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Abstract

We presentan ef�cient methodfor learning part-based
objectclassmodels.Themodelsincludelocationandscale
relationsbetweenparts,aswell aspart appearance. Mod-
elsare learnt fromrawobjectandbackgroundimages,rep-
resentedasan unorderedsetof featuresextractedusingan
interestpointdetector. Theobjectclassis generativelymod-
eledusinga simpleBayesiannetworkwith a central hidden
nodecontaininglocationandscaleinformation,andnodes
describingobjectparts. Themodel's parameters,however,
areoptimizedto reducea lossfunctionwhich re�ectstrain-
ing error, as in discriminativemethods. Speci�cally, the
optimizationis doneusing a boosting-like techniquewith
complexity linear in the numberof parts and the number
of featuresper image. This ef�ciency allows our method
to learn relational modelswith manyparts and features,
and leadsto improved resultswhencompared with other
methods.Extensiveexperimentalresultsare described,us-
ing somecommonbench-mark datasetsand three setsof
newly collecteddata,showingtherelativeadvantageof our
method.

1 Intr oduction

One of the important organizationprinciples of ob-
ject recognitionis the categorizationof objectsinto object
classes. Humanslearn to categorize objectsinto classes
fromanearlyage,andusuallybeginby learning“basiccate-
gories”,suchasballsor chairs[14]. Categorizationis ahard
learningproblemdueto the large inner-classvariability of
objectclasses,in additionto the“common”objectrecogni-
tion problemsof varying poseandillumination. Recently,
therehasbeena growing interestin thetaskof objectclass
recognition[11, 10, 3, 2] which canbede�ned asfollows:
givenanimage,determinewhethertheobjectof interestap-
pearsin theimage(andperhapsalsoprovide its location).

Following previouswork [1, 11], in this paperwe repre-
sentan objectusinga part-basedmodel(seeFig. 1). Such
modelscancapturetheessenceof anobjectclass,sincethey

representboth parts' appearanceandinvariantrelationsof
locationandscalebetweentheparts.Part-basedmodelsare
somewhatresistantto varioussourcesof variability suchas
within-classvariance,partialocclusionandarticulation,and
they maybeconvenientfor indexing in amorecomplex sys-
tem.

Figure 1. Dog im-
age with our learnt
model drawn on top.
Eachcircle representsa
part in the model. The
parts relative location
and scale are related
to oneanotherthrough
a hiddencenter(better
viewedin color).

Part-based approaches
to object class recognition
can be crudely divided into
two types: (1) 'generative-
model-based'methods(e.g.,
[11]) and(2) 'discriminative-
model-free' methods (e.g.,
[2]). In the 'Generative-
model based' approach a
probabilistic model of the
object class is learnt by
likelihood maximization.
The likelihood ratio test is
usedto classifynew images.
The main advantageof this
approach is the ability to
model relations between
object parts. In addition, domain knowledge can be
incorporatedinto the model's structure and priors [9].
'Discriminative-model-free'methodsseeka classi�cation
rule which discriminatesobject imagesfrom background
images.The main advantageof discriminative methodsis
thedirectminimizationof aclassi�cation-basederrorfunc-
tion, which typically leadsto superiorclassi�cationresults
[4]. Additionally sincethesemethodsaremodel-free,they
areusuallycomputationallyef�cient.

In our currentwork, we try to enjoy thebene�tsof both
worlds: The modelingpower of the generative approach,
with theaccuracy andef�ciency of discriminativeoptimiza-
tion. We presenta novel methodfor objectclassrecogni-
tion, basedon discriminativeoptimizationof a simplegen-
erative objectmodel. Speci�cally, we usea compactstar-
like Bayesiannetwork asour generativemodel,andextend
currentdiscriminativeboostingtechniquesto enableparam-
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eteroptimizationof this model.This combinationprovides
somebene�tswhich arenot availablein thepurelygenera-
tive or discriminative frameworks. Thus,in theframework
of generativeobjectmodeling,ourdiscriminativeoptimiza-
tion allows - for the �rst time - ef�cient learningfrom un-
segmentedimages,with complexity linearin P andN f , the
numberof modelpartsandthenumberof featuresper im-
agerespectively. This is in sharpcontrastto the O(N P

f )
complexity of maximum-likelihoodestimation[11], which
remainsessentiallyexponentialevenwhena star-like rela-
tional model is used[12]. It also improves the behavior
of featureselectionduring learning. From the discrimina-
tive perspective, a classi�er basedon a generative model
allows for thenaturaltreatmentof spatialrelationsbetween
modelparts,which arenot easilyincorporatedinto current
discriminativetechniques.

In an earlierwork [1] we considereddiscriminative op-
timizationvia boostingof a very simplegenerative model,
in which partswereassumedto be independent,andonly
the parts's appearancewasmodeled(i.e without consider-
ing any relationsbetweenthe parts). Here we extend the
generative model to include dependenciesbetweenparts,
modelingboth parts' location and scale. The model, de-
scribedin Section2.2, includesa hiddenvariableto repre-
senttheobject's center, andthe locationandscaleof each
partdependonly onthishiddenvariable.Partsaretherefore
conditionallyindependentgiventhelocationof the'hidden
center'.In section3 weshow how to modify aboostinglike
algorithmin orderto learna modelin which partsareonly
conditionallyindependentof oneanother. Unliketheboost-
ing techniqueusedin [1], whichviewsboostingasgradient
descentin function space[8], the modi�ed boostingpre-
sentedhereis basedon a new simplerview of boostingas
gradientdescent.Our �nal algorithmis a boostingexten-
sion with someelementsfrom traditionalgradientdescent
techniques.

In orderto compareour algorithmto thepreviouslysug-
gestedstate-of-the-artgenerative anddiscriminative meth-
ods,weusedthebenchmarkdatasetsusedby both[11] (our
generativecompetitor)and[2] (ourdiscriminativecompeti-
tor). Resultsareshown in Section4, showing theadvantage
of our algorithm over both competitors. Our algorithm's
performancebecomescompetitive evenwith a small num-
berof parts,at low computationalcosts.

To furthertestourmethod,wecollectedthreemorechal-
lengingdatasetscontainingimagesof chairs,dogsandhu-
mans,with matchingbackgrounds.We usedthesedatasets
to testthealgorithm'sperformanceunderharderconditions:
high visualsimilarity betweenobjectandbackground,and
largeposeandscalevariability. We investigatedtherelative
contribution of the appearance,locationandscalecompo-
nentsof our model, andshowed the importanceof incor-
poratingrelationsbetweenobjectparts. We experimented

with a genericinterestpoint detector[15], aswell aswith
a discriminative interestpoint detector[5], andour results
show asmalladvantagefor thelater.

2 A generative model

We representaninput imageusingasetof localdescrip-
torsobtainedfrom an interestpoint detector. Somedetails
regardingthis processare given in Section2.1. We then
de�ne a classi�er oversuchsetsof featuresusinga genera-
tiveobjectmodel.Themodelandtheresultingclassi�erare
describedin Sections2.2and2.3respectively.

2.1 Featureextraction and representation

Our featureextractionandrepresentationschememostly
follows the schemeusedin [11, 1]. Initially, imageswere
rescaledto have uniform horizontal length of 200 pixels.
We experimentedwith two featuredetectors:(1) Kadir and
Brady(KB) [15], and(2) GaoandVasconcellos(GV) [5]1.
TheKB detectoris a genericdetectorthatsearchesfor cir-
cular regionsof variousscales,correspondingto the max-
ima of anentropy basedscorein scalespace.TheGV de-
tectoris a discriminative saliency detector, which searches
for featuresthatpermitoptimaldiscriminationbetweenthe
object classand the backgroundclass. Given a setof la-
beled imagesfrom two classes,the algorithm �nds a set
of discriminative �lters basedon the principle of Maxi-
mal Marginal Diversity (MMD). It then identi�es circular
salientregionsat variousscalesby poolingtogetherthere-
sponsesof thediscriminative�lters.

Both detectorsproducean initial set of thousandsof
salientcandidatesfor a typical image. We selecta subset
of N f highscoringfeatureswith limited overlap(in ourex-
periments,N f variedfrom 13 to 228). Fig. 2(left) presents
a set of 75 featuresdetectedusing the KB detector. The
selectedregionsarerepresentedusingthe�rst 15 DCT co-
ef�cients (not includingtheDC) of a11� 11subsampleof
the imagepatch. We concatenate3 additionaldimensions
to the descriptorof eachpatch(or feature),corresponding
to its x andy imagecoordinatesandits scalerespectively.

EachimageI is thereforerepresentedby an unordered
setF (I ) of 18-dimensionalvectors. Sinceour suggested
algorithm's runtimeis only linear in the numberof image
features,we canrepresenteachimageusinga largepool of
features,typically in the orderof several hundredfeatures
per image. Note that purely generative methodstypically
useonly 20[11] or 40[12] features, dueto theirhighlearn-
ing complexity.

1We thankDashanGaofor makinghis codeavailableto us, andpro-
viding usefulfeedback.
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Figure 2. Left: Output of the KB interestpoint (or feature)
detector, marked with greencircles. Right: a Bayesiannetwork
specifyingthe dependenciesbetweenthe hiddenvariablesC l ; Cs
andthe partsscalesandlocationsX k

l ; X k
s for k = 1; ::; P . The

partappearancevariablesX k
a areindependent,andsothey do not

appearin this network.

2.2 Model structur e

We considera part-basedmodel, whereeachpart in a
speci�c imageI i correspondsto apatchfeaturefrom F (I i ).
Denotethe appearance,locationandscalecomponentsof
eachvectorx 2 F (I ) by xa ; x l andxs respectively (with
dimensions15,2,1), wherex = [xa ; x l ; xs ]. Wecanassume
that the appearanceof differentpartsare independent,but
this is obviously not the casewith the parts' scaleandlo-
cation. However, oncewe align the object instanceswith
respectto locationandscale,the assumptionof part loca-
tion andscaleindependencebecomesreasonable.Thuswe
introducea 3-dimensionalhiddenvariableC = (Cl ; Cs)
statingthelocationof theobjectandits scale.Ourassump-
tion is that locationsandscalesof differentpartsarecon-
ditionally independentgiventhehiddenvariableC, andso
thejoint distribution decomposesaccordingto thegraphin
right panelof Fig 2.

For a model with P parts, the joint probability of
f X k g

p
k=1 andC takestheform

p(f Xk gP
k=1 ; Cj�) = p(Cj�)

PY

k=1

p(X k jC; � k ) = (1)

p(Cj�)
PY

k=1

p(X k
a j� k

a )p(X k
l jCl ; Cs ; � k

l )p(X k
s jCs ; � k

s )

We assumea uniform probability for C andGaussiancon-
ditionaldistribution for X a ; X l ; X s asfollows:

P(X k
a j� k

a ) = G(X k
a j� k

a ; � k
a ) (2)

P(X k
l jCl ; Cs; � k

l ) = G(
X k

l � Cl

Cs
j� k

l ; � k
l )

P(X k
s jCs; � k

s ) = G(log(X k
s ) � log(Cs)j� k

s ; � k
s )

whereG(�j �; �) denotesthe Gaussiandensitywith mean
� andcovariancematrix � . We index the model compo-
nentsa; l ; s as 1; 2; 3 respectively, and denotethe log of
theseprobabilitiesby LG(x j jC; � j ; � j ) for j = 1; 2; 3.

2.3 A modelbasedclassi�er

Our input is not an orderedvectorof parts,andso we
ideallyshouldconsiderall theO(N P

f ) possiblefeaturevec-
tors that canbe composedfrom the setF (I ). In order to
computethe likelihood P(I jM ), we shouldaverageover
all thesevectorsandall the possiblevaluesof the hidden
variableC. We assumea uniform prior over the possible
orderedvectors,andapproximatetheaverageasfollows

P(I jM ) = K 0

X

C

X

(x 1 ;::;x p )2 F ( I )P

x i 6= x j f or i 6= j

PY

k=1

P(xk jC; � k )

� K 0

X

C

X

(x 1 ;::;x p )2 F ( I )P

PY

k=1

P(xk jC; � k )

� K 0 max
C

max
(x 1 ;::;x p )2 F ( I )P

PY

k=1

P(xk jC; � k )

= K 0 max
C

PY

K =1

max
x 2 F ( I )

P(xjC; � k ) (3)

whereK 0 is aconstant.In the�rst approximationweallow
vectorswith repeatingfeatures,which weren't allowedbe-
fore. While not desirable,this approximationis necessary
for thedecompositionof themaximumoperatorachievedin
the last line. In thesecondapproximationabove, theaver-
agesarereplacedwith thelikelihoodof thebestvectorand
besthiddenC. We preferworking with thebestsinglevec-
tor sinceit uniquelyidenti�es theparts,theobject'slocation
andits scale.

Thedecompositionof themaximumachievedis thekey
to ef�cient likelihoodcomputation.If we considerN c pos-
sible valuesfor the hiddenvariableC, the maximumover
theNc � N P

f argumentscanbecomputedin O(NcN f P) op-
erationsusingthis decomposition.However, theparameter
optimizationof sucha modelcannotbedoneby likelihood
maximization: if featurerepetitionis allowed, the ML so-
lution will choosethesame(best)partP times.Maximum
likelihood learningthus cannotdecomposethe likelihood
by allowing featurerepetition,andlearningremainsexpo-
nentialevenin a simplestarmodelassuggestedin [12].

The natural generative classi�er comparesthe LRT
statisticto aconstantthreshold� , andit thereforerequiresa
backgorundmodelin additionto theobjectmodel.Model-
ing a generalbackgroundis clearlydif�cult, dueto thedi-
versityof objectsandscenesthatdo not sharesimplecom-
monfeatures.Wehenceapproximatethebackgroundlikeli-
hoodby a constant.OurLRT basedclassi�er thusbecomes

f (I ) = logP(I jM ) � logP(I jB G) � �
0

(4)

= max
C

PX

k=1

max
x 2 F ( I )

log p(xjC; � k ) � �
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3 Discriminati veoptimization

Givenasetof labeledimagesf I i ; yi g
N
i =1 , wewishto �nd

aclassi�er f (I ) whichminimizestheexponentialloss

L (f ) =
NX

i =1

exp(� yi f (I i )) (5)

This is thesamelossminimizedby thetheAdaboostalgo-
rithm [13]. In Section3.1 we learna classi�er of the form
(4) usinga variantof theboostingtechnique.We show that
boostingcanbe naturallyextendedto handleclassi�ersof
thisform,despitethedependenciesbetweenpartsdueto the
hiddenvariableC. In Section3.2weconsidertheoptimiza-
tion from amoregeneralviewpointof gradientdescent,and
presentanalgorithm(seeAlgorithm 1) which includessev-
eralenhancementsto thepureboostingtechnique.

3.1 Boosting

Boostingis a commonmethodwhich learnsa classi�er
of the form f (x) =

P p
k=1 � k hk (x) in a greedyfashion.

Several papers[6, 8] have presentedboostingasa greedy
gradientdescentof someloss function. In particular, the
work of [8] hasshown thattheAdaboostalgorithm[13] can
beregardedasa greedygradientdescentof this lossin L 2

functionspace.
Wesuggestasimplerwayto deriveAdaboost,by consid-

eringtheTaylor expansionof theexp loss. In whatfollows
andthroughoutthis paper, we usesuperscriptsto indicate
theboostingroundin which a quantityis measured.At the
p' th boostinground,we wish to extendthe classi�er f by
f p(x) = f p� 1(x) + � php(x). We �rst assumethat � p is
in�nitesimally small,andconsiderwhich weakhypothesis
hp(X ) is appropriateundersuchconditions. Since� p is
small, we canapproximate(5) usingthe �rst orderTaylor
expansion.Thederivativeof L (f ) w.r.t. � p is

dL(f )
d� p = �

NX

i =1

exp(� yi f (x i ))yi hp(x i ) (6)

We denotewi = exp(� yi f (x i )) , andderive the following
Taylorexpansion

L (f p) � L (f p� 1) � � p
NX

i =1

wp� 1
i yi hp(x i ) (7)

Assuming � p > 0, the steepestdescentof L (f ) is
gained for some weak hypothesishp which maximizesP N

i =1 wp� 1
i yi hp(x i ), andthis maximizationis the taskof

theweaklearner. After thedeterminationof hp(x), theco-
ef�cient � p is determinedby thedirectoptimizationof the
loss (5). This canbe donein closedform only for weak

hypotheseswith the rangeof f 1; � 1g. In thegeneralcase
numericmethodsareemployed,suchasline search[13].

In orderto deriveasimilaralgorithmin ourcase,wecast
ourproposedclassi�er (4) in anequivalentform. Following
[1], we re-parameterizethe log-Gaussiansto have a �x ed
covariancedeterminantof 1 andmultiplicativecoef�cients.
This leadsto thefollowing parametrizationof (4)

f (I ) = max
C

PX

k=1

� k hk (I ; C) � � (8)

wherefor k = 1; ::; P

hk (I ; C) = max
x 2 F ( I )

3X

j =1

� k
j

P 3
j =1 � k

j

LG(xk
j jc; � k

j ; � k
j ) (9)

j� k
j j = 1 ; � k

j > 0 j = 1; 2; 3

In this parametrization� k , which replacesthe scaleof
the covariancematrix, canbe thoughtof as the weight of
hypothesishk , while � i =

P 3
j =1 � j measuresthe relative

weightsof theappearance,locationandscalecomponents.
In order to allow tractablemaximizationover C, we dis-
cretizeit and consideronly a �nite grid of locationsand
scaleswith Nc possiblevalues.

Wecannow deriveagreedylossminimizationalgorithm
using(7) andthesubsequentdiscussion.Denotetheaccu-
mulatedlog-likelihoodl l (I ; C) =

P p
k=1 � k hk (I ; C) and

C � = argmax
C

l l (I ; C). Thederivativeof L (f ) w.r.t. � p is

now

dL(f )
d� p = �

NX

i =1

wi yi hp(I i ; C �
i ) (10)

andusingtheTaylor expansionwe get

L (f p) = L (f p� 1) � � p
NX

i =1

wp� 1
i yi hP (I i ; C � ;p� 1

i ) (11)

In analogywith the discussionfollowing (7), the weak

learnershouldnow getasinput f wp� 1
i ; C � ;p� 1

i g
N

i =1 andtry

to maximizethescoreS(hp) =
NP

i =1
wp� 1

i yi hP (I i ; C � ;p� 1
i ).

This task is not essentiallyharderthen the weak learner's
taskin regularboosting,sinceit 'assumes'thatthevalueof
thehiddenvariableC is known andsetto its optimalvalue
accordingto the previous hypotheses.In the �rst boost-
ing round,whenC � ;p� 1 is not really de�ned,we only train
theappearancecomponentof thehypothesis.Therelational
componentsof this partaresetto have low weightsandde-
fault values.

Choosing� p afterthehypothesishp(I ; C) hasbeencho-
senis trickier than in standardboosting. First, it is more
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computationallydemandingsincea changein thevalueof
� p requiresto recomputethe maximumover C aspart of
theclassi�ersestimation.Anotherdifferencelies in theex-
istenceof thethresholdparameter� in ourmodel.Insteadof
searchingfor thevalueof � p alone,weshouldsearchfor the
bestupdateof both � p and� together. However, in [1] we
show a closedform formulafor theoptimal� . We thenuse
a gradientdescentprocedureto optimize � p, asshown in
steps2,3of Alg. 1. Sincethegradientof � p in (10)depends
on f C �

i gN
i =1 andf wi gN

i =1 , we iteratein step3 of Alg. 1 be-
tweengradientsteps,inferenceof f C �

i gN
i =1 , andupdatesof

f wi gN
i =1 . This loop mustbe precededby the computation

of themessagesh(i; c) in step2.

3.2 Gradient descent

In [1] we consideredtwo types of weak learners:
selection-basedand gradient-based. A selection based
learnerconstructsa part hypothesesbasedon real image
features,and returnsthe part hypothesiswith the highest
scoreS(h). Suchweaklearnersarecommonlyusedin vi-
siontasks[2, 7]. However, in [1] suchweaklearnerswere
usually outperformedby gradientbasedlearners. A gra-
dient basedlearnerlearnsa part hypothesisusinggradient
ascentdynamicson the scoreS(h). The weightswp� 1

i in
thescoreS(hp) do not dependon hp, andso its derivative
with respectto the vectorof its parameters� p is given by
theweightedsum

dS(hp)
d� p =

NX

i =1

wp� 1
i yi

dhp(I i ; C � ;p� 1
i )

d� p (12)

The gradientdynamics,presentedin step1 of Alg. 1,
iteratebetweengradientstepsin � and re-computationof
thebestpartsandtheir scores.

In boostingtheoptimizationof anew partis donein two
sequentialsteps:Hypothesisparameters� p areoptimized,
thenthemixturecoef�cient � p. However, in our casefeed-
backbetweenthesetwo optimizationsis plausible,sincea
changein � p may inducechangesin C � for someimages
andcanthereforechangetheoptimalhp(I ; C). Suchfeed-
backcan be introducedby usinga more generalgradient
descentalgorithm,constructedby: 1) differentiatingL (f )
directly insteadof its Taylorapproximation,and2) iterating
smallgradientstepsonboth� and� p in asingleloop.

Whenoneconsidersthe updatestepsrequiredfor such
a gradientdescentalgorithm, the derivativesw.r.t � p and
� p are similar to the onesusedin (10), (12). The only
differenceis that now the gradientw.r.t � dependson the
weightsf wp

i g, andhenceit is no longerconstantw.r.t. hp

and � p. Exact gradientdescentthereforerequiresthe re-
computationof wi at eachgradientiteration,which is quite
expensive computationally. We have experimentedin the

Algorithm 1 Optimizationof partp
Input : F (I i ), yi , wi , C �

i i = 1; ::; N
l l (i; c) i = 1; ::; N , c = 1; ::; Nc

initialize weakhypothesisusinga selectionlearner:
Choose� = � j ; � j ; � j j = 1; ::; 3 ; � = 0
Set[h(i; C �

i ); x � (i )] = max; argmax
x 2 F ( I i )

g(x; C �
i )

whereg(x; c) =
3P

j =1

� jP 3
j =1 � j

LG(x j jc; � j ; � j )

Loopover1; 2; 3 K 1 iterations

1. Loopovera,bK 2 iterations(� optimization)

(a) Updateweakhypothesisparameters

� = � + �
P N

i =1 wi yi
dg(x �

i ;c �
i )

d�

(b) Updatebestpartcandidatesfor all images
[h(i; C �

i ); x �
i ] = max; argmax

x 2 F ( I i )
g(x; C �

i )

2. Computefor all i; c h(i; c) = max
x 2 F ( I i )

g(x; c)

3. Loopovera,b,cK 3 iterations(� optimization)

(a) Update� : � = � + �
P N

i =1 wi yi h(i; C �
i )

(b) Updatehiddencenterfor all images
[f 0(I i ); C �

i ] = max; argmax
c

l l (i; c) + �h (i; c)

(c) Updatef (I i ) andtheweights

� = 1
2 log

2

6
4

NP

f i : y i = � 1g
exp( f 0 ( I i ))

NP

f i : y i =1 g
exp( � f 0 ( I i ))

3

7
5

f (I i ) = f 0(I i ) � �
wi = exp(� yi f (I i ))

Setl lp(i; c) = l l (i; c) + �h (i; c)
Return� , wi , C �

i ,l lp(i; c) i = 1; ::N c = 1; ::; Nc

continuumbetweenthe 'boosting' and the 'gradient de-
scent' approachesusing Algorithm 1, which enclosethe
'boosting' optimizationloopsof hp and� p in a third feed-
back loop. Settingthe outer loop counterK 1 to 1 we get
thebootingoptimizationstrategy, while settingK 1 to some
largevalueandK 2 = 1,K 3 = 1 we cangetexactgradient
descent.A goodcomplexity andperformancetrade-off is
achieved with a versionwhich is rathercloseto boosting,
with the outerloop repeatedseveral times. Our �nal opti-
mizationalgorithmis henceessentiallyrepeated,sequential
callsof Algorithm 1 with sucha parametersetting.
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Figure 3. Imagesfrom theChairs,DogsandHumansdatasetsandtheircorrespondingbackgrounds.Objectimagesappearontheleft, background
imageson the right. In thesecondrow, thetwo leftmostbackgroundimagesareof 'easyanimals'andnext aretwo 'hard animals' images.In the
third row, thetwo leftmostobjectimagesbelongto theeasierimagesubset.Thenext two imagesareharddueto theperson's scaleandpose.

4 Experimental results

Datasets For comparisonwith othermethodsweusedthe
Caltechdatasets[11], which arepublicly available. These
datasetscontainrelatively small variancein scaleand lo-
cation,and the backgroundimagesdo not containobjects
similar to the classobjects. In order to test the algorithm
underharderconditions,we compiled3 new datasetswith
matchingbackgrounds.2 Thesedatasetscontainimagesof
Chairs(800images),Dogs(500) andHumans(593).

In the Chairsand Dogs datasets,the objectsare seen
roughly from the samepose,but include large inner class
variability, aswell assomevariability in locationandscale.
For theChairsdatasetwecompiledabackgrounddatasetof
Furniturewhichcontainedimagesof tables,bedsandbook-
cases(200,200,100 imagesrespectively). When possible
(for tablesandbeds)imageswere alignedto a viewpoint
isomorphicto the viewpoint of the chairs. As background
for the Dogs dataset,we compiled two animal datasets:
'Easy Animals' contains500 imagesof animalsnot simi-
lar to Dogs;'Hard Animals' contains250 imagesfrom the
'Easy Animals' dataset,and an additional250 imagesof
four-leggedanimals(horses,goats,etc.) in a poseisomor-
phic to theDogs.

TheHumansdatasetwasdesignedto includelargevari-
ability in location,scaleandpose- eachpersonwaspho-
tographedstandingin 4 different scales(each1:5 times
larger than its predecessor),at variouslocationsand with
several articulatedposesof the handsand legs. For this
datasetwe createda backgrounddatasetof 593 images
which containthesitesin which theHumansimageswere
taken.Fig. 3 showsa few imagesfrom ourdatasets.

Algorithm parameters In the experimentsreportedbe-
low we constructedmodelswith up to 60 partsusingAl-
gorithm 1 with control parametersof K 1 = 60; K 2 =

2The datasetsare available at http://www.cs.huji.ac.il/
˜aharonbh/ .

100; K 3 = 4. Eachimagewasrepresentedusingat most
N f = 200 features(KB detector)or N f = 240 features
(GV detector). The hidden location centervalueswere
equallyspacedusinga grid of 6 � 6 locationsover theim-
age.Thehiddenscalecenterhada singlevalue,or 3 differ-
entvalueswith aratioof 0:63betweensuccessivescales,re-
sultingin atotalof Nc = 36; 108valuesrespectively. In our
experimentswesetthecovarianceof theappearanceandlo-
cationmodelsto � I becausewe discoveredthatcovariance
matricesestimationtendedto over�t. Werandomlyselected
half of the imagesfrom eachdatasetfor trainingandused
theremaininghalf for testing.

The learnt models Examplesof thelearntmodelscanbe
seenin Fig. 4. Mostof thelearntpartshaveclearsemantics
in termsof object'sparts.For examplein thedogmodelwe
canclearlyidentify partsthatcorrespondto thehead,back,
legs(bothfront andback),andthehip. Thelocationmodels
aregross,but clearlyuseful.In somecasesboththeappear-
anceof partsandtheirmodeledlocationsareexaggeratedto
enhancediscriminativepower.

Benchmark results In Table1 we compareour resultsto
thoseobtainedby a purely generative approach[11]3 and
a purely discriminative one[2]4 usingthe Caltechdataset.
Both methodslearnfrom anunorderedsetof features,ob-
tainedusingan interestpoint detector. Following [11], the
motorbikes,airplanesandfacesdatasetsweretestedagainst
of�ce backgroundimages,and the Carsrear datasetwas
testedagainstroadbackgroundimages.To allow for aclear
comparisonwith [11], we usedtheir exacttrain andtestin-
dexesandthesamefeaturedetector(KB). Our resultswere

3Note that the resultsreportedin [11] (except for the carsdatabase)
wereachievedusingmanuallyscale-normalizedimages,while ourmethod
did not rely onany suchrescaling.

4In anunpublishedmanuscript,thisapproachwasreportedto give bet-
ter resultsusingsegmentationbasedfeatures. We did not include these
resultssincewewantedto comparethedifferentlearningalgorithmsusing
similar features.
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Figure 4. 5 partsfrom the dogandchair models. The top left drawing shows the spatialmodelsof the 5 parts. Eachpart's meanlocationis
surroundedby the1 std line. The cyancrossindicatesthe locationof thehidden'center'. The top right picturesshow dog/chairtestimageswith
themodelimplementationfound.All dogs/chairsweresuccessfullyidenti®edexceptfor theoneon theright-bottomcorner. Below eachmodel,the
parts's meanappearancepatchesareshown. The last threerows presentthe 3 bestscoringimplementationsof theseparts,acrossall testimages.
Eachcolumnpresentsthe implementationsof thepart shown above the column. The partshave clearsemanticmeaning,andrepetitive locations.
Mostotherpartsbehave similarly to theonesshown.

obtainedwithout modelingscale,sinceit did not improve
classi�cationresultswhenusingtheKB detector. Thismay
be partially explainedby noting that the Caltechdatasets
containrelatively small variancein scale. Error ratesfor
ourmethodwerecomputedusingthethresholdlearntby our
boostingalgorithm.Resultsarepresentedfor modelswith 7
parts(thenumberof partsusedby [11]) and50parts.When
7 partsareused,our resultsarecomparableto thoseof [11].
However, when50partsareusedouralgorithmoutperforms
bothcompetitorsin all but a singlecase.

Data Name Our model Our model Fergus Opelt
7 parts 50 parts et. al et. al

Motorbikes 7:8 4:9 7:5 7:8
CarsRear 1:2 0:6 9:7 �
Airplanes 8:6 6:7 9:8 11:1
Faces 9:5 6:3 3:6 6:5

Table 1. Testerrorratesover theCaltechdatasetof ourmethod
using 7 and 50 partscomparedto a generative model approach
[11] anda discriminative model-freeboostingapproach[2]. Al-
gorithm's parameterswereheldconstantacrossall experiments.

The importance of using location and scalemodels Ta-
ble 2 shows a comparisonof the test resultswhen vary-
ing the modelcomplexity. Speci�cally we presentresults
when using only an appearancemodel, and when adding

locationandscalemodels.In this experimentwe usedfea-
turesextractedusingtheGV detector[5]. We canseethat
althoughthe appearancemodel producesvery reasonable
results,addinga locationmodelsigni�cantly improvesper-
formance.Theadditionalcontributionof thescalemodelis
only minor. Additionally, by comparingthe resultsof our
full blown model(A+L+S) to thosepresentedin Tables1,3,
wecanseethattheGV detectorusuallyprovidessomewhat
betterresultsthanthoseobtainusingtheKB detector.

Data Name A A+L A+L+S
Motorbikes 8:1 3:2 3:51
CarsRear 4:0 1:4 0:6
Airplanes 15:1 15:1 12:1
Faces 6:1 5:2 3:8
Chairs 16:3 10:8 10:9

Table 2. Errorsratesusingmodelsof varyingcomplexity. (A)
Appearancemodelalone. (A+L) Appearanceand locationmod-
els. (A+L+S) Appearance,locationandscalemodels.Algorithm's
parameterswereheldconstantacrossall experiments.

Challenging datasets We used the Chairs and Dogs
datasetsto test the sensitivity of the algorithm to visual
similarity betweenobject and backgroundimages. We
trainedthe Chairsdatasetagainstthe Caltechof�ce back-
grounddataset,andagainstthe furniture datasetdescribed
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above. The Dogs datasetwas trainedagainst3 different
backgroundsdatasets:Caltechs'of �ce' background,'Easy
Animals' and'Hard Animals'. Theresultsaresummarized
in Table 3. As can be seen,our algorithm works well in
caseswheretherearelargedifferencesbetweentheobject
andbackgroundimages.However, it fails to discriminate,
for example,dogsfrom horses.

WeusedtheHumansdatasetto testthealgorithm'ssensi-
tivity to variationsin scaleandobjectarticulations.In order
to obtainreasonableresultson this harddatasetwe hadto
reducescalevariability to 2 scalesandrestrictthevariabil-
ity in poseto handgesturesonly - wedenotethisdatasetby
'Humansrestricted'(355images).

Data Background TestErr or
Chairs Of®ce 2:23
Chairs Furniture 15:53
Dogs Of®ce 8:61
Dogs EasyAnimals 19:0
Dogs HardAnimals 34:4
Humans Sites 34:3
Humansrest. Sites 25:9

Table 3. Error ratesobtainedon our new datasetsof Chairs,
DogsandHumans.ResultswereobtainedusingtheKB detector.

Lar ge numbers of parts and features When hundreds
of featuresare usedper image, many featureslie in the
backgroundof the image,andlearninggoodpartsrequires
good 'feature selection' behavior. Fig. 5 presentserror
ratesas a function of partsand featuresnumber. Signif-
icant performancegains are obtainedby scaling up this
quantities,indicatingthatthealgorithmis ableto �nd good
part modelseven in the presenceof large amountof clut-
ter features. This behavior shouldbe contrastedwith the
generative learningof a similar model in [12], wherein-
creasednumbersof parts and featuresdo not in general
leadto improvedperformance.Intuitively, maximumlikeli-
hoodlearningchooseto modelfeatureswhich arefrequent
in object images,even if thesearesimpleclutter features
from the background,while discriminative learningnatu-
rally tendto selectsonly discriminativeparts.

5 Conclusion

We have presentedan objectclassrecognitionmethod,
basedondiscriminativeboosting-orientedoptimizationof a
simplerelationalgenerative model. The methodcombines
thenaturaltreatmentof spatialpartrelations,typical to gen-
erative classi�ers, with the ef�ciency and the featurese-
lectionquality of discriminative systems.Our experiments
show thatthemethodindeedenjoys thebene�tsof geomet-
rical modelingon the onehand,andthe large numbersof
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Figure 5. Left: Error rateasa functionof thenumberof parts
P in the model on the Caltechdatasetsfor N f = 200. Right:
Error rate as a function of the numberof imagefeaturesN f on
Carsrear(easy)andAirplanes(Relatively hard)Caltechdatasets,
with P = 30. TheX axisvariesbetween13 and228 featuresin
log scale.All resultsherewereobtainedusingtheKB detector

partsandfeatureson theother, andthat it comparesfavor-
ably with recentpurelygenerative or purelydiscriminative
systems.
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