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Abstract

We presentan efcient methodfor learning part-based
objectclassmodels.Themodelsncludelocationand scale
relationsbetweerparts,aswell as part appeaance Mod-
elsare learntfromraw objectandbadkgroundimages,rep-
resentedis an unorderedsetof featuresextractedusingan
interestpointdetector Theobjectclassis genemtivelymod-
eledusinga simpleBayesiametworkwith a central hidden
nodecontaininglocationand scaleinformation,and nodes
describingobjectparts. Themodels parametes, however,
are optimizedto reducea lossfunctionwhich re ectstrain-
ing error, as in discriminativemethods. Speci cally, the
optimizationis done using a boosting-lite techniquewith
compleity linear in the numberof parts and the number
of featuies per image. This efciency allows our method
to learn relational modelswith many parts and featues,
and leadsto improved resultswhencompaed with other
methods Extensiveexperimentalresultsare describedus-
ing somecommonbent-mark datasetsand three setsof
newly collecteddata,showingtherelativeadvantaye of our
method.

1 Intr oduction

One of the important organization principles of ob-
ject recognitionis the categorizationof objectsinto object
classes. Humanslearnto categorize objectsinto classes
fromanearlyage ,andusuallybegin by learning‘basiccate-
gories”,suchasballsor chairg[14]. Cateyorizationis ahard
learningproblemdueto the large innerclassvariability of
objectclassesin additionto the “common” objectrecogni-
tion problemsof varying poseandillumination. Recently
therehasbeena growing interestin thetaskof objectclass
recognition[11, 10, 3, 2] which canbe de ned asfollows:
givenanimage determinavhethertheobjectof interestap-
pearsin theimage(andperhapsalsoprovide its location).

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

represenboth parts' appearancand invariantrelationsof
locationandscalebetweerthe parts.Part-basednodelsare
someavhatresistanto varioussourcef variability suchas
within-classvariance partialocclusiomandarticulation,and
they maybecorvenientfor indexingin amorecomplex sys-
tem.

Part-based approaches
to object class recognition
can be crudely divided into
two types: (1) 'generatve-
model-basedmethods(e.g.,
[11]) and(2) 'discriminatie-
model-free' methods (e.g.,
[2]). In the 'Generatve-
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
approachis 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 discriminatesobjectimagesfrom background
images. The main adwvantageof discriminative methodsis
thedirectminimizationof a classi cation-baseerrorfunc-
tion, which typically leadsto superiorclassi cationresults
[4]. Additionally sincethesemethodsaremodel-free they
areusuallycomputationallyef cient.

In our currentwork, we try to enjoy the bene ts of both
worlds: The modelingpower of the generatie approach,
with theaccurag andef ciency of discriminative optimiza-
tion. We presenta novel methodfor objectclassrecogni-
tion, basedbn discriminative optimizationof a simplegen-
eratve objectmodel. Speci cally, we usea compactstar
like Bayesiametwork asour generatie model,andextend
currentdiscriminative boostingtechniques$o enableparam-

Figure 1. Dogim-
age with our learnt
model dravn on top.
Eachcirclerepresenta
partin the model. The
parts relatve location
and scale are related
to one anotherthrough
a hiddencenter (better
viewedin color).



eteroptimizationof this model. This combinationprovides
somebene tswhich arenot availablein the purelygenera-
tive or discriminative frameworks. Thus,in the frameawvork

of generatre objectmodeling,our discriminative optimiza-
tion allows - for the rst time - ef cient learningfrom un-

segmentedmageswith compleity linearin P andN; , the
numberof modelpartsandthe numberof featuresperim-

agerespectiely. This is in sharpcontrastto the O(N[)

compleity of maximume-likelihoodestimation[11], which

remainsessentiallyexponentialeven whena starlik e rela-
tional modelis used[12]. It alsoimprovesthe behaior

of featureselectionduring learning. From the discrimina-
tive perspectie, a classi er basedon a generatie model
allows for the naturaltreatmenbf spatialrelationsbetween
modelparts,which arenot easilyincorporatednto current
discriminatve techniques.

In anearlierwork [1] we consideredliscriminatize op-
timizationvia boostingof a very simple generatre model,
in which partswere assumedo be independentand only
the partss appearancevas modeled(i.e without consider
ing ary relationsbetweenthe parts). Here we extend the
generatie model to include dependenciebetweenparts,
modelingboth parts' location and scale. The model, de-
scribedin Section2.2,includesa hiddenvariableto repre-
sentthe object's center andthe locationandscaleof each
partdependnly onthis hiddenvariable.Partsaretherefore
conditionallyindependengiventhe locationof the 'hidden
center'.In section3 we shav how to modify aboostinglike
algorithmin orderto learna modelin which partsareonly
conditionallyindependentf oneanother Unlike theboost-
ing techniqueusedin [1], which views boostingasgradient
descentin function space[8], the modi ed boostingpre-
sentecdhereis basedon a new simplerview of boostingas
gradientdescent.Our nal algorithmis a boostingexten-
sionwith someelementsrom traditional gradientdescent
techniques.

In orderto compareour algorithmto the previously sug-
gestedstate-of-the-argeneratire and discriminative meth-
ods,we usedthebenchmarldatasetsisedby both[11] (our
generatire competitor)and[2] (our discriminatve competi-
tor). Resultsareshavn in Sectiord, shaving theadwantage
of our algorithm over both competitors. Our algorithm's
performancébecomesompetitive evenwith a smallnum-
berof parts,atlow computationatosts.

To furthertestour method we collectedthreemorechal-
lengingdatasetgontainingimagesof chairs,dogsandhu-
mans,with matchingbackgroundsWe usedthesedatasets
totestthealgorithm's performancainderharderconditions:
high visual similarity betweenobjectandbackgroundand
large poseandscalevariability. We investigatedherelative
contribution of the appearancdpcationand scalecompo-
nentsof our model, and shaved the importanceof incor
poratingrelationsbetweenobjectparts. We experimented

with a genericinterestpoint detector{15], aswell aswith
a discriminative interestpoint detector{5], andour results
shav asmalladvantageor thelater.

2 A generative model

We represenaininputimageusingasetof local descrip-
tors obtainedfrom aninterestpoint detector Somedetails
regardingthis processare given in Section2.1. We then
de ne aclassi er over suchsetsof featuresusinga genera-
tive objectmodel. Themodelandtheresultingclassi erare
describedn Section®.2and2.3respectiely.

2.1 Feature extraction and representation

Ourfeatureextractionandrepresentatioschemeanostly
follows the schemeusedin [11, 1]. Initially, imageswere
rescaledto have uniform horizontallength of 200 pixels.
We experimentedvith two featuredetectors(1) Kadir and
Brady (KB) [15], and(2) GaoandVasconcellogGV) [5].
The KB detectoris a genericdetectorthat searchesor cir-
cular regionsof variousscalescorrespondingo the max-
ima of anentropy basedscorein scalespace.The GV de-
tectoris a discriminative salieny detectoy which searches
for featureghatpermitoptimal discriminationbetweerthe
objectclassandthe backgroundclass. Given a set of la-
beledimagesfrom two classesthe algorithm nds a set
of discriminatve lters basedon the principle of Maxi-
mal Marginal Diversity (MMD). It thenidenti es circular
salientregionsat variousscaleshy poolingtogetherthe re-
sponse®f thediscriminative lters.

Both detectorsproducean initial set of thousandsof
salientcandidatedor a typical image. We selecta subset
of Nt high scoringfeatureswith limited overlap(in our ex-
perimentsN; variedfrom 13to 228). Fig. 2(left) presents
a setof 75 featuresdetectedusingthe KB detector The
selectedegionsarerepresentedsingthe rst 15DCT co-
efcients (notincludingtheDC) of all 11subsamplef
the imagepatch. We concatenat® additionaldimensions
to the descriptorof eachpatch(or feature),corresponding
to its x andy imagecoordinatesndits scalerespectiely.

Eachimagel is thereforerepresentedby an unordered
setF (1) of 18-dimensionalvectors. Since our suggested
algorithm's runtimeis only linearin the numberof image
featureswe canrepreseneachimageusingalarge pool of
featurestypically in the orderof several hundredfeatures
perimage. Note that purely generatie methodstypically
useonly 20[11] or 40[12] features dueto theirhighlearn-
ing compleity.

1We thank DashanGao for makinghis codeavailableto us, andpro-
viding usefulfeedback.



Figure 2. Left: Outputof the KB interestpoint (or feature)
detector marked with greencircles. Right: a Bayesiannetwork

specifyingthe dependenciebetweenrthe hiddenvariablesC; ; Cs
andthe partsscalesandlocationsX lk ;XK fork = 1;:;P. The

partappearanceariablesX X areindependentandsothey do not
appeatin this network.

2.2 Model structure

We considera part-basednodel, whereeachpartin a
speci cimagel; correspond#o apatchfeaturefromF (1;).
Denotethe appearancepcation and scalecomponentf
eachvectorx 2 F(I) by xa;x; andxs respectiely (with
dimensiondl5,2,1), wherex = [Xa;X|; Xs]. We canassume
that the appearancef differentpartsare independentbut
this is obviously not the casewith the parts' scaleandlo-
cation. However, oncewe align the objectinstanceswith
respecto locationandscale,the assumptiorof partloca-
tion andscaleindependencbecomesgeasonableThuswe
introducea 3-dimensionalhiddenvariableC = (C;;Cs)
statingthelocationof the objectandits scale.Ourassump-
tion is that locationsand scalesof differentpartsare con-
ditionally independengiiventhe hiddenvariableC, andso
thejoint distribution decomposeaccordingto the graphin
right panelof Fig 2.

For a model with P parts, the joint probability of
fX*ge_, andC takestheform

p(fX gy iCi) = p(Ci)  p(XKC %)= (1)
k=1

p(XKi ©)p(XFiCi; Cs; F)pXKics: K
k=1

P(Cj)

We assumea uniform probability for C and Gaussiarcon-
ditional distributionfor X 5; X|; X s asfollows:

P(Xgia) = G(Xai & 2) )
. Xt C.
P(X[iCiCsi 1) = G(Fz—i I )
S
P(XgiCsi §) = G(log(Xg) log(Cs)j & §)

whereG(j; ) denotesthe Gaussiardensitywith mean
and covariancematrix . We index the model compo-

nentsa;l;s as 1; 2; 3 respectiely, and denotethe log of

theseprobabilitiesby LG (x; jC; j; ) forj = 1;2;3.

2.3 A modelbasedclassi er

Our input is not an orderedvector of parts,and so we
ideally shouldconsiderll the O(N{”) possiblefeaturevec-
tors that canbe composedrom the setF (1). In orderto
computethe likelihood P (I jM ), we should averageover
all thesevectorsandall the possiblevaluesof the hidden
variableC. We assumea uniform prior over the possible
orderedvectors,andapproximatehe averageasfollows

X

X
P(1jM) = Ko P(xkjc; )
C (xlux P)2F (1)P k=1
x'6x fori6j
X X Y
o P(<IC; )
C (xL;x P)2F(1)P k=1
K o max max P(xkjC; ©)
C (xL;zxP)2F(1)P -
= Komax max P (xjC; ¥) 3)

o X2F()

whereK g is aconstantln the rst approximationwe allow
vectorswith repeatingfeatureswhich werent allowed be-
fore. While not desirable this approximationis necessary
for thedecompositiorf themaximumoperatoachiezedin
thelastline. In the secondapproximatiorabove, the aver-
agesarereplacedwith the likelihoodof the bestvectorand
besthiddenC. We preferworking with the bestsinglevec-
tor sinceit uniquelyidenti es theparts theobjectslocation
andits scale.

The decompositiorof the maximumachieredis the key
to ef cient likelihoodcomputation.If we considem . pos-
sible valuesfor the hiddenvariableC, the maximumover
theN. Nf agumentsanbecomputedn O(N:N¢ P) op-
erationsusingthis decompositionHowever, the parameter
optimizationof sucha modelcannotbe doneby lik elihood
maximization:if featurerepetitionis allowed, the ML so-
lution will choosethe same(best)partP times. Maximum
likelihood learningthus cannotdecomposehe lik elihood
by allowing featurerepetition,andlearningremainsexpo-
nentialevenin a simplestarmodelassuggestedh [12].

The natural generatie classi er comparesthe LRT
statisticto aconstanthreshold , andit thereforerequiresa
backgorundnodelin additionto the objectmodel. Model-
ing a generalbackgrounds clearly dif cult, dueto the di-
versity of objectsandsceneghatdo not sharesimplecom-
monfeaturesWe henceapproximatehebackgroundik eli-
hoodby a constantOur LRT basectlassi er thusbecomes

f(l)=logP(IjM) logP(ljBG) ’ 4

X
= max  max logp(xjC; ¥)

c
wog X2F (D



3 Discriminati ve optimization

Givenasetof labeledmaged |;;y; giN:l , wewishto nd
aclassi erf (1) whichminimizesthe exponentialloss

L#f)= exp( vif (1:) (5)

i=1

This is the samelossminimizedby the the Adaboostalgo-
rithm [13]. In Section3.1we learna classi er of theform
(4) usinga variantof the boostingtechnique We shaw that
boostingcanbe naturally extendedto handleclassi ers of
thisform, despitehedependenciesetweerpartsdueto the
hiddenvariableC. In Section3.2we consideithe optimiza-
tion from amoregeneraliewpointof gradientdescentand
presenanalgorithm(seeAlgorithm 1) whichincludesser-
eralenhancement® the pureboostingtechnique.

3.1 Boosting

Boostingis acom@_gonmethodwhich learnsa classi er
of theformf (x) = = F_; Xhk(x) in a greedyfashion.
Several paperg[6, 8] have presentedoostingasa greedy
gradientdescentof someloss function. In particular the
work of [8] hasshavn thatthe Adaboostalgorithm[13] can
be regardedasa greedygradientdescenbf this lossin L2
functionspace.

We suggesasimplerwayto derive Adaboostpy consid-
eringthe Taylor expansionof the exp loss. In whatfollows
andthroughoutthis paper we usesuperscriptgo indicate
theboostingroundin which a quantityis measuredAt the
p'th boostinground, we wish to extendthe classi er f by
fP(x) = fP 1(x) + PhP(x). We rst assumehat P is
in nitesimally small, and considerwhich weakhypothesis
hP(X) is appropriateundersuchconditions. Since P is
small, we canapproximatg(5) usingthe rst orderTaylor
expansion.Thederivativeof L (f ) w.rt. Pis

() _ X

g7 exp( vif (xi))yihP(x;) (6)

We denotew; = exp( Vif (xi)), andderive the following
Taylor expansion

L(EP) L@EP Y P wP lyhP(x) 7

i=1

Assuming P > 0, the steepestdescentof L(f) is
inedfor some weak hypothesishP which maximizes
iN=1 wP lyihp(xi), andthis maximizationis the task of
theweaklearner After the determinatiorof hP(x), theco-
efcient P is determinedy the directoptimizationof the

loss (5). This canbe donein closedform only for weak

hypothesesvith therangeof f 1; 1g. In the generalcase
numericmethodsareemployed,suchasline search13].

In orderto derive asimilaralgorithmin ourcasewe cast
ourproposectlassi er (4) in anequialentform. Following
[1], we re-parameteriz¢he log-Gaussianso have a x ed
covariancedeterminantf 1 andmultiplicative coefcients.
This leadsto the following parametrizatiorof (4)

f(1) = max Khk(1;C) (8)
k=1
wherefor k = 1;::; P
K :( ki k. K
hk(1;C) = sz'nFa(>|<)j:1 PmLG(XjJC; S I C))

jfi=1; [>0j=123

In this parametrization ¥, which replacesthe scaleof
the covariancematrix, carrbe thoughtof asthe weight of
hypothesish®, while ;= f’:l j measuredhe relative
weightsof the appearancdpcationandscalecomponents.
In orderto allow tractablemaximizationover C, we dis-
cretizeit and consideronly a nite grid of locationsand
scaleswith N possiblevalues.

We cannow deriveagreedylossminimizationalgorithm
using(7) andthe subsequemiiscu§i0n.Denotethe accu-
mulatedlog-likelihoodlI(1;C) = = F_; *hk(l;C) and
C = argmaxlI(l;C). Thederivativeof L(f) w.r.t. ,is

c
now

du(f) _

g0 wiyihP(13;C;) (10)

i=1

andusingthe Taylor expansiornwe get

X
L(FP)y=L(FP Y P
i=1

wf yihP (16 P ) (1)

In analogywith the discussiorfollowing (7), the weak
learnershouldnow getasinputfw? *;C, 1giN:1 andtry

wP tyihP (1 C P .

This taskis not essentiallyharaérthenthe weaklearners
taskin regularboosting sinceit ‘assumesthatthevalueof
the hiddenvariableC is known andsetto its optimalvalue
accordingto the previous hypotheses.In the rst boost-
ing round,whenC * 1! is notreally de ned, we only train
theappearanceomponenof thehypothesisTherelational
component®f this partaresetto have low weightsandde-
faultvalues.

Choosing P afterthehypothesi$i’(l ; C) hasbeencho-
senis trickier thanin standardboosting. First, it is more

to maximizethescoreS(h?) =



computationallydemandingsincea changein the value of

P requiresto recomputehe maximumover C as part of
theclassi ersestimation.Anotherdifferencdiesin the ex-
istenceof thethresholdpbarameter in ourmodel.Insteadf
searchindor thevalueof P aloneweshouldsearctor the
bestupdateof both P and together However, in [1] we
shaw a closedform formulafor theoptimal . We thenuse
a gradientdesceniprocedureo optimize P, asshavn in
step2,30f Alg. 1. Sincethegradientof P in (10)depends
onfC; g, andfw;g\, , weiteratein step3 of Alg. 1 be-
tweengradientstepsjnferenceof f C; g, , andupdatesf
fwig\, . Thisloop mustbe precededy the computation
of themessageh(i; ¢) in step2.

3.2 Gradient descent

In [1] we consideredtwo types of weak learners:
selection-basednd gradient-based. A selection based
learnerconstructsa part hypothesedasedon 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-
dientbasedearnerlearnsa part hypothesisusing gradient
ascentdynamicson the scoreS(h). The weightsw? Yin
the scoreS(hP) do notdependon hP, andsoits derivative
with respecto the vectorof its parametersP is given by
theweightedsum

ds(he) _ X oy dhP(1i;C P )
d p - - Wi yl d P

i=1

(12)

The gradientdynamics,presentedn step1 of Alg. 1,
iterate betweengradientstepsin  and re-computatiorof
thebestpartsandtheir scores.

In boostingthe optimizationof anew partis donein two
sequentiakteps: Hypothesisparameters P are optimized,
thenthe mixturecoefcient P. However, in our casefeed-
backbetweenthesetwo optimizationsis plausible,sincea
changein P mayinducechangesn C for someimages
andcanthereforechangethe optimalhP(l ; C). Suchfeed-
back can be introducedby usinga more generalgradient
descentlgorithm, constructedy: 1) differentiatingL (f )
directlyinsteadof its Taylor approximationand?) iterating
smallgradientstepsonboth and P in asingleloop.

When one considerghe 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 dependon the
weightsf w’g, andhenceit is no longerconstantw.r.t. hP
and P. Exactgradientdescenthereforerequiresthe re-
computatiorof w; ateachgradientiteration,whichis quite
expensve computationally We have experimentedn the

Algorithm 1 Optimizationof partp
Input: F(li),yi .wi,C, i= 15N
l@i;¢) i=1;:;N,c=1;:;Ng

initialize weakhypothesisisinga selectiorlearner:

Choose = ; j; j =153, =0
Set[h(i; C; );x (i)] = max;argmaxg(x; C; )
X2F (I1)
R .
whereg(x; ¢) = P —LG(xjjc; 5 )
j=1 =)

Loopoverl;2; 3K iterations

1. Loopovera,bK iterations( optimization)

(a) Updateweakhypothesigparameters
2 Wiy 26
(b) Updatebestpartcandidategor all images

[h(i; Ci); x; 1= max;argmaxg(x; C; )
x2F (1)

= +

2. Computefor alli; ¢ h(i; c) = max) g(x; ¢

x2F (I

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

P
(@) Update : = + I wyh(i;C)
(b) Updatehiddencenterfor all images
[f °(17); C; 1 = max;argmaxll(i; ) + h (i; ¢
[

(c) Updatef (5) andtheweights 3

exp(f °(11)
fityj= 1
=%Iog§ —
exp( £0(17)

fa) =100
w; = exp( vif (1))

SetllP(i; ¢) = II(i; ¢) + h (i; €
Return ,w;, C; IIP(i;c) i=1;zN c= 1;:;N¢

continuum betweenthe 'boosting' and the 'gradient de-

scent' approachesising Algorithm 1, which enclosethe

'boosting' optimizationloopsof hP and P in athird feed-
backloop. Settingthe outerloop counterK ; to 1 we get
thebootingoptimizationstrateyy, while settingK ; to some
largevalueandK ; = 1,K3 = 1 we cangetexactgradient
descent.A good compleity and performancerade-of is

achieved with a versionwhich is rathercloseto boosting,
with the outerloop repeatedseveraltimes. Our nal opti-

mizationalgorithmis henceessentiallyepeatedsequential
callsof Algorithm 1 with sucha parametesetting.



Figure 3. Imagesrom theChairs,DogsandHumanglatasetandtheir correspondingpackgroundsObjectimagesappeaontheleft, background
imageson theright. In the secondrow, thetwo leftmostbackgroundmagesare of ‘easy animals'andnext aretwo 'hard animals'images.In the
third row, thetwo leftmostobjectimageshelongto the easieimagesubsetThenext two imagesareharddueto the persons scaleandpose.

4 Experimental results

Datasets For comparisorwith othermethodswve usedthe
Caltechdatasetg§11], which arepublicly available. These
datasetxontainrelatively small variancein scaleand lo-
cation,andthe backgroundmagesdo not containobjects
similar to the classobjects. In orderto testthe algorithm
underharderconditions,we compiled3 new datasetsith
matchingbackgrounds. Thesedatasetsontainimagesof
Chairs(800images)Dogs(500) andHumang(593).

In the Chairsand Dogs datasetsthe objectsare seen
roughly from the samepose,but include large inner class
variability, aswell assomevariability in locationandscale.
For the Chairsdatasetve compiledabackgroundlatasebf
Furniturewhich containedmagesof tables bedsandbook-
cases(200,200,100 imagesrespectrely). When possible
(for tablesand beds)imageswere alignedto a viewpoint
isomorphicto the viewpoint of the chairs. As background

for the Dogs dataset,we compiledtwo animal datasets:

'‘Easy Animals' contains500 imagesof animalsnot simi-
lar to Dogs;'Hard Animals' contains250imagesfrom the
'Easy Animals' dataset,and an additional 250 imagesof
four-leggedanimals(horsesgoats,etc.) in a poseisomor
phicto theDogs.

The Humansdatasetvasdesignedo includelarge vari-
ability in location, scaleand pose- eachpersonwas pho-
tographedstandingin 4 different scales(each1:5 times
larger thanits predecessorat variouslocationsand with
several articulatedposesof the handsand legs. For this
datasetwe createda backgrounddatasetof 593 images
which containthe sitesin which the Humansimageswere
taken. Fig. 3 shavs afew imagesfrom our datasets.

Algorithm parameters In the experimentsreportedbe-
low we constructednodelswith up to 60 partsusing Al-
gorithm 1 with control parameterof K; = 60;K, =

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

100, K3 = 4. Eachimagewasrepresentedising at most
N¢ = 200 features(KB detector)or Ny = 240 features
(GV detector). The hidden location centervalueswere
equallyspacediusingagrid of 6 6 locationsover theim-
age.Thehiddenscalecenterhada singlevalue,or 3 differ-
entvalueswith aratio of 0:63betweersuccessie scalesre-
sultingin atotalof N, = 36; 108valuesrespectiely. In our
experimentsve setthecovarianceof theappearancandlo-
cationmodelsto | becausave discoveredthatcovariance
matricesestimatiortendedo over t. Werandomlyselected
half of the imagesfrom eachdatasefor trainingandused
theremaininghalf for testing.

The learnt models Examplesf thelearntmodelscanbe
seenin Fig. 4. Most of thelearntpartshave clearsemantics
in termsof object's parts.For examplein thedogmodelwe
canclearlyidentify partsthatcorrespondo the head back,
legs (bothfront andback),andthehip. Thelocationmodels
aregross but clearlyuseful.In somecase$oththeappear
anceof partsandtheirmodeledocationsareexaggeratedo
enhancaliscriminative power.

Benchmark results In Tablel we compareour resultsto
thoseobtainedby a purely generatie approach11]® and
a purely discriminative one[2]* usingthe Caltechdataset.
Both methoddearnfrom anunorderedsetof featurespb-
tainedusinganinterestpoint detector Following [11], the
motorbikes,airplanesaandfacesdatasetsveretestedagainst
of ce backgroundimages,andthe Carsrear datasetwas
testedagainstroadbackgroundmages.To allow for aclear
comparisorwith [11], we usedtheir exacttrain andtestin-
dexesandthe samefeaturedetector(KB). Our resultswere

3Note that the resultsreportedin [11] (exceptfor the carsdatabase)
wereachieed usingmanuallyscale-normalize@nageswhile ourmethod
did notrely onary suchrescaling.

4In anunpublishednanuscriptthis approactwasreportedo give bet-
ter resultsusing segmentationbasedfeatures. We did not include these
resultssincewe wantedto comparethedifferentlearningalgorithmsusing
similar features.
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Figure 4. 5 partsfrom the dog andchair models. The top left draving shaws the spatialmodelsof the 5 parts. Eachpart's meanlocationis
surroundedy the 1 stdline. The cyan crossindicatesthe locationof the hidden'center'. The top right picturesshav dog/chairtestimageswith
themodelimplementatiorfound. All dogs/chairsveresuccessfullydenti®edexceptfor theoneontheright-bottomcorner Belov eachmodel,the
partss meanappearanceatchesareshavn. The lastthreerows presenthe 3 bestscoringimplementation®f theseparts,acrossall testimages.
Eachcolumnpresentghe implementation®f the part shavn above the column. The partshave clearsemantianeaning,andrepetitive locations.

Most otherpartsbehae similarly to theonesshown.

obtainedwithout modelingscale,sinceit did not improve
classi cationresultswhenusingthe KB detector This may
be partially explained by noting that the Caltechdatasets
containrelatively small variancein scale. Error ratesfor
ourmethodwerecomputedisingthethresholdearntby our
boostingalgorithm.Resultsarepresentedor modelswith 7
parts(thenumberof partsusedoby [11]) and50 parts.When
7 partsareused our resultsarecomparableo thoseof [11].
However, when50 partsareusedouralgorithmoutperforms
bothcompetitordn 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 9:8 111

Faces 9:5 6:3 3.6 6:5

Table 1. Testerrorratesover the Caltechdatasebf our method
using 7 and 50 partscomparedio a generatie model approach
[11] and a discriminatve model-freeboostingapproach2]. Al-
gorithm's parametersvereheld constanficrossall experiments.

The importance of usinglocation and scalemodels Ta-
ble 2 shavs a comparisonof the test resultswhen vary-
ing the model complexity. Speci cally we presentresults
whenusing only an appearancenodel, and when adding

locationandscalemodels.In this experimentwe usedfea-
turesextractedusingthe GV detector{5]. We canseethat
althoughthe appearancenodel producesvery reasonable
results,addingalocationmodelsigni cantly improvesper
formance.Theadditionalcontribution of the scalemodelis
only minor. Additionally, by comparingthe resultsof our
full blown model(A+L+S) to thosepresentedh Tablesl,3,
we canseethatthe GV detectomusuallyprovidessomeavhat
betterresultsthanthoseobtainusingthe KB detector

DataName | A A+L A+L+S
Motorbikes | 8:1 3.2 3:51
CarsRear 4.0 1.4 0.6
Airplanes 151 | 151 121
Faces 6:1 5:2 3.8
Chairs 16:3 | 10:8 10:9

Table 2. Errorsratesusingmodelsof varying compleity. (A)
Appearancanodelalone. (A+L) Appearanceand location mod-
els. (A+L+S) Appearance,locatioandscalemodels.Algorithm's
parametersvereheldconstanticrossall experiments.

Challenging datasets We used the Chairs and Dogs
datasetgo test the sensitvity of the algorithmto visual
similarity betweenobject and backgroundimages. We
trainedthe Chairsdatasetgainstthe Caltechof ce back-
grounddatasetandagainstthe furniture datasetdescribed



above. The Dogs datasetwas trained against3 different
backgroundslatasetsCaltechsof ce' background,Easy
Animals' and'Hard Animals'. Theresultsaresummarized
in Table3. As canbe seen,our algorithm works well in
casesvherethereare large differenceshetweenthe object
andbackgroundmages. However, it fails to discriminate,
for example,dogsfrom horses.

We usedtheHumandataseto testthealgorithm'ssensi-
tivity to variationsin scaleandobjectarticulations.In order
to obtainreasonableesultson this hard dataseive hadto
reducescalevariability to 2 scalesandrestrictthe variabil-
ity in poseto handgesture®nly - we denotethis dataseby
'Humansrestricted'(355images).

Data Background | TestError
Chairs Of®ce 2:23
Chairs Furniture 1553
Dogs Of®ce 8:61
Dogs EasyAnimals 19:0
Dogs Hard Animals 34:4
Humans Sites 34:3
Humansgest. | Sites 25:9

Table 3. Error ratesobtainedon our new datasetof Chairs,
DogsandHumans Resultswereobtainedusingthe KB detector

Large numbers of parts and features Whenhundreds
of featuresare usedper image, mary featureslie in the

backgroundf theimage,andlearninggoodpartsrequires
good 'feature selection' behaior. Fig. 5 presentserror
ratesas a function of partsand featuresnumber Signif-

icant performancegains are obtainedby scaling up this

guantitiesjndicatingthatthe algorithmis ableto nd good
part modelsevenin the presenceof large amountof clut-

ter features. This behaior shouldbe contrastedwith the
generatie learningof a similar modelin [12], wherein-

creasednumbersof parts and featuresdo not in general
leadto improvedperformancelntuitively, maximumlik eli-

hoodlearningchooseto modelfeatureswvhich arefrequent
in objectimages,evenif theseare simple clutter features
from the backgroundwhile discriminative learning natu-
rally tendto selectsonly discriminative parts.

5 Conclusion

We have presentedan object classrecognitionmethod,
basedndiscriminative boosting-orientedptimizationof a
simplerelationalgeneratie model. The methodcombines
thenaturaltreatmentf spatialpartrelations typicalto gen-
eratve classi ers, with the ef ciency and the featurese-
lectionquality of discriminative systems.Our experiments
shaw thatthemethodindeedenjoys thebene ts of geomet-
rical modelingon the one hand,andthe large numbersof
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Figure 5. Left: Errorrateasa function of the numberof parts

P

in the model on the Caltechdatasetdor Ny = 200. Right:

Error rate as a function of the numberof imagefeaturesN; on
Carsrear (easy)andAirplanes(Relatively hard) Caltechdatasets,
with P = 30. The X axisvariesbetweenl3 and228 featuresn
log scale.All resultsherewereobtainedusingthe KB detector

partsandfeatureson the other, andthatit comparegavor-
ably with recentpurely generatie or purely discriminatve
systems.
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