articulatedpeoplemodels.We modeleachbodypartasan
orientedrectangleof �x edsize.We �nd peopleat multiple
scalesby searchingover an imagepyramid. We parame-
terizeeachorientedrectangleby l i = [x i ; yi ; ui ; vi ] where
x i ; yi is thelocationof thetopendpoint,and(ui ; vi ) is unit
vectorthatpointsdown into thebody. Weupdateourshape
model(Eq.2) to:

Pr(l i jl j ) = N (t j (l i ); � i ; � i ); (21)

wheret j = representstherelativepartlocationl i with re-
spectto theorientedcoordinatesystemof partj . Thegaus-
siandistribution on unit vectorsis known asa Von Mises
distribution [26]. We assume� is a block diagonalmatrix
consistingof � xy and� uv . Recallweinitialize ourgradient
descentprocedurewith � M L . The ML estimateof � uv is
the renormalizedmeanof a setof given unit vectors. For
a Von Misesdistribution � uv is a sphericalgaussianwith
variance 1

2� . The ML estimatefor � is also readily com-
putedfrom labeledtraining data[26]. The gradientsteps
for � uv

i and� i areasfollows:

dL
d� uv

i
= � i f

X

t

�
~ut

i
~vt

i

�
�

X

t

E �

�
ut

i
vt

i

�
g (22)

dL
d� i

= � uv
i � f

X

t

�
~ut

i
~vt

i

�
�

X

t

E �

�
ut

i
vt

i

�
g(23)

After updating� uv
i by a gradientstep,we re-normalize

it to unit length. Intuitively, Eq.23 doesnot containany
squaredtermsbecausethesquareddifferencebetweentwo
unit vectorssimpli�es to their dot product[26]. We apply
thesametechniquesfrom Sec.4.1by using3D convolutions
to computetheexpectationsin sub-quadratictime.

Learning fr om one example: Consider the task of
learningdeformablemodelsfrom a singleexample. This

+10-1 0 +1-1+2-1 -1 +

bar

=

left edge right edge
Figure3. We de�ne the imagefeatureI m(l i ) for an articulated
part as the responseof an orientedbar detector. A standardbar
templatecanbewritten asthesummationof a left andright edge
template.Theresultingdetectorsuffersfrom many falsepositives,
sinceeithera strongleft or right edgewill triggera detection.A
betterstrategy is to requirebothedgestobestrong;sucharesponse
canbecreatedby computingtheminimumof theedgeresponses
asopposedto thesummation.

situationis encounteredin exemplar-basedapproachesfor
recognition.Suchapproachesseemto behighly successful
for objectrecognition[2]. Onecanview exemplarsasML
estimates�t to one example. The estimatedmeanis just
the sampleitself, while the varianceis a user-de�ned de-
formationparameter. Usingtheexemplar to re-estimatethe
posein thetrainingimagemight fail if thereareambiguous
partsor clutter(Fig 2). Intuitively, a goodexemplarshould
re-estimatethe poseit was constructedfrom. To do this,
we might needa caricature of theoriginal posethataccen-
tuatesdiscriminative characteristics.Fitting a poseto the
conditionallikelihoodpreciselyaccomplishesthis.

6. Appearancedescriptor I m(l i )

We usetwo differentappearancemodelsin our experi-
mentalresults;onefor 2D modelsandonefor articulated
models.

To facilitatecomparisonof our 2D modelswith [6], we
usean implementationof their part model. Here,a part is
representedby 50� 50pixel patch.To computeI m(l i ), we
�rst computeorientedcanny edgesandseparatethe result
into 4 orientationplanes.We dilateeachplanewith a mask
with a2.5pixel radius.To reducethesizeof thedescriptor,
webineachdilatedimageintoan11� 11gridusingsoftbin-
ning. The�nal descriptoris 11� 11� 4 = 484dimensional.
This implies that our appearanceweightswi arealso484
dimensional.Typically, onemight expectover-�tting when
trainingsuchahighdimensionalmodel.Weappearto avoid
this problembecauseof theexhaustive searchdescribedin
Sec4.1. We usethetrainingsetin [8] which contains400
images;this means we train wi with morethan10 million
imagepatches.

For our articulatedmodel,we setI m(l i ) to be a scalar
representingthe responseof a bar detector. One might
constructa bar �lter usinga Haar-like templateof a light
bar �anked by a dark background(Fig. 3). To ensurea
zero DC response,one would weight valuesin white by
2 and valuesin black by -1. We observe that a bar tem-
platecanbedecomposedinto a left andright edgetemplate
f bar = f l ef t + f r ig ht . Denotinganentireimagewith I m



andconvolutionby � , wewrite theresponseas

I m � f bar = I m � f l ef t + I m � f r ig ht :

In practice,using this templateresultsin many falsepos-
itivessinceeithera single left or right edgetriggersa re-
sponse.Wefoundtakingaminimumof a left andright edge
templateresultedin abetterresponsefunction:

min( I m � f l ef t ; I m � f r ig ht ): (24)

With judiciousbookkeeping,wecanusethesameedgetem-
platesto �nd darkbarson light backgrounds.We compute
the featureI m(l i ) at all imagelocationsby taking the log
of the responseimagein Eq.24. We explicitly searchover
15 orientationsfor each�x ed-sizelimb. To �nd objectsat
multiple scales,wesearchoveranimagepyramid.

7. Results

Experimentalresultsfor partlocalizationis scarcein the
community. We have performedlocalizationexperiments
on 3 standarddatasets,the Caltechmotorbikes [8], USC
people[19], andtheWeizmannhorseset[3]. Givenlabeled
training datafrom eachdataset,we build both maximum
likelihood � M L and conditional likelihood � C L models.
Welocalizepartsin atestimageby computingtheMAP es-
timateof partlocations.Weuseef�cient dynamicprogram-
ming techniquesthatcomputeL M AP in a few secondsper
image[7]. We make all of our modelstranslationinvariant
by setting� r oot to bevery large(we do not optimize� r oot

duringlearning).
Caltech motorbik es: The Caltechdatasetis known to

be relatively easyfor detection;we use it as benchmark
for localization. Crandallet al [6] demonstratequitegood
performanceon the motorbike setby ML training of star-
like models.We train a starmodelusingthesamelabeled
trainingdata(kindly providedby theauthors).Interestingly,
themeans� i andappearanceweightswi trainedby CL are
equivalentto theirML estimates.However, thecovariances
� i aremuchlarger(Fig.4). This resultsin localizationper-
formancethatsurpassesthestate-of-the-art(Table1). This
isbecausethepartmodelsaresostrongthatthey needonlya
little guidancefrom a spatialprior. Considertherearwheel
model:by itself, it is anextremelyaccuratedetectorbut for
the fact that it is confusedby the front wheel. It requires
only a weakspatialprior to resolve this ambiguity. This in-
terdependency betweenthespatialprior andthepartmodel
is lackingin theML framework,sincethemodelparameters
for eachare�t independently(Eq.8).

USCpeople:TheUSCpeopledatasetis challengingset
of 20 picturesof peoplein variousposes[19] (kindly pro-
vided to us by the authors). We split the datain half into
a training andtestingset. The ML andCL model learned
from thetrainingimages(andtheirmirror-�ipped versions)

ML Model

CL Model

Figure4. Learninga starmodel for the Caltechmotorbikes. On
the top is our implementationof the ML model learnedby [6]
(weassumediagonal� i andplot ellipsesat1 standarddeviation).
On thebottom, theCL modelhassigni�cantly larger � i . This is
becausethe part appearancemodelsareso strongthat only little
guidancefrom a spatialprior is needed.TheCL modelproduces
betterlocalizationsasshown Table1.

areshown in Fig.1. TheCL modellearnsa restposewhere
thearmsandlegslie awayfrom thebody. Thishelpsduring
localizationbecausethemodelwill tendto belessconfused
by edgesnearthebody. We show resultsfor the testsetin
Fig.5. Wequantitativelyevaluateresultsin Tab. 2. Thepose
recovery algorithmusedby LeeandCohenis initialized by
a facedetectorandis tunedto �nd skin pixels; henceit is
designedfor frontally facingpeoplewith uncoveredlimbs.
Our articulatedpartmodelfrom Sec.6 is quitegeneric(as
we useit to also�nd horses).We obtainerrorratesfor cer-
tainbodypartsthatarecomparableto [19] (seeTable2).

Weizmann horses: The Weizmannhorsedatasetis a
well-known collectionof imagesusedto evaluatesegmen-
tation.Wearenotawareof any resultspresentedfor partlo-
calization.Wehand-labeledthe�rst 40 imageswith ground
truth locations,and learnedan articulatedmodel from the
�rst 20 images.Weshow thelearnedmodelsandtestimage
resultsin Fig. 6. TheCL modelalmostalwayslocalizesthe
bodyandmostlegscorrectly, thoughit oftenhasdif�culties
with thehead.Theseresultsareimpressivegiventhevariety
in appearanceandposefor thisdataset.

7.1.Discussion

We speci�cally addresstherecognitiontaskof localiza-
tion. By focusingonthattask,wehavedevelopedanew cri-
teria for optimizingpart-basedmodels.Insteadof learning
a modelthatbestmatchessomelabeledposes,we learnthe
modelthatbestlocalizesthoseposes.Thissubtledifference
often leadsto very differentmodelsbecausethe objective
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Figure5. Findingpeoplein theUSCdataset.On thetop, we show poseslocalizedby � M L . On thebottom, we show poseslocalizedby
� C L . This datais quitechallenging.Many imagescontainotherpeoplein thebackground(A,C), limb-like clutter(C), andself-occlusion
(B,D). The CL modelperformsbetterthanthe ML modelbecauseit is lessconfusedby edgescloseto the body. An exceptionis (C),
wherethespread-eaglespatialprior (from Fig. 1) forcestheCL modelto snapontolimb-likeclutterin thebackground.In general,theCL
modeldoeswell at �nding thetorsoandlegs,but oftenmissesthearms.Weshow in Table2 thatwe localizetorsosandlegsjustaswell as
specializedapproachesthatexploit faceandskindetection[19].

Figure6.Wecanlocalizehorseswith ourarticulatedmodel.Onthetop, weshow poseslocalizedby � M L . Onthebottom, weshow poses
localizedby � C L . Looking at the learnedmodels(left), we seetheCL modellearnsa morespreadout restpose(similar to Fig 1). This
datasetis known to bechallengingbecauseof thevariationin appearanceandpose.OurCL modelconsistentlyachievesgoodlocalizations;
thebodyandmany of thelegsarealmostalwayscorrectly localized(althoughtheestimatesfor left/right limbs canbeincorrect).We look
atquantitative resultsin Table3.

is discriminative (ratherthangenerative) andthemodelpa-
rametersarejointly learned(ratherthanindependently).We
demonstratethesemodelson challengingdatasets,achiev-

ing or surpassingstate-of-the-artresults.
Acknowledgments: Thanksto David Crandall,Pedro

Felzenszwalb, and Mun Wai Lee for helpful discussions



LocalizationResultsfor CaltechMotorbikes
Rear Front Head Tail Seat Seat
wheel wheel light light Back Front

ML 4.19 3.22 13.97 11.58 13.17 9.46
CL 2.88 2.44 12.49 7.95 10.39 6.77

Table 1. To evaluate localization, we look at the (90% alpha-
trimmed)meaneuclideanerrorof eachpart,measuredwith respect
to acanonicalcarwidth of 200pixels(asin [6]). Ouraverageerror
acrossall partsfor theCL modelis 7.15.Thiscomparesfavorable
with the best-reportederror of 12.9 [6]. This signi�cant reduc-
tion seemsto stemfrom the looserspatialmodel learnedby the
conditionallikelihoodmodel.

LocalizationResultsfor USCPeople
Sho. Elbow Wrist Hip Knee Ankle

ML 21.2 21.4 38.3 11.2 15.3 21.5
CL 17.9 21.9 39.7 7.8 12.3 17.2

Table2. Our error ratesin (pixel) root meansquarederror for the
USCdataset.Our modelsstruggleto �nd arms,but theCL model
localizestorsosandlegsfairly well. Ourerrorratesfor thosebody
partsarecomparableto theaverageerrorof 14.9reportedin [19]
(error for individual body partswerenot given). Our resultsare
impressive given that [19] usesa facedetectoranda skin model.
Our partappearancemodelsarequitegeneric;we show they can
also be usedto �nd other articulatedobjectssuchas horsesin
Fig. 6.

LocalizationResultsfor Weizmannhorses
Nose Ear Sho. Knee Hoof Rear

ML 50.9 38.6 24.4 24.7 27.13 25.7
CL 45.9 34.2 19.1 19.8 22.72 20.0

Table3. Our error ratesin (pixel) root meansquarederror for the
Weizmanndataset.Thesearecomputedwith respecttoacanonical
horsewidth of 300pixels. Theaverageerrorfor theML modelis
27.9,while theCL modelis 23.1.Giventhevarietyin appearance
andposein the dataset,we do quite well at localizing the main
body andlegs. The headprovesdif�cult; we might do betterby
learninga speci�c headmodelratherthanusingour genericlimb
model.

abouttheirwork.
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