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Abstract

We presenta new methodfor training deformablemod-
els. Assumehat we havetraining images whete part lo-
cationshavebeenlabeled. Typically, one ts a modelby
maximizingthe likelihoodof the part labels. Alternatively
onecould t amodelsudthat,whenthemodelis runonthe
trainingimages,it nds theparts. We dothis by maximizing
the conditionallikelihoodof thetraining data.

We formulate model-learningas parameterestimation
in a condiional random eld (CRF). Initializing parame-
ters with their maximumiikelihoodestimateswe read the
global optimumby gradientascent.We presenta learning
algorithmthat seachesexhaustivelyover all partlocations
in animage withoutrelying on featule detectos. This pro-
videsmillions of examplesof training data, and seemgo
avoidovertting issuesknownwith CRFs.

Resultsfor part localization are relatively scarce in
the community We presentresultson three established
datasets;Caltedh motorbiles[8], USC people[19], and
Weizmannhorses[3]. In the Caltedh setwe signi cantly
outperformthe state-of-the-art{6]. For the challenging
people dataset, we presentresults that are compagble
to[19], but are obtainedusinga signi cantly more generic
model (devoid of a face or skin detector). Our modelis
generl enoughto nd other articulated objects; we use
it to recover posesof horsesin the challenging\Weizmann
database

1. Intr oduction

Deformablemodelshave a long-standinghistory in the
vision community beginning with pictorial structureq10]
anddeformabletemplateq11], andalsoincludetherecent
active appearancenodels[5] andconstellaion models[4].
Thesemodelsrepresentan objectas a collection of parts,
explicitly encodingboth the appearancef a part and its
spatialarrangement.

There have beennumerousapproacheghat use these
modelsfor detection They addressjuestionsof the form:
givenanimage,is therea motorbike or not? Surprisingly
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onecanobtainstate-of-the-artietectiorperformancéy ig-

noring spatial constraints(the so-called“bag of feature”
models). We believe this fact suggestghat: (1) shapeis

hardto learnwith currentmethodsand(2) oneshouldcon-
sidermoredif cult recognitiontaskssuchaslocalization:

whereis the motorbike, which way is it facing? Our work

focuseson methoddor learningandevaluatingdeformable
models giventhetaskof localization.

A naturalmethodof learninga deformablemodelis to
t the model to someobsered instances. This is often
formulatedas maximumlikelihood (ML). Given a collec-
tion of imageswherepartlocationshave beenlabeled,one
computessamplemeansandvariancegassuminggaussian
models).Evennon-probabilistiapproachesuchasexem-
plar matchingimplicitly do this; herethe meanis encoded
by theexemplar

An alternatve is to tune parameterso that the model
doeswell at a task (in our case,localizaton). Intuitively,
we want to tune parameterso that the model, when run
onatrainingimage,recoversthelabeledpartlocations.We
shaw thatby formulatingour modelasaconditionalrandom
eld (CRF),we naturallyoptimizethis criteria.

We demonstratehe resultingmodelson threedatasets;
Caltechmotorbikes[8], USC people[19], and Weizmann
horseq3]. The Caltechsetis known to be easyfor detec-
tion, but we useit to evaluatepart localization We sur
passthe best-reportedesultsin [6]. We presentan articu-
lated modelfor humanposeestimationthatis comparable
to [19] ontheir challengingsetof peopleimages.In con-
trastto [19], we usea genericarticulatednodeldevoid of a
facedetectoror skin model. To demonstratéts generality
we train it to localize deforminghorsesin the challenging
Weizmanndataset.

2. Related Work

Approachedor learningparts-basethodelscanloosely
be divided into generatie, semi-supervisedand discrimi-
native. Givenlabeledtraining data,generatie methoddol-
low the ML framework describedabore[5, 6,7,11,14,15,
20]. Alternatively, Weberetal. andFegusetal. useEM
to learnmodek from partially-labeleddata[8, 27]. Their
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Figure 1. Our appro@&h to modelbuilding. Assumewe are given a collectionof trainingimagesl m with labeledpartlocationsL (we

shav 2 imageson theleft). Classicapproachetearnthe model

thatmaximizesthejoint likelihoodPr(I m; Lj) . Assuminggaussian

models,onedoesthis by computingsamplemeansandvariancesWe shav the meanposein thetop middle. If we usethe modelto infer
the posein eachtrainingimage,we oftengetincorrectlocalizations;the arm getsconfusedwith the body (bottom middle). In this work,
we learnamodelthatis trainedto infer the correctposedn thetrainingimages.We do this by maximizingthe conditionalPr(Ljl m; ) .
We shaw the new learnedmeanposeon theright top. By pulling the armaway from the body, the resultingmodelinfers poseshatare

closerto thelabeledtraining set(bottom right).

approachrequiredknowing animagecontainsa motorbike,

but notwhereits partsarelocated.Althoughourwork here
learnsin a supervisedramawork, thereis a closeconnec-
tion betweerour CRFoptimizationandEM (welook atthis

in Sec4).

Discriminative trainingof deformablemodelsdateshack
to atleastdecisiontrees[1], convolutionalneuralnets[18],
andincluderecentapproachesuchas [12,13,22]. Inthese
casesmodelsareoptimizedfor detectionandnot localiza-
tion. KumarandHebertintroducedCRFsfor low-level vi-
sion[16]. They infer pixel labelsfrom aloopy grid (andso
require approximationgor inferenceand learning), while
we infer partlocationson atree-structurednodel.

Thereexist relatively few publishedresultsfor localiza-
tion of deformablemodels[6, 23]. Onenotableexception
is humanposeestimation.Most work involvestrackingin
video sequenceslthoughapproachegor poseestimation
in staticimagesexist [14, 19, 21, 24]. The unconstrained
natureof the problemtypically requiressomelimiting as-
sumptionsuch as unclutteredbackgroundsyisible faces,
and/orvisible skinregions.

3. Deformable Part Model

We usea partsandstructuremodelframevork common
in the previously mentionedapproachesLet us write the
locationof parti asl; = (x;;yi). We laterextendl; to en-
codepartorientationfor articulatedmodels.We denotethe
con gurationof aK partmodelasL = (I1:::lx). Given
modelparameters , thejoint probabilityof acon guration
L inanimagel m is

Pr(lm;Lj) = (1)
¥ Y
Pr(lijly) ~ Pr(tm(li)jli)  Pr(im(ljbg)

(i )2E i=1 12bg

The rst termcapturepartgeometrywhile theseconderm
modelsthe local image patchat eachpart. The lastterm
modelsthe imagepatchesn the background.We assume
thelocal probability functionsaregaussian:

Pr(lijli) = N(li - 1j; 45 ) 2

Thegeometriomodelin Eq.2hasanintuitive interpretation
asa“spring” thatconnectarti to partj. Thespringhas
arestpositionof ; anda stiffnessencodedby ;. We
assumet is aknown tree(seeSec.4.2),andsoeachparti

is connectedo oneparent . We will oftenwrite therelative
locationof parti simplyasr; = I; |;.

Pr(tm(li)jli) = N(Im(li); 5 i): ®)
Theappearancmodelin Eq.3is de ned with afeaturevec-
tor I m(l;) describingthe imagepatchcenteredat (x;; V).
We canthink of ; asanimagetemplatefor parti. We
describeour featurevector representatiorin Sec.6. Our
nal modelis de ned by the parameter®f eachgaussian

=f i 5 i i by bgO

Infer ence:In orderto usethemodelto localizeanobject
in animagel m, we needthe posteriorover partlocations
L:
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Lmap = amgmax F)’(r(LjI m; ) (5)

Leayes= E [L]= L Pr(Ljlm; ) (6)

L

We useE [] to denotean expectationwith respecto the
posteriorde ned by model . Givenanimage,onecanlo-
calizeanobjectby eithercomputng the maximuma poste-
riori estimatg(L v ap ) or the averagelocationwith respect
to theposterior(theBayesiarestimatd_g ayes). If E istree,
both are computableby fastvariantsof dynamicprogram-
ming [7]. Onecanalsousethe MAP estimateasa detector
by thresholdinghe unnormalizecposterior

Learning: Assumewe are given training imagesl m'
wherepartlocationsL! have beenlabeled. (As a notation
convention, we usesubscriptsto denotepart numbersand
superscript$o denoteimagenumbers).The classiccriteria
for learninga modelis to maximizethe joint likelihood of
thelabeleddata

ML = max  Pr(Im';L'j) )
Y
=max Pr(L'j; ) max Pr(Im'L%; ;)
' t ' t
(8)

In the literature, this is often called maximumlikelihood
(ML) learning. Sincethe likelihood factorsinto Eq. 1, it
sufces to nd the ML estimateof theindividual gaussian
terms. This is done by independentlycomputingsample
meansandvariances.For example,we set ; to betheav-
eragepositionof parti with respecto part;j .

In someways,thisindependencis unintuitive. Suppose
we learnavery accurateappearanceemplate ;. Thissug-
gestswe do not needa strongspatialprior ; (sincewe
can nd thepartsimply by matchingthetemplate ). This
inter-dependencanmplies | maynotbeoptimal.

What is wrongwith | ? ConsiderFig.1. Themean
posein a collectionof labeledpeopleimagestendsto have
thearmslying alongsidehebody Thisis becausepnaver
age,apersontendsto keeptheir armsthere.However, such
a posemay not be usefulfor localizing peoplebecausghe
estimatedarmswill be confusedwith the body We do not
wantthe mostlikely pose but ratherthe posethatproduces
the bestestimatesvhenusedfor inference We arguethat
ML maybethewrongcriteriabecausét is notdirectly tied
toinference.

The posteriorin Eq. 4 is the precisequantity usedfor
inference. We will shawv that learninga  which maxi-
mizesPr(Ljl m; ) producesa modelwell-suitedfor lo-
calization. We call sucha model ¢, becausat maxi-
mizesthe conditionallik elihoodof labelsgiventheimage.
Computing ¢ isdif cult becauséq.4is notnormalized.
The implicit normalizationfactoris actually a function of
all theparameters . This meanghat, unlike ML learning,
we cannot t eachparameteindependently Our resulting
model, however, is equivalentto a tree-structuredCondi-
tional RandomField (CRF)[17]. We apply standardalgo-
rithmsfrom thatliteratureto learn ¢ .

4. Maximizing the conditional lik elihood

Sinceare working directly with Eq.4, it will be corve-
nient to simplify our appearancenodelby assumingboth
partsandthe backgrounchave the samecovariance pg. In
thatcasewe canwrite:

Pr(I m(l;)jli) wT Im(;
Pramabg | P " ©)
where
Wi= (i b (10)

Givenasetof labeledposed™t, let uswrite the (log) condi-
tionallik elihood:
X
L() = logPr(Ctjimt; ) : (11)
t
We nd the ¢ thatmaximizesEq.11lby gradientascent.
Decomposing ; ! = CC;, we calculatethe gradientas
follows:

X
Leciet” H T E g (12)
I t t
. X X
G =of w0 El )Y ()
d.
G = 'm@ o E nmia) (14)

t t

wherewerecallr; = |;  |;. Theseupdatesaresimilar to
thestandardequationgoundin the CRFliterature.The rst
summationin eachterm computes'empirical averages’of
our sufcient statistics. The secondsummationcomputes
theexpectedstatisticdoy averagingoverthe posteriorunder

the currentmodel (Eg. 6). At the optimal setting ¢,
thetwo termsareequal(the gradientis 0). Thisimplies
X t X t
K= E Nk (15)

t t



This capturesour initial intuition: we wanta model ¢
that, whenusedto infer the locationof parti on atraining
image,tendsto nd thelabelediocationr .

Optimization: We initialize our modelparameters to
m L, andthentake x ed-sizegradientstepsuntil corver
gence.CRFsareknown to be convex, sowe areguaranteed
to beatthe globaloptimumuponcorvergence.In practice,
we encountestabilityissuesvhenC; is closeto 0 (sincewe
mustinvertit to get ;). We follow this two-stepstrateyy:
we rst optimize ;;w; while holding C; x edatits ML
estimateandthenoptimizeC; (holding i;w; x ed)with
very small gradientsteps. We suspectmore sophisticated
second-ordemethodgcommonin CRF optimization[25])
shouldwork better

Relationshipto EM: AlthoughEM optimizesaverydif-
ferentcriteria, algorithmicallyit is quite similar to our gra-
dient procedure. The expectedsufcient 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
computesxpectedsufcient statistics. Giventrainingim-
ageswith labeledpartlocations,onecanalsocomputeem-
pirical estimateof thosestatistics. If the two are equiva-
lent, the learnedmodelis alsoanoptimally trainedCRF If
not, oneupdateshemodel by takinga gradientstepand
re-computeshe expectedstatistics.

4.1.Computing the expectedsuf cient statistics

To computeexpectationgfor eitherEM or a CRF up-
date),we needio computeconditionalmaginalsPr (I;jI m)
and conditional pairwise mamginals Pr(l;;1;jl m) from
Eqg. 4. If we assumea tree-structureanodel,we cancom-
putethemexactlyin O(N ?) with belief propagtion,where
N = numberof partlocations. However, sinceN  num-
ber of pixels, this is still too expensve. Most learningap-
proachesearchoverasmallsetof imagelocationsreturned
by afeaturedetector However, whentrainingadiscrimina-
tive model,we would lik e lots of datato avoid over- tting.
We shav we canusethe framework of Felzenszwlb and
Huttenlochel7] to computethe expectationsover all part
locationsin sub-quadratidime. One can replaceall N ?
computationswith corvolutions, which are O(N logN ).
Theseresultsalsoimply thatEM canbe performedexhaus-
tively without requiringfeaturedetection(as hypothesized

in [9]).

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

X
mi(lj) / Pr(lijly)ai(li) (16)
li
a(l) 1 exph 'm0 me(l) (7
k2 kids;
Forli = (Xj;Vi), we canrepresenmessageas2D im-

ages.Theimagea; is obtainedby multiplying togetheme-
sponsdmagesfrom the childrenof parti andfrom the ap-
pearancenodel. BecausePr(l;jl;) is a gaussian(Eq. 2),
we cancomputemessagem; by convolving the imagea
with a gaussiarof covariance j, andshifting theresultby

i (see[6]). At therootr, theimagea, is the true con-
ditional maginal Pr(l;jl m). Startingfrom the root, we
passmessageslovnstream(from partj to i) to compute
the remainingmaiginals. We alsosimultaneouslycompute
expectationsver pairwisemaginals:

X
Pr(lijim) / ai(l)

Pr(lijl; ) Pr(l; jl m) (18)
Y X

E [ri]= Pr(ljjim)  Pr(jlj)riai(li) (19)
|j Ii
X

E [rf]= Pr(lijlm)  Pr(Ljlj)r2ai(li) (20)

I I

We computeEq. 18 by corvolving Pr(l;jl m) with a
gaussiankernel. To computeEq. 19, note that the prod-
uct Pr(l;jlj)r; canbe written asa function of the relative
positionf (I;  1;). We computethe inner summationby
convolving a with f , a weightedgaussiarkernel. We av-
eragethe resultover Pr(l; jl m) to obtainthe nal expec-
tation. The samemethodappliesfor Eqg. 19. Computing
E [I m(l;)] is straightforvardonce we have theconditional
mauginal Pr(l;jl m).

4.2.Learning the treestructure E

Given labeled data, we would like to nd the tree
Ec. thatmaximizesthe conditionalPr(Ljl m; ) . Known
methodsexist for nding thetreeEy, . thatmaximizesthe
jointPr(Im;Lj) .Onets aspringmodel(; ) indepen-
dently to eachpossiblepair of partsby computingsample
estimates. One then computesthe spanningtree with the
mostrigid springs.Recallthatmodelparametergsannotbe
t independentlyn a CRF. Hence nding Ec, is dif cult;
in practice,we useEy, . . However, whenrestrictingE to
be a stargraph,the optimal treeis ef ciently computable.
ForaK partmodelthereareK possiblestargraphs(each
parttakingits turn astheroot). For eachgraph,we learna
CRFthatoptimizesPr(Ljl m; ) , andthenselecthegraph
with the highestprobability.
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Figure 2. Given a single labeledexample (left), the ML pos is
justthe labeledpose(center). Thevarianceestimatesarea user
de ned deformationparameter This is equivalent to building a
deformablehorseexemplarfrom a single image. If we usethe
exemplarto re-estimatehe posein the image, the legs are con-
fusedwith eachotherbecausehey arenearbyandlook similar. By
training a posethat maximizesPr(Ljl m; ) , we learnan exem-
plar with legsthatarespreadapart(right). Usingthis caricature
producesetterresultsonimagefrom which it wasbuilt.

5. Articulated Models

In this section,we outline the additionsneededo learn
articulatedpeoplemodels. We modeleachbody partasan
orientedrectangleof x edsize.We nd peopleat multiple
scalesby searchingover animagepyramid. We parame-
terizeeachorientedrectangleby |; = [Xi;Vi; ui;Vi] where
Xi; Vi is thelocationof thetop endpointand(u;; v;) is unit
vectorthatpointsdown into the body. We updateour shape
model(Eq. 2) to:

Pr(lijli) = Nt (hi); &5 i); (21)

wheret; = representtherelative partlocationl; with re-
spectto the orientedcoordinatesystemof partj . Thegaus-
siandistribution on unit vectorsis known asa Von Mises
distribution [26]. We assume is a block diagonalmatrix
consistingpf ¥ and . Recallweinitialize ourgradient
descenprocedurewith . The ML estimateof Y is
the renormalizedmeanof a setof given unit vectors. For
a Von Misesdistribution Y is a sphericalgaussiarwith
variancezi. The ML estimatefor is alsoreadily com-
putedfrom labeledtraining data[26]. The gradientsteps
for ¥ and ; areasfollows:

dL X bt X ut

= f ! ! 22
qw A v 9 @2
dL w X ow X ut
— = Moof ! E ! 23
dl i V’t Vit g( )

After updating {V by a gradientstep,we re-normalize
it to unit length. Intuitively, Eq.23 doesnot containary
squaredermsbecausdhe squaredlifferencebetweenwo
unit vectorssimpli es to their dot product[26]. We apply
thesametechniquedrom Sec.4.1by using3D corvolutions
to computethe expectationsn sub-quadratitime.

Learning from one example: Considerthe task of
learningdeformablemodelsfrom a single example. This

bar left edge right edg:

Figure 3. We de ne the imagefeaturel m(l;) for an articulated
part asthe responseof an orientedbar detector A standardbar
templatecanbe written asthe summationof a left andright edge
template. Theresultingdetectorisuffersfrom many falsepositives,
sinceeither a strongleft or right edgewill triggera detection.A
betterstratgy is to requirebothedgego bestrong;sucharesponse
canbe createdby computingthe minimum of the edgeresponses
asopposedo thesummation.

situationis encounteredn exemplarbasedapproachesor
recognition.Suchapproacheseemto be highly successful
for objectrecognition[2]. Onecanview exemplarsasML
estimatest to one example. The estimatedmeanis just
the sampleitself, while the varianceis a userde ned de-
formationparameterUsingthe exemphrto re-estimatehe
posein thetrainingimagemightfail if thereareambiguous
partsor clutter (Fig 2). Intuitively, a goodexemplarshould
re-estimatethe poseit was constructedrom. To do this,
we might needa caricature of the original posethataccen-
tuatesdiscriminatve characteristics.Fitting a poseto the
conditionallik elihoodpreciselyaccomplisheshis.

6. Appearancedescriptor | m(l;)

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

To facilitatecomparisorof our 2D modelswith [6], we
useanimplementatiorof their part model. Here,a partis
representeddy 50 50 pixel patch.To computd m(l;), we
rst computeorientedcanry edgesand separatehe result
into 4 orientationplanes.We dilate eachplanewith a mask
with a 2.5 pixel radius.To reducethe sizeof thedescriptor
webin eachdilatedimageintoan11 11grid usingsoftbin-
ning. The nal descriptois11 11 4= 484dimensional.
This implies that our appearanceveightsw; are also484
dimensional . Typically, onemight expectover- tting when
trainingsuchahigh dimensionamodel.We appeato avoid
this problembecausef the exhaustie searchdescribedn
Sec4.1. We usethetraining setin [8] which contains400
images;this meais we train w; with morethan 10 million
imagepatches.

For our articulatedmodel, we setl m(l;) to be a scalar
representinghe responseof a bar detector One might
constructa bar lter usinga Haarlike templateof a light
bar anked by a dark background(Fig. 3). To ensurea
zero DC responsepne would weight valuesin white by
2 andvaluesin black by -1. We obsene that a bar tem-
platecanbedecomposethto aleft andright edgetemplate
foar = fleft + frignt. Denotingan entireimagewith | m



andcorvolutionby , we write theresponsas
Im fpar = 1M flere+Im frigne:

In practice,using this templateresultsin mary falsepos-
itives sinceeither a single left or right edgetriggersa re-
sponseWe foundtakinga minimumof aleft andright edge
templateresultedn abetterresponséunction:

min(Im fiere;Im frigne): (24)

With judiciousbookkeeping we canusethesamesdgetem-
platesto nd darkbarson light backgroundsWe compute
the featurel m(l;) atall imagelocationsby taking the log
of theresponseémagein Eq.24. We explicitly searchover
15 orientationsfor each x ed-sizelimb. To nd objectsat
multiple scaleswe searchover animagepyramid.

7.Results

Experimentatesultsfor partlocalizationis scarcen the
community We have performedlocalizationexperiments
on 3 standarddatasetsthe Caltechmotorbilkes [8], USC
people[19], andthe Weizmannrhorseset[3]. Givenlabeled
training datafrom eachdatasetwe build both maximum
likelihood y . andconditionallikelihood . models.
We localizepartsin atestimageby computingthe MAP es-
timateof partlocations.We useef cient dynamicprogram-
ming techniqueshatcomputel yy ap in afew secondgper
image[7]. We make all of our modelstranslationinvariant
by setting o0t to beverylarge (we do notoptimize ot
duringlearning).

Caltech motorbik es: The Caltechdatasefs known to
be relatively easyfor detection;we useit as benchmark
for localization Crandalletal [6] demonstratejuite good
performanceon the motorbike setby ML training of star
like models. We train a starmodelusingthe samelabeled
trainingdata(kindly providedby theauthors) Interestingly
themeans ; andappearanceveightsw; trainedby CL are
equivalentto their ML estimatesHowever, thecovariances

i aremuchlarger(Fig.4). Thisresultsin localizationper
formancethat surpassethe state-of-the-arTable1). This
is becaus¢hepartmodelsaresostrongthatthey needonly a
little guidancefrom a spatialprior. Considertherearwheel
model: by itself, it is anextremelyaccurataletectorbut for
the factthatit is confusedby the front wheel. It requires
only aweakspatialprior to resole this ambiguity Thisin-
terdependencbetweerthe spatialprior andthe partmodel
is lackingin theML framework, sincethemodelparameters
for eachare t independentlyEq.8).

USC people: TheUSCpeopledatasets challengingset
of 20 picturesof peoplein variousposeq19] (kindly pro-
vided to us by the authors). We split the datain half into
atraining andtestingset. The ML and CL modellearned
from thetrainingimages(andtheir mirror- ipped versions)

ML Model

3

CL Model

Figure 4. Learninga starmodelfor the Caltechmotorbiles. On
the top is our implementationof the ML model learnedby [6]
(we assumaliagonal ; andplot ellipsesat 1 standardleviation).
Onthe bottom, the CL modelhassigni cantly larger ;. Thisis
becausehe part appearancenodelsare so strongthat only little
guidancefrom a spatialprior is needed.The CL modelproduces
betterlocalizationsasshavn Tablel.

areshavn in Fig.1. The CL modellearnsarestposewhere
thearmsandlegslie avay from thebody This helpsduring
localizationbecausgéhe modelwill tendto belessconfused
by edgesnearthe body We shaw resultsfor the testsetin
Fig.5. We quantitatvely evaluateresultsn Tah 2. Thepose
recovery algorithmusedby LeeandCohenis initialized by
afacedetectorandis tunedto nd skin pixels; henceit is
designedor frontally facingpeoplewith uncoveredlimbs.
Our articulatedpart modelfrom Sec.6 is quite generic(as
we useit to also nd horses)We obtainerrorratesfor cer
tain body partsthatarecomparabldo [19] (seeTable2).

Weizmann horses: The Weizmannhorsedatasetis a
well-known collectionof imagesusedto evaluatesegmen-
tation. We arenotawareof ary resultspresentedor partlo-
calization.We hand-labeledhe rst 40imageswith ground
truth locations,and learnedan articulatedmodelfrom the
rst 20images.We shav thelearnedmodelsandtestimage
resultsin Fig. 6. The CL modelalmostalwayslocalizesthe
bodyandmostlegscorrectly thoughit oftenhasdif culties
with thehead.Theseresultsareimpressie giventhevariety
in appearancandposefor this dataset.

7.1.Discussion

We speci cally addresghe recognitiontaskof localiza-
tion. By focusingonthattask,we have developedanew cri-
teriafor optimizing part-basednodels. Insteadof learning
amodelthatbestmatchesomelabeledposeswe learnthe
modelthatbestlocalizesthoseposes.This subtledifference
often leadsto very different modelsbecauséghe objectve
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Figure5. Finding peoplein the USC datasetOn thetop, we shav posedocalizedby m . . Onthebottom, we shav posedocalizedby
cL - Thisdatais quite chdlenging. Many imagescontainotherpeoplein thebackgroundA,C), limb-like clutter (C), andself-occlusion
(B,D). The CL modelperformsbetterthanthe ML modelbecausat is lessconfusedby edgescloseto the body An exceptionis (C),
wherethe spread-eaglspatialprior (from Fig. 1) forcesthe CL modelto snapontolimb-lik e clutterin thebackgroundIn generalthe CL

modeldoeswell at nding thetorsoandlegs, but oftenmisseghearms.We shav in Table2 thatwe localizetorsosandlegsjustaswell as
specializedapproachethatexploit faceandskin detection19].

TR

Figure6. We canlocalizehorseswith our articulatednodel. Onthetop, we shav posedocalizedby v . . Onthebottom, we shav poses
localizedby ¢ . Looking atthelearnedmodels(left), we seethe CL modellearnsa morespreadout restpose(similarto Fig 1). This

datasets known to bechallengingbecausef thevariationin appearancandpose.Our CL modelconsistentlyachievesgoodlocalizations;
thebodyandmary of thelegsarealmostalwayscorredly localized(althoughthe estimatedor left/right limbs canbeincorrect).We look

at quantitatve resultsin Table3.

is discriminative (ratherthangeneratie) andthe modelpa- ing or surpassingtate-of-the-antesults.
rametersrejointly learnedratherthanindependently)We Acknowledgments: Thanksto David Crandall,Pedro
demonstratéhesemodelson challengingdatasetsachiev- Felzenszwlb, 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 | 288 | 244 | 12.49| 7.95 | 10.39| 6.77
Table 1. To evaluatelocalization, we look at the (90% alpha-

trimmed)meareuclidearerrorof eachpart,measureavith respect
to acanonicakarwidth of 200pixels(asin [6]). Ouraverageerror

acrossall partsfor the CL modelis 7.15. This comparegavorable

with the best-reportecerror of 12.9[6]. This signi cant reduc-

tion seemgo stemfrom the looserspatialmodellearnedby the

conditionallikelihoodmodel.

LocalizationResultsfor USCPeople

Sho. | Elbow | Wrist | Hip | Knee | Ankle
ML | 21.2| 214 | 383 | 11.2| 153 | 215
CL |179| 219 | 39.7 | 78 | 123 | 17.2

Table?2. Our errorratesin (pixel) root meansquarecerrorfor the
USCdatasetOur modelsstruggleto nd arms,but the CL model
localizestorsosandlegsfairly well. Ourerrorratesfor thosebody
partsarecomparableo the averageerror of 14.9reportedin [19]
(error for individual body partswere not given). Our resultsare
impressve giventhat[19] usesa facedetectoranda skin model.
Our partappearancenodelsare quite generic;we shav they can
alsobe usedto nd other articulatedobjectssuch as 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 | 459 | 34.2| 19.1| 19.8 | 22.72| 20.0

Table3. Our errorratesin (pixel) root meansquarecerrorfor the
WeizmanrdatasetThesearecomputedvith respecto acanonical
horsewidth of 300 pixels. The averageerrorfor the ML modelis
27.9,while the CL modelis 23.1.Giventhevarietyin appearance
and posein the datasetwe do quite well at localizing the main
body andlegs. The headprovesdif cult; we might do betterby
learninga speci ¢ headmodelratherthanusingour genericlimb
model.

abouttheirwork.

References

[1] Y. Amit, D. GemanandK. Wilder. Jointinductionof shape
featuresandtree classi ers. |IEEE T. Pattern Analysisand
MachineIntelligence 19(11):1300-13051997.

[2] A. C.Bem, T. L. Berg, andJ. Malik. Shapematchingand
objectrecognitionusinglow distortion correspondenceln
CVPR 2005.

[3] E.BorensteirandS. Ullman. Class-speci ctop-davn seg-
mentation.ln ECCV, 2002.

[4] M. Burl, M.Weber andP. Perona.A probabilisticapproach
to objectrecognitionusinglocal photometryandglobal ge-
ometry In ECCV, page$28-641,1998.

[5] T. Cootes,G. Edwards,and C. Taylor. Active appearance
models.In EuropeanConfeenceon ComputeiVision, 1998.

[6] D. Crandall,P. Felzenszwlb, andD. Huttenlocher Spatial

priorsfor part-basedecognitionusingstatisticalmodels.In
CVPR 2005.

[7] P. F. Felzenszwlb andD. P. Huttenlocher Pictorial struc-
turesfor objectrecognition. Int. J. ComputenMision, 61(1),
January2005.

[8] R.Femus,P. PeronaandA. Zisserman.Objectclassrecog-
nition by unsupervisedcale-ivariantlearning. In CVPR
2003.

[9] R.Femus,P. PeronaandA. ZissermanA sparsebjectcate-
gory modelfor ef cient learningandexhaustve recognition.
In CVPR 2005.

[10] M. A. FischlerandR. A. Elschlager Therepresentatioand
matchingof pictorial structures|EEE Transaction®n Com-
puter, 1(22):67-92,Januaryl 973.

[11] U. GrenanderY. Chow, andD. Keenan.Hands: a pattern
theoretic studyof biological shapes SpringerVerlag,1991.

[12] A. B. Hillel, T. Hertz,andD. Weinshall. Ef cient learning
of relationalobjectclassmodels.In ICCV, 2005.

[13] A. Holub andP. Perona. A discriminatve framework for
modellingobjectclassesin CVPR 2005.

[14] S. loffe andD. Forsyth. Probabilisticmethodsfor nding
people.Int. J. ComputeMsion, 2001.

[15] M. Kumar, P. Torr, and A. Zisserman. Extendingpictorial
structuredor objectrecognition.In BMVC, 2004.

[16] S.KumarandM. Hebert. Discriminative random elds: A
discriminatie framework for contectual interactionin clas-
si cation. In ICCV, 2003.

[17] J. Lafferty, A. McCallum,andF. Pereira. Conditionalran-
dom elds: Probabilisticmodelsfor sgmentingandlabeling
sequencelata.In ICML, 2001.

[18] Y. LeCunand Y. Bengio. Patternrecognitionand neural
networks. In M. A. Arbib, editor, The Handbookof Brain
Theoryand Neural Networks MIT PressCambridge MA,
1995.

[19] M. Leeandl. Cohen.Proposaimapsdriven mcmcfor esti-
matinghumanbody posein staticimages.In CVPR 2004.

[20] T.Leung,M. Burl, andP. Perona.Findingfacesin cluttered
scenesisingrandomlabelledgraphmatching. In Int. Cont
on ComputeMision, 1995.

[21] G.Mori, X. Ren,A. Efros,andJ. Malik. Recoseringhuman
body con gurations: Combiningsegmentatiorandrecogni-
tion. In CVPR 2004.

[22] A. Quattoni,M. Collins,andT. Darrell. Conditionalrandom
elds for objectrecognition.In NIPS 2004.

[23] D. RamananD. Forsyth, and K. Barnard. Detecting,lo-
calizing, andrecovering kinematicsof texturedanimals. In
CVPR June2005.

[24] X. Ren,A. C. Berg, andJ. Malik. Recoreringhumanbody
con gurationsusing pairwiseconstraintsoetweenparts. In
ICCV, 2005.

[25] F. ShaandF. Pereira.Shallov parsingwith conditionalran-
domfeilds. In HLT/NAACL, 2003.

[26] H. ShatkayandL. P. Kaelbling. Headingin theright direc-
tion. In ICML, 1998.

[27] M. Webe, M. Welling, andP. PeronalUnsupervisedearning
of modelsfor recognition. In ECCV(1), pagesl8-32,2000.



