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Abstract

A real-worldobjectcategory canbeviewedasa charac-
teristic con guration of its parts, that are themselvesim-
pler, smaller (sub)catgories. Reca@nition of a category
can therefore be madeeasierby detectingits constituent
subcatgoriesand combingthesedetectionresults. Given
a setof training images, ead labeledby an object cate-
gory containedin it, we presentan appmad to learning:
(1) Taxonomyde ned by recursivesharingof subcatgories
by multipleimage categories; (2) Subcatgoryrelevanceas
the degree of evidencea subcatgory offers for the pres-
enceof its parent; (3) Likelihoodthat theimage containsa
subcatgory; and (4) Prior thata subcatgory occurs. The
imagesare represente@spointsin a featuie spacespanned
by con dencesdn the occurrencesof the subcatgories. The
subcatgoryrelevancesare estimatedasweightsnecessary
to rescalethe correspondingaxesof the featuie spaceso
thattheimageswith the sameabel are closerto eat other
thanto thosewith differentlabels.Whena new image is en-
counteed, the learned taxonomy relevances likelihoods,
and priors are usedby a linear classi er to categorizethe
image. On the challenging Calteth-256 dataset,the pro-
posedapproach signi cantly outperformsthe bestcatego-
rizationsreported. This resultis signi cant in that it not
only demonstatesthe advantayesof exploiting subcatgory
taxonomyfor recagnition, but also suggeststhat a featue
spacespannedoy part properties,insteadof direct object
properties allowsfor linear sepaation of image classes.

1. Intr oduction

Supposean imagecontainsobjectsbelongingto multi-
ple categories. The imageis labeledby one of thesecat-
egory names. Given a setof images,containingrepeated
occurrence®f eachlabel, this paperis aimedat estimat-
ing the modelsof the catayory correspondindgo eachlabel.
By nding thesubimagesharedy theimagescarryingthe
samelabel, and contrastingthem with the remainingim-
ages.carryingotherlabels,we wish to identify the subim-
agesoccupiedby the catggory and obtainanimagemodel
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for the category. The nal resultis amodelfor eachof the
labelcatggorieswhichis well representeth theimageset.

Our approachfollows from the well recognizedhotion
thatobjectsconsistof parts. Theintrinsic natureof theparts
andtheir spatialcon gurationsde ne the categgory model.
Thesepartsthemselesde ne their own objectcateyories.
Thus,larger categyories,in general arehierarchicalcon g-
urationsof smallerand simpler cateyories. In the sequel,
we referto the constituentateyoriesalsoassubcatgories.
A catggory model capturesthe obsened variationsin the
catgyory instances. Thesevariationsare due to their nat-
ural diversity, as well as differencesin imaging parame-
ters, e.g., illumination, viewing direction, cameracharac-
teristics,andocclusion. The larger the extent of an object,
themorediverseis therangeof sucheffects,andmorecom-
plex the model. Therefore recognitionof the (smallerand
simpler)objectpartsis morereliablethantherecognitionof
theentireobject. This makesrecognitionof acateyoryfrom
its subcatgory detectionsanef cient stratgy, but requires
thatthesedetectionsareef ciently combined.

The approachof combining part detectionsfor object
recognitionhasbeenpursuedn [10, 2]. They build a tax-
onomyof catgyoriesfoundin animageset. The taxonomy
is representety a directedacyclic graph(DAG) in which
eachcategory nodeis connectedo all thoserepresenting
its subcatgories. The taxonomyencodessharingof (sim-
pler, smaller)subcatgoriesby multiple,morecomple cat-
egories(e.g.,"buses”and“cars” shareg'wheels”). Theshar
ing of a subcatgory resultsin a nodebeing connectedo
multiple parentnodes. Recognitionof the category of an
imagewith unknown label is achieved by maximizingits
matchwith the taxonomy i.e., with subgraphof the tax-
onomy suchthat the structurallymatchingnodeshave the
mostsimilar imageproperties(e.g.,shape size,andcolor
of imageregions). Thepartof thetaxonomythatyieldsthe
maximal matchidenti es the detecteccateyory. However,
this processhaslimitations. First, the taxonomycontains
only the likelihoodsof a cateyory match; no prior prob-
abilities of the occurrenceof differentcategoriesare esti-
mated.This amountgo usingthe maximumlik elihoodcri-
terion for detection,which is not optimal in the Bayesian
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sense. The secondlimitation is that matchesof all parts
aregivenequalweight,becausehe taxonomydoesnot en-
codethe relevanceof a subcatgory to the de nition of a
speci ¢ parentcategory. A subcatgory may be very com-
monandappeatin the hierarchicadde nitions of mary par
entcateyories(e.g.,"windows” are often sharedby “build-
ings; “houses, “recreational-ehicles; etc.). Detectionof
sucha subcatgory providespoorevidencethatary speci ¢
parentoccurs. On the otherhand,a subcatgory may ap-
pearin the de nitions of only a few parentspr, in the ex-
tremecaseauniqueparent(e.g.,“two-humps-on-the-back
of “camels”). Detectionof sucha subcatgory unambigu-
ously suggestshe presencef its uniqueparent.Sincede-
tectionsof differentsubcatgoriesprovide differentdegrees
of evidencefor cateyory recognition estimationof the sub-
catgyory relevanceds important.

This paperis aimedat improved categgory modelingand
recognitionby addressinghe aforementionedimitations.
We pursue ve interrelatedobjectives. To achieve the rst
two objectives,we extendand usethe approactof [10, 2]
which is a prerequisitefor the remainingthree objectves
thatare completelynew andrepresenthe major contritu-
tions of this paper Given a setof labeledimages,each
shaving a category, our approachis aimedat: (1) Unsu-
pervisedextractionof region-basedhierarchicalde nitions
of imagecateayoriesin termsof their sharedsubcatgories;
(2) Estimationof the likelihoodsthat a given image con-
tainsary occurrence®f the discoveredsubcatgories; (3)
Estimationof the subcatgory relevancego therecognition
of eachimage catagory, relative to the other category la-
belspresent;(4) Estimationof the subcatgory priors; and
(5) Speci cation of a linear classi er that will cateyorize
a new imageby fusing the subcatgory recognitionresults
andtheir learnedrelevancesasillustratedin Fig. 1.

Objectives (1)-(4) are aimedat overcomingthe limita-
tionsdiscusseckarlier Objectve (5) is aimedat usingthe
learned,extendedtaxonomyfor objectrecognition,while
still retainingthe simplicity of thelinear classi er usedin
[10, 2]. Althoughthe recognitionprocessn [10, 2] is in-
tendedo behierarchicalasoneof the contributionsof this
paper we shav that their approachactually usesa linear
recognizer They atten thetaxonomysoall partsarerep-
resentedas separatebject features,thus discardingtheir
hierarchicalinterdependenciesThis yields a subcatgory
featurespacein which imagesare representeds points
whosecoordinatesrethe con dencesof detectinghesub-
catgyories.To recognizeobjects they usealinearclassi er
in this featurespacethat equallyweightsall the axes. De-
spitethe attening and subsequentiseof a simple, linear
classi er, they achiere successfutecognitionon challeng-
ing benchmarldatasetsThis suggestshata featurespace
spannedby part properties,insteadof directimage prop-
ertiesof entire objects,allows for linear separatiorof im-

ageclasses.In particular sinceeachsubcatgory is char
acterizedby a certain combinationof photometric,geo-
metric, and structuralpropertiesof regionsit contains.the
subcatgory featurespaceis obtainedby a transformation
of the original featurespacewhoseaxes are theseregion
properties. This transformatiormay be viewed as serving
the samegoal asintendedfor the kerneltransformsto de-
ne higherdimensionaspacesoughty SVM's. Although
comple, thistransformis obtainedby a“natural” (subcate-
gorybasedie nition of cateyories,soonemay expectit to
beareasonablelirectionto pursue.We do soin this paper
Speci cally, towardsobjectve (5), we extendthe work of
[10, 2] by incorporatinghelearnedsubcatgory relevances
andpriorsin theirlinearclassi er.

Overview of our approach: Supposeve aregivenasetof
labeledimages,D, whereeachlabel c meansthat the im-
agecontainsat leastoneoccurrencef categyory c from the
userspeci ed setof label cateyoriesC. Eachimagemay
alsocontainoccurrence®f othercatgyoriesfrom C, even
thoughit doesnot carry their labels. Whereall in anim-
agethe cateyory occursis unknowvn. Togethertheimages
with a given label are assumedo captureall representa-
tive occurrence®f the catggory. Our approactconsistsof
thefollowing four steps.Step 1: We begin with obtaining
a sggmentation-treeepresentationf the imagesto derive
subcatgory basedde nitions of the label cateyoriesin C.
Sgymentatiortreescapturethe recursve embeddingpf im-
ageregions,obtainedhrougha multiscalesegmentationlin
thesequelwe will referto (sub-)treesand(sub-)imagen-
terchangeably Step 2: The subimagesorrespondingo
recurrence®f a subcatgoryin D arefound by identifying
subtreescrosdD thatmatch.Eachtransitive closureof the
bestmatchingsubtreess identi ed asthesetof occurrences
of the correspondingubcatgory. Thesetransitive closures
areusedo learnthesubcatgorylik elihoodsandpriors. The
discovery of subcatgoriesl presenin D allowsusto learn
thede nitions of labelcatgyoriesC in termsof | in thefol-
lowing step. Step 3: We de ne the attened featurespace
in which the imagesarerepresenteas pointswith coordi-
nateshatmeasurahe posteriorprobabilitiesof occurrence
of thesubcatgoriesfrom |. This subcatgory featurespace
is suitablefor estimatingthe subcatgory relevances.This
is donesothe axescorrespondingo the differentsubcate-
goriesarerescaledsuchthatall imagepointswith thesame
catgyory label are closerto eachotherthanto the points
with otherlabels. This rescalingincreaseghe weightsof
thosesubcatgoriesthataremorediscriminative for agiven
imagecategory, aswasthegoal. Let D, denoteall training
imageswith thesamdabelc. Then,thelearnedsubcatgory
relevancesepresensuchweightsof the subcatgoriesthat
jointly maximizethe smallestmarginsbetweereachimage
pointin D¢ to its nearesneighborin D, andto its nearest
neighborin the remainingimageset. By the large-magin
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Figurel. Sampledrom Caltech-2561top row) Two labeledimagesetsfor cateyoriesc andc’, which sharesubcatgorieshorseswheels,
trees. The subcatgory wagon-topfrequentlyoccursin c®, but notin c. Recognitionof c° is particularlyaidedby observingwagon-top,
whereaghe sharedsubcatgoriesdo not provide strongevidencefor eithercateyory. Therefore the learnedrelevanceof the wagon-top
for recognizingcatayory c° is largerthanthoseof sharedsubcatgories. (bottomrow) The absencef the wagon-topandthe presencef
sharedsubcatgoriesin x leadsto thedecisionthatx belongsto categoryc.

theory theproposedearningalgorithmwill have goodgen-
eralizationover new images.Step4: Oncethesubcatgory
relevancespriors,andlikelihoodsarelearnedthey areused
to de ne alinearclassi er for catgyorizingnew images.
Sec.?2 reviews prior work, Sec.3 describesSteps1-2,
Sec.5 present$Step3, Sec.6 present&xperimentakvalua-
tion, andtwo Appendicegprovide detailsof our algorithms.

2. Relationshipsto Prior Work

Imagecateyorizationcanbe formulatedasscenematch-
ing thatusesa hierarchicaktructureof localimagefeatures
(e.g.,SIFTs)[5, 8]. However, the scene-basedatayoriza-
tion usuallyrequiresvolumesof trainingimagesto robustly
learna combinatoriallylarge numberof objectcon gura-
tionsin the scene.The generalizabiltyof theseapproaches
to imagescontainingocclusionandlargevariationsin scale
is still unclear The advantage®f usingobject-speci cfea-
turesfor the purposesof image cateyorizationhave been
well aguedin prior work [12, 1,11, 10, 2, 3]. We advance
theseapproachedy using the region-basedaxonomy of
catgyories,which yields signi cant improvementsin cate-
gorizationperformance.

Our approachto learningthe subcatgory relevancess
relatedto generalfeatureweightingalgorithms. The com-
putationallyintensize wrappemethodsvaluatethe perfor
manceof a classi er to selectrelevantfeatureswhereasn
the Iter methoddeaturesareweightedby theirinformation
content[12]. Our learningalgorithmbelongsto the group
of embeddednethodsthat incorporatefeature weighting
into the learning processof a classier [1, 11, 4, 7, 9].
Speci cally, we modify andusethe algorithmpresentedn
[9], which is basedon the well known RELIEF algorithm
[7] thatestimatedeatureweightsby maximizingthe mar
gins of the 1-NN classi er over data. A major problem
with RELIEF is that the in-classand out-of-classnearest

neighborsof a sampleare computedprior to learning,and
thusarevery unlikely to remainsoin the weightedfeature
space oncethe featureweightsare estimated. This prob-
lem hasbeenaddressedby RELIEF-F and I-RELIEF [9].
They learnoneglobal setof featureweightsfor all classes.
We modify andextendtheir work to learncategory-speci ¢
weights. The weightsthuslocally learnedper category, in
our case,areexpectedto morerobustly handlelarge intra-
catgyory variationsfrom imageto imagethanglobally esti-
matedweightsover the entiretraining set. In [4], learning
catgyory-speci c featureweightsis pushedto the extreme
of estimatingthe weightsfor eachimageseparately How-
ever, they formulatethis estimationasmaximizingthe dif-
ferencan distancebetweertheimageandall otherin-class
and out-of-classimages. Sincefor large training setsthis
is computationallyinfeasible they select,prior to learning,
a x ed numberof in-classand out-of-classclosestneigh-
bors,andthusencountethe sameaforementionegroblem
asRELIER

3. Discovering Subcategories

This sectionpresent$stepsl—2of ourapproachhatcon-
cernderiving segmentation-tregepresentationsf the im-
agedn trainingsetD, anddiscoveringsubcatgoriespresent
in D. To thisend,we usetheapproactof [10, 2], briey re-
viewedbelow.

Imagesare representedy segmentationtrees(Fig. 2)
whosenodescorrespondo regions obtainedvia a multi-
scaleseggmentation,and edgescaptureregion embedding.
A vector | of region propertiessuchasbrightnessarea,
perimeter centroidlocation, etc., is associatedvith each
nodev, de ned relative to v's parent,to allow scaleand
rotation-in-planeinvarianceof recognition. In this paper
we illustrate our approachfor the casewhen eachim-
age has exactly one category label. In the training set
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Figure2. Sggmentationtreest, capturethe recursve embedding
of regionsin images.Thetree-unionT is theminimum-sizegraph
thatcontainsall segmentatiortrees.

D=f(tn;Yn)gh., , wherey2 C denoteghelabelof segmen-
tationtreet, subcatgoriesappeassimilar subtreesvithin
theimagetreeshaving similarnodeproperties andstruc-
ture. They canbe discoreredby matchingthe trees,and
then nding their maximum-similarity commonsubtrees.
Giventwo treest andt®, the goal of matchingis to nd the
subtreeisomorphismf =f (v;v9g t t% which preseres
the original structureof t andt®, andmaximizestheir simi-
larity measureSy o, de ned as

X
Sito, [2min(k (k;k yok) max(k yk;k yok)]:
(v;vo)2f
1)

After matchingthetrees,we nd the transitve closures
of maximally matchingsubtreesto discover subcatgories
presentin D. Note thata subtreeis uniquelyde ned by a
nodeatwhich the subtrees rooted.We will referto anode
andthe subtreeunderit interchangeably As explainedin
greaterdetail in [10, 2], nding the transitive closuresof
maximally matchingnodesis equivalentto constructinga
tree-union,T, from all thetreesin D (Fig. 2). As in [10],
we constructthe tree-unionsequentially In eachiteration

, TC) is matchedwith a new treet2D, andthenthe un-
matchednhodesof t areaddedandappropriatelyconnected
toT( ) toformT( *1) | Eachtree-uniomodei2 T recordsa
collectionof all regionsacrosgheimagesn D thatmatched
with i (Fig. 2). Thatis, tree-unionnodei represents tran-
sitive closureof matchingregions,de ning subcatgoryi.
Consequentlythe setof nodesin T, denotedas|, repre-
sentsthe discoveredsetof subcatgories. Eachtree-union
nodei is characterizedby a Gaussiarpdf, andthusby the
meanvector j=meard g, andcovariance j=covf g
of all matchingregionsv acros< transitively groupedun-
deri. Theseparameterspecifythe Gaussiarik elihoodsof
the correspondingsubcatgories, P( ji), N( ; i; i),
8i21. We alsocomputethefrequeng of occurrencef each
discoveredsubcatgoryi in thetrainingsetD. ForlargeD,
asis the casein this paper this frequeny representghe
estimateof the prior probabilitythati occurs,P (i).

4. Categorization Using a Linear Classi er

In this sectionwe show thatthe approacthof [10, 2] cat-
egorizesimagesusinga linear classi er. Recallthatevery
image from the training setis uniquely registeredwithin
tree-unionT . Thereforeall trainingimageswith the same
labelc uniquelyde ne subgraphr. within T thatrepresents
themodelof categgory c2 C. Thesubsebf tree-uniomodes
thatbelongto T, representhe subsebf subcatgories,de-
notedasl ., de ning category c. Thus,a previously unseen
imageis catgyorizedin [10, 2] by matchingts segmentation
treet with every T, 8c2 C, which producegheir similarity
measures$r, givenby (1), andthenby nding the max-
imum similarity y= argmaxcz ¢ Ser, . From (1), matching
nodev2t with nodei2 T, amountsto identifying subcate-
goryi in imaget, with con dencemeasuredheuristicallyas
xi=[2 min(k k;k k) max(k yk;k k)] if node pair
(v;i) is includedin subtreeisomorphismf t T, other
wiseX; = 0. Thereforewe cancorvenientlyrewrite the ex-
pressiorof (1) to highlight that St is computedasa sum
of con denceﬁxi that the subcatgoriesi21. occurin the
image,Sir.= 4, 1, WiXi, whereall weightingcoefcients
w;=1. This provesthat[10, 2] performlinear separation
of imagecateyoriesin thefeaturespacespannedy equally
weightedcon dencesin subcatgory detections.

5. Learning the SubcategoryWeights

This sectionpresentsStep 3 of our approach(Sec.1)
thatestimatedherelevanceof discoreredsubcatgoriesfor
recognitionof eachindividualimagecategory. Givenadis-
tancefunctionbetweertwo imagesgde nedin termsof con-

dencesin subcatgory detectionsin the images,the rel-
evancesare computedso that eachimage from the train-
ing setis closerto its nearestn-classimagepair thanto its
nearesbut-of-classpair. To this end, we modify and use
the algorithm presented9]. For completenessye review
this algorithm, and point our major differences.We begin
with describingour vectorimagerepresentationNotation
is summarizedn Tah 1.

The vector of relevancesof all subcatgoriesi2| for
a given image category c2C is de ned asw . 2W=fw :
w2RIU; kwk=1;w 0g, wherekk is the two-norm, and
wic =0 if subcatgoryi doesnot appeaiin thede nition of
c. In generalthevectorsw . differ for distinctcategoriesin
C. Sincein this sectionwe consideronly the subcatgory
relevancego oneparentcategory, we will dropthecategory
indicationin subscriptw ! w, for simplicity. To estimate
w, asin [10, 2], we atten the sggmentationtreesof the
trainingimages andspecifytheir vectorrepresentationas
x2X=fx : x2R;x 0g, wherex; is acon dencemea-
surethatsubcatgoryi2l occursin imagex. Sincewe use
segmentationtreet andvectorx astwo alternatve repre-
sentation®f the samemage,in thesequelwe will referto
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imagetreesandimagevectorsinterchangeablyAnalogous
to the heuristiccon dencemeasures; usedin [10, 2] for
recognition(Sec.4), we herespecifyx; usingtheestimates
of subcatgory likelihoodsN ( ; i; ) andpriorsP(i),
obtainedn Step?2 of ourapproachRecallthatsubcatgory
detectiongn thetrainingimagesareautomaticallyachieved
by constructingthe tree-union(Sec.3). Thatis, all those
nodesv from theimagetreesthataretransitvely clustered
undertree-unionnodei indicatethe presenceof subcate-
goryi in the correspondingmages.For subcatgoriesi2|1
whoseoccurrences areidenti ed in imagex , we compute
xj as:Xi, N( v; i; i)P(i) P(ij v), wherethe prior
over region properties,P( ), is assumeduniform. For
the restof subcatgoriesi2| thatare notidenti ed in the
image,we setx;, 0. By usingthis vectorimagerepresen-
tation, similar to the approactof [9], we de ne a distance
functiond,y o(w) betweerimagesx andx®as

Oy o(W) , wijx xG: 2)

Given the training set, D= (Xn;Yn)gh=; , and dyy o(w),
the relevancesw are estimatedso as to transform the
original spaceof images X into a weighted space X
by maximizing intra- vs. intercatggory homogeneity
of the image vectorswith the samelabel, as measured
by dyx o(w). This is done by maximizing the mar
gins of 1-NN classi ers associatedvith every image, de-
ned using the images nearestmiss and hit as follows.
For eachx with label y, the other training imagescan
be groupedinto two sets, referredto as hits Hy and
missesM, , whereH, , fx%x%y%2D;y%:y;x%xg,
and My , fx%x%y92D;y%yg. The nearestmiss
my(w) , argminyoym, Oxx o(w) and hit hy (w)
argminyoz n, Oyx o(W) of X areusedto de ne the mamin
of theimages 1-NN classi eras

rx (W), thn o G, WX My (W)j  jx hye(w)j):

®3)
By maximizingthemarginsry (w) of all imagesx with the
samelabel,say y = ¢ 2 C, we computethe subcatgory

relevancesw ; for recognitionof imagecategory c:

P _ N .
We= maxw’op (X My (W)jj x hx(w)j): (4)

The optimizationproblemof (4) usesm  (w) andhy (w)
which requirethe subcatgory relevancesto have already
beenlearned. Note that different valuesof w may yield
completely different nearestmissesand hits of x in the
weightedimagespaceX from thosecomputedn the origi-
nalspaceX. Toaccounfor theuncertaintyin estimatinghe
nearesheighborsn X, we reformulate(4) within a proba-
bilistic framawork. In particular we specifyhy andmy as
hiddenrandomvariablescharacterizedby certainprobabil-
ity densityfunctions(pdf's). Giventhe pdf's of thesehid-
denvariablesw canbeestimatedrom (4) by averagingout

Tablel. FrequentlyUsedNotation
C - userspeci ed setof objectcatgories,i.e.,imagelabels;
D; D¢ - trainingset,andits subsetvith imagesof the sameabelc;
| - setof subcatgoriesdiscoveredin D;
t - sggmentatiortreerepresentationf theimage;
T - tree-unionof all theimagetreesin thetrainingset;
v - nodein thesegmentatiortree;
i - nodein tree-unionT = discoveredsubcatgory;
x = [:::x; :::]T - con dencevectorrepresentationf theimage;
Xj - con dencein detectingsubcatgoryi in imagex ;
y - catgory labelassignedo imagex , i.e., to treet;
w = [:::wj :::]7 - vectorof relevancesw; of subcatgoriesi2|;
- vectorof region properties;
i, i - Gaussiarparameterassociateavith subcatgoryi;
dyy o - distancebetweerimagesx andx %,
Myx (Hx ) - setof missedqhits) of imagex ;
my (hx ) - nearestiss(hit) of imagex ;
- kernelwidth for probabilitydensityestimation.

hy andm 4 overtheentiretrainingset. Thisis similartothe
EM algorithm,wheretheincomplete(hidden)dataaresub-
stitutedby their meanvalues.To this end,we introducethe
following probabilities:(1) Pxo-, —probabilitythatimage
x2Hy is theneareshit of x; and(2) Pyo=m,, — probabil-
ity thatx 2 M, is thenearesmissof x . Theseprobabilities
can be computedusing the standardkernel-basedlensity
estimationwith akernelfunction (), as

p (dxx o(W)) i

X 002 H, (dxx OO(W)) ,
p (dxx o(W)) i
(dxx °°(W )) ,

Pyo=h, 8x2Hy;  (5)

8x2M,: (6)

PXOZmX 1
X 002 My

We usethe exponentialkernel (d), exp( d= ), where
kernelwidth is aninput parameter As shovn in Sec.6,
our algorithmis largely insensitve to aspeci ¢ (“meaning-
ful”) choiceof . Otherkernelfunctionscanalsobeused.

The probabilitiesde ned in (5) and(6) allow usto nd
the expectationof the mamginsin (4), andthusaddresghe
uncertaintyof estimatingthe image’s nearesineighborsin
theweightedspaceX. Similarto theEM, ourlearningalgo-
rithm consistsf the E-stepandM-stepthat areiteratedal-
ternatively until objectve function Q reachesorvergence.
In the E-step,Q is computedasthe expectationof ry (w)
with respecto the hiddenvariableshy, andm y, usingthe
currentestimateof w( ). In the M-step, Q is maximized
with respecto w, resultingin new estimaten ¢ *9 | In the
E-stepwe compute:

Q_WT[ X ix X%P( ) H O?P( ) .
= l 0= m X x“jPyoo=p I
2 D¢ 2 Dc
xx"zMX xX"OZHX
I {z }
z$)
(7)

WherePéoi h, and PS,)

K= m, areobtainedfrom (5) and(6)
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usingw( ). Then,in the M-step,we compute:

+1 T [Z((: )]+
wl ™ = argmax w'z{)= == (8)
w2W

Kizé 1k

where[a]. , max(a;0). Thedetailedderiationof the up-
daterule (8) is givenin [9] andin AppendixI.

Learningthe subcatgory relevancesfor a givenimage
catgyory is summarizedn Alg. 1. The E-stepandM-step
areiterateduntil kw( *9 w()k< =10 3. AppendixIl
presentghe convergenceanalysisof Alg. 1 — speci cally,
the proof of Theoreml that statesthe following attractve
properties(1) Alg. 1 corvergesif thechoserkernelwidth
issufciently large;(2) Alg. 1 corvergesfor awide rangeof

values,andthusis largely insensitie to a speci ¢ choice
of ; (3) Thecorvergenceateof Alg. 1increasesor larger

; (4) Unlike mary machindearningalgorithms(e.g.,neu-
ral nets),Alg. 1 corvergesalwaysto a uniquesolutionthat
is notaffectedby theinitialization valueof w (%) . Therange
of valuesthatis reasonabléo selectfor imagecateyoriza-
tion is shawvn in Sec.6. Compleity of Alg. 1is O(jlj ).

Algorithm 1: Learningthe Subcatgory Relevances
Input : Imagecatgyoryc2C, D=1 (x;y)g; |;
Output: Optimalrelevancesve ~ w()

1 Set =0;8i2l: setwi(o) to apositive randomvalue;8x 2 D¢ nd
My andHy ;
2 repeat
3 E-step: 8x 2 D¢ and8x 22 My and8x °2 Hy compute
Px( 01 h, andPx( 03: m , asin (5)-(6); ComputeQ asin (7);
4 M-step: Updatew ( *1 asin(8); = + 1;
5 until jjw() w( Dijj<

Algorithm 2: The EntireLearning
Input : TrainingimagetreesD=f (t; y)g;
Output: Optimalrelevancesw ¢, 8c2C

1 Findtree-unionT of D (Sec.3);

2 Interpretnodes 2 T asdiscoreredsubcatgoriesi2|;

3 Computethevectorimagerepresentations,, wherex; is
proportionalto the posteriorprobabilitythat subcatgoryi 2 |
occursin imagex ;

4 Computew ¢, 8c2 C, by usingAlg. 1.

The entire learning algorithm including the discovery of
subcatgoriesandestimatingthe subcatgory relevanceof
allimagecateyoriesis summarizedn Alg. 2. Its compleity
is computedasfollows. Compleity of imagematchingis
O(jtj?), wherejtj is the numbertree nodes.Matchingtwo
imagetreeswith approximately60 nodeseach takesabout
20sona2.8GHz,2GB RAM PCwith codeimplementedn
MATLAB. Also, complexity of Alg. 1 with iterationsis
O(jlj ). Thus,compleity of Alg. 2is O(jlj?+jCjjlj ).

6. Results

Cateagorizationof anew imageis conductedy matching
theimages segmentatiortreewith tree-unionT , to identify

subcatgoryoccurrences theimage.Then,thevectorrep-
resentatiorx of theimageis computed.Finally, theimage
is catgyorizedusingthelinearclassi erwhichis parameter
ized by the learnedsubcatgory relevancesfor eachimage
category: 6= argmaxcac W/ X.

For evaluation,we usetwo datasets:Caltech-101and
Caltech-2566], which, at thetime of conductingtheseex-
periments containedmore categoriesby an orderof mag-
nitudethanary otherpublicly available dataset.The well-
known drawbacksof Caltech-101suchaslittle variationin
poseor scalewithin mary cateyories,have beenaddressed
in Caltech-256 Speci cally, in Caltech-256the categories
are carefully selectedso asto representa broadervariety
of naturalandarti cial objectsappearingn indoorandout-
doorsceneswith largerinter- andintra-categoryvariability.
Theimagesareacquiredunderchallenginglighting condi-
tions, at differentscalesandfrom diverseviewpoints. The
imagesalso containocclusionandbackgrouncclutter. As
a major challengeto categorization, Caltech-256contains
similar categgorieswhosede nitions sharealmostidentical
setsof subcatgories,asillustratedin Fig. 3. Thishelpeval-
uatethegeneralityof our approach.

Performancas evaluatedasa function of: (i) the num-
berof trainingimagespercateyory N, and(ii) thespeci c
choiceof kernelwidth — the only input parameter For
training,we useN .= f 5:5:30g, while theremainingimages
are usedfor testing. The corvergencerate of learningis
testedfor =f0:1:0:1:1g. The averagecatayorizationerror
of 10 experimentds reported.

Fig. 4 compareshebestreportedresultson Caltech-101
and Caltech-256with ours. For every value of N, our
approachoutperformsthe existing work. For N.=30, we
outperformby 9.9% the bestrecordedresult on Caltech-
256 [3]. To quantify the accurag gain of our approach,
we computetheincreaséan the areaunderour recognition-
rate curve vs. those of competing approaches. Let
RRour(N¢) andRRg4(N¢) denotethe recognitionratesof
our approachand prior work obtainedfor N trainingim-
agesper category. Then, the accurag gain is de ned as

Nc(%ﬁour(Nc) RRold(Nc)) _
R ad(No) . Table?2 presentghe val

ues.Notethatthe approactof [10] is not developedto ad-
dressimagecateyorization,and doesnot useary discrim-
inative information betweencateyories. When this infor-

mationis incorporatedasin our approachcateorization
performancesubstantiallyimproves. Our performanceon

Caltech-256for N.=30, is lower by 7:3% if con dences
in subcatgory detectionsx, are de ned usingthe likeli-

hoodsx;=P( ji) insteadof the posteriorof i. Thesere-

sultsquantifythevalueof computingthesubcatgory priors
andrelevancedor imagecateagorization.

Fig. 5 shaws that our approachis largely insensitve to

a speci ¢ choiceof kernelwidth . Also, Fig. 5 demon-
stratesthat larger valuesyield fastercorvergencerates,
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Figure 3. Samplesfrom Caltech-256,labeled as (left-to-right):
baseball-batzomputermonitor, covered-wagon,ladder andrain-
bow. Theseimagescontainsubcatgoriesthatalsoappeaiin the
de nitions of cateyories:people palm-tree cartire, dog,andwa-
terfall. Subcatgory sharingmakescateyorizationchallenging.

Table2. Accuray gain
in (%

Cal-101 Cal-256

3] | 45 | 9.6

4 | 232 NA

231 | 256 | NA

6] | 262 | 511

[0] | 379 | 57.9

Figure4. Caltech-10JandCaltech-256 Our recognitionratesand
accurag gain  vs.[3, 8,4, 13 6,10].

Figure 5. Recognitionand corvergenceratesfor varying kernel
widths =kw D w®k, If the algorithm corverges, the
classi cationaccuray is insensitve to a speci ¢ choiceof . The
corvergencerateis fasterfor largerkernelwidths.N.=30.

asstatedby Theoreml (AppendixIl). Fig. 6 shavs exam-
plesof regionsoccupiedby subcatgoriesthatarefoundto
be the mostandleastsigni cant to recognition. As canbe
seenur approaclis capableof sggmentingthe mostrele-
vantregionsresponsibldor thecateyory labelof theimage.

7. Conclusion

In this paper we have demonstratethat using subcate-
goriesasfeatureof imagecategoriesallows ef cient learn-
ing of a mamin-based|inear classi er, which yields supe-
rior image categorization performancethan seenin prior
work. Recognitionusing the proposedinear classi er si-
multaneoushachievescatgyory segmentationpy virtue of
identi cation of all the subcatgoriesin theimagethatcon-
tribute to cateyory recognition. While this paperconsiders
only onelabelperimage,our problemstatemenallows that

Figure 6. Samplesfrom Caltech-256: The use of regions as
featuresallows us to segment the occurrencesof the (rele-
vant/irreleyant) subcatgoriesin the image. Regions with the
largestweight (red) andthe smallestweight (blue) for theimages
in cateyories:billiards, camel,ostrich,andgiraffe.

a training image may containoccurrence®f multiple la-
bel categories. Thus,the generalizatiorof our approacho
multiple labelsperimageis reasonabltraightforvard.
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Appendix I: M-step of the Learning Algorithm

The detailedproofthatexpression8) hasa closed-form
solutionis presentedn [9]. We herebrie y review this the-
oreticalresult,for completenessTheM-stepof Alg. 1 reads
maxy W'z; s.t.jjwijj? = 1; 0. Its Lagrangianis
L= wiz+ (jwj2 1)+ I i( w(i), where
and O arethelLagrangiammultipliers. Takingthe deriva-
tive of L with respecto w, andsettingit to zerogives

zZ+
2

@Q=@av= z+2w =0) w= (9)
To derive a closed-formsolution, we make the assump-
tion that there exists one nodei2T for which z(i)>0.
From (7), this assumptionis very weak, since the con-
verse(i.e., z< 0) would meanthat thereare moretreesin
D closerto their missesthantreesthat are closerto their
hits. This caseis very unlikely to occurin real applica-
tions with large datasetaswe hereuse. This assumption
hasalsobeenusedfor a numberof machinelearningalgo-
rithms that make decisionsbasedon the distancef pat-
ternsandtheir neighborssuchasRBF, andSVM with RBF
kernel.Giventhisassumptionwe provethat > 0. Suppose
the corverseis true,i.e., < 0. Sincethereexistsz(i)>0,
thenz(i)+ (i)>0. It followsfrom (9) thatw(i)< 0, which
contradictsthe constrain 0. From the Karush-Kuhn-
Tuckercondition,namely ; (i)w(i)= 0, we havethefol-
lowing threecases: (1) z(i)=0 ) (i)=0 ) w(i)=0;
(2) z(i)<0) (H)>0) w(i)=0; and(3) z(i)>0 )
z(i)+ v>0) w(i)>0) (i)=0 ) w(i)=Z2. It im-
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mediatelyfollows thatthe expressiorfor computingw has
aclosedform givenby (8).

Appendix Il: ConvergenceAnalysis

This sectionbrie y reviews the corvergenceanalysisof
Alg. 1, whichis presentedn [9]. We begin by studyingits
asymptotichehavior:

8x;lim | 41 Pxo=m, = 15jMyj ;8x2My ;  (10)

since IIirp1 k(d)=1. Also, assumingthat for every x,
Oy o(W) 6 Oy 0o(W) if x % x %0 we have

8
< 1; if dyx o(W)= min dyx oo(W)
lim Pxo-m, (W)= . X %2 Mx _
1o x o 05 if dyx o(W)> min  dyy oo(W):
X 002 My
(11)

Similar asymptoticbehaior holdsfor Pxo-1,, . Thus, for

I +1 thealgorithmconvergesto auniquesolutionin one
iteration,andfor ! O rarelydo we empirically obsene
thatthe algorithmcorverges. This suggestghat the algo-
rithm's corvergenceis fully controlledby the kernelwidth,
whichis formally statedn thefollowing theorem.

Theorem1 Thee exists >0 sud that for any kernel
width > Alg. 1 corverges, lim jiwC D wOjj=0,

wheew() 2 W = fw : w2RI1; kwk=1;w 0g. More-
overfora xed > ,Alg.1corvergestoauniquesolution
for anyinitial w(©@ 2w.

Theoreml canbe provedby usingthe Banachtheorem,
statedbelov without proof. While thereexist simplerways
of proving Theoreml, themainadwantageof usingthe Ba-
nachtheoremis thatit alsoallows establishinghe condi-
tionsfor achieving fastercorvergencerate.

De nitions: Let U be a subsetof a normed spaceZ,
with normk k. OperatorT : UlZ is calleda contrac-
tion operatorif thereexists a constantg2[0; 1) suchthat
KT(x) T(y)k dkx yk, 8x;y2U. qis calledthecontrac-
tionnumberof T. An elemenbf anormedspaceZ is called
a x edpointof T : U! Z if T(x)=x.

Banach Theorem: Let T be a contractionoperatormap-
ping a completesubsetU of a normedspaceZ into it-
self. Thenthe sequencaeneratecasx( * = T(x()),
with arbitrary x© 2 U, cornvermgesto the unique x ed
point x of T. Moreover, the following estimationer
ror boundshold: kx®  x k  Lokx®  xOk, and
kx®  x k Tkx® x® Dk,

Proof of Theorem 1. The proof identies a contrac-
tion operatorof Alg. 1, and makes sure that the con-
ditions of the Banachtheoremare met. Let us de ne
P, f(Pxo=m, ; Pxo=n,)d, 8x8 x° from the training setD.

ThenE-stepandM-stepof Alg. 1 canbespeci edin afunc-
tional form asE:W! P, andM:P! W, i.e., Alg. 1 canbe
expressecasw( 1) =(E M)(w( ))=T(w()), where( )
denotegunctionalcompositionandT:W! W. SinceW is
aclosedsubsebf normedspaceRll andcomplete T is an
operatormappingcompletesubsetiV into itself.
Recallthat lim | +1 Pyo=m, =jMyxj %, 8w2W, and
that similar asymptotic behaior holds for Pyo-p, .
Then, lim | +1 [T(W®% ) T(W% )=0, 8wowo2w.
Since the 2-norm is a continuousfunction, it follows
that lim | +1 jiT(W% ) T(W% )jj=0, 8w%w2w.
Thereforejn thelimit, T is acontractioroperatomwith con-
traction constant IIil;n1 g( )=0. Consequentlyfor every

"> 0, thereexists suchthatq( ) ",wheneer > .By
setting"< 1, theresultingT is a contractionoperator From
theBanachtheoremijt immediatelyfollowsthatAlg. 1 con-
vergesto a unique x ed point, provided is sufciently

large. Also, the errorboundin the Banachtheoremguaran-
teesthatalarger yieldsafastercorvergencerate.
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