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Abstract

In many computer vision applications, such as face
recognitionandhandposeestimation,weneedsystemsthat
canrecognizea verylargenumberof classes.Largemargin
classi�cation methods,such asAdaBoostandSVMs,often
providecompetitiveaccuracyrates,but at thecostof eval-
uating a large numberof binary classi�ers. We propose
an embedding-basedmethodfor ef�cient multiclassrecog-
nition. In our method,patternsandclassesare mappedto
vectors in such a way that patternsand their associated
classestendto get mappedcloseto each other. This way,
givena test pattern, a small set of candidateclassescan
beidenti�ed ef�ciently usingsimplevectorcomparisons.In
experimentswith 3D handposerecognition (2430classes)
andfacerecognition(535classes),our methodis between3
and28 timesfastercomparedto evaluatingall binary clas-
si�ers,with negligible or no lossin classi�cationaccuracy.

1. Intr oduction

A fundamentalcomputervision andpatternrecognition
problemis ef�cient andaccuraterecognitionof avery large
numberof classes.Real-world visionsystemsshouldeven-
tually be able to recognizethousandsof differentobjects,
thousandsof differentsignsof a sign language,thousands
or millions of humanbodyor handposes,andfacesof thou-
sandsor millions of individuals.Traininganindividualone-
vs.-all (OVA) classi�er for eachclassis becominga com-
mon approach,andis a naturalway to apply theoretically
andempirically soundlarge margin methods,suchasAd-
aBoost[20] andSVMs[24], to amulticlasssetting[2]. The
questionwe addressin this paperis the following: assum-
ing thatwehavetrainedall theseindividualclassi�ers,how
canweusethemef�ciently?

The standardway such individual OVA classi�ers are
usedtoday is essentiallybrute-forcesearch:given a pat-
tern to classify, all classi�ersareappliedso as to �nd the
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Figure 1. Example recognition tasks with a large number of
classes.Top: recognizinghandshapeand3D orientation,out of
a large numberof shape/orientationcombinations.Bottom: rec-
ognizingpersonidentity, out of a largenumberof classes.In this
paperwe proposeamethodfor quickly identifying,givena query,
asmallnumberof candidateclasses,soasto speeduprecognition.

classi�er producingthe strongestresponse.This strategy
can quickly becomeimpracticalas the numberof classes
becomeslarge. To achieve a scalablesolution,we propose
a novel paradigm,wherebyef�cient andaccuraterecogni-
tion is framedasadatabasesearchproblem:givenapattern
to classify, the goal is to quickly identify, in a databaseof
classes,asmallsetof candidateclassesfor thatpattern.The
winning candidatecanthenbeselectedby applyingthein-
dividualclassi�ersavailablefor thecandidateclasses.

Designinganef�cient searchmechanismfor a database
of classesis a non-trivial problem. First, classesare ab-
stractentitieswith no explicit representationgivena priori.
Second,nodistancemeasureis de�ned apriori for compar-
ing databaseobjects(classes)to eachotherandto queries.
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ClassMap,themethodproposedin thispaper, constructsan
explicit representationfor classes,that can be usedto 1).
“store” suchclassesin anactualdatabase,2). de�ne a dis-
tancemeasurebetweenclassesandfrom patternsto classes,
and3). accommodateef�cient search.

In general,the proposedmethodis designedfor usein
domainswherethetaskof multiclassrecognitionis decom-
posedinto multiple binary classi�cation problems. In ad-
dition to the one-vs.-all(OVA) scheme,wherea classi�er
is trainedfor eachclass,our methodcanalsobeusedwith
the all-pairsscheme,wherea classi�er is trainedfor each
pair of classes,or with moregeneralerror-correctingout-
put codes[2, 8]. Our methodis not concernedwith how
the classi�ersaretrained,e.g.,usingAdaBoostor support
vectormachines.Theonly assumptionswe makearethat:

1. all binaryclassi�ershavealreadybeentrained,and

2. asetof labeledtrainingpatternshasbeenprovided.

Thekey ideain ClassMapis thatwecanembedbothpat-
ternsandclassesinto acommonvectorspace,in a way that
patternstend to get mappedcloseto their correctclasses.
Findingthenearestclassesof a patternin this vectorspace
canbe doneef�ciently , usingcomputationallylight vector
comparisons.Thisway, asmallnumberof candidateclasses
can be quickly identi�ed for eachquery. Then, only the
binary classi�ers associatedwith thoseclassesneedto be
appliedto thequery.

We evaluateour methodon two datasets,illustratedin
Fig. 1: a datasetof hand imagesfor which we want to
recognizethe handshapeand3D orientation(out of 2430
classes),andadatasetof faceimageswherewewantto rec-
ognizethe individual (out of 535 classes).In both cases,
one-vs.-all(OVA) classi�ersaretrained. Comparedto the
brute-forcemethod,whereall OVA classi�ers areapplied
on eachpattern,our methodis between3 and 28 times
faster, with negligible or no lossin classi�cationaccuracy.

2. RelatedWork

Nearestneighborclassi�cation[9] isasimplemethodfor
multiclassrecognition,andhasbeensuccessfullyappliedin
large multiclassproblems,suchas facerecognition(e.g.,
[16]) andarticulatedposeestimation(e.g.,[21]). Theoret-
ically, k-nearestneighborclassi�cation accuracy becomes
optimal asthe numberof training dataapproachesin�nity
[9]. However, for amountsof trainingdataavailablein real
applications,nearestneighborclassi�ersoften fall shortof
thetheoreticallyoptimalbehavior.

An alternative approachfor multiclassrecognitionis to
uselargemargin classi�ers,trainedfor examplevia boost-
ing [10, 15, 20] or supportvectormachines(SVMs) [24].
Comparedto nearestneighbormethods,largemargin meth-
odscanbe appealingbecauseof their generalizationprop-

ertiesandgoodempiricalperformancein termsof classi�-
cationaccuracy. The standardstrategy for applying large
margin methodsto a multiclassproblemis to decompose
themulticlassprobleminto a setof binaryproblems[2].

Different typesof multiclass-to-binarydecompositions
can be de�ned using error-correctingoutput codes[2, 8].
Themostcommonlyuseddecompositionsareinto all-pairs
problems,wherea classi�er is trainedto discriminatebe-
tweeneachpair of classes,or into one-vs.-all(OVA) prob-
lems,where,for eachclass,anOVA classi�er is trainedto
discriminatebetweenthat classand all other classes.To
classifya query, all binary classi�ers areapplied. An ex-
ception is the DAGSVM method[19], that usesthe all-
pairsschemebut requiresanumberof classi�er evaluations
that is only linear to thenumberof classes,asin theOVA
scheme.Featuresharingfor boostedclassi�ers[23] cansig-
ni�cantly reducethe featureextraction cost, but doesnot
reducethenumberof requiredclassi�er evaluations.

A variety of indexing methodscanbe usedto speedup
nearestneighborretrievalandclassi�cation[3, 4,12, 13,14,
21], often achieving signi�cant speedupsover brute-force
search[3, 21]. However, for large margin methods,brute-
forceevaluationof a largenumberof classi�ersis thecur-
rentstateof theart. ClassMap,themethodproposedin this
paper, is designedto provide an ef�cient alternative to the
brute-forcemethodfor largemargin multiclassrecognition.

Our methodperforms,given a pattern,a quick search
in a databaseof classesto identify candidateclasses.This
searchtaskhasmany conceptualsimilaritieswith theclassi-
cal taskof searchingfor nearestneighbors.However, clas-
sical nearestneighborindexing methods[3, 4, 12, 13, 14]
are inapplicableto our setting,becauseof two issues:1).
In our problem,databaseobjectsareclasses,thusliving in
a differentspacethan patterns. 2). No distancemeasure
is de�ned a priori for comparingdatabaseobjects(classes)
to eachotherandto queries,whereasnearestneighborin-
dexing methodsrequiresucha distancemeasureto exist.
Themain contribution of this paperlies in describinghow
to overcomethesetwo issues,andtherebyobtaina method
for ef�cient searchin a databaseof classes.

We shouldalso mentionsomeadditionalmethodsthat
have beenproposedfor speci�c largemulticlassproblems.
Ef�cient handposeestimationis achievedin [17] by com-
bining hierarchicalclassi�ers into a treestructure.Hierar-
chical templatematchinghasbeenusedfor pedestriande-
tection[11] andhandposeestimation[22]. Articulatedpose
can be treatedas a multidimensionalregressionproblem,
andestimatorscanbe trainedthat mapobservationsinto a
continuousposespace[1, 7]. However, many domains(e.g.,
facerecognition)donotlendthemselvesreadilyeitherto hi-
erarchicaldecompositionor to regression-basedestimation.
Ourmethod,ontheotherhand,is readilyapplicablein such
domains,aslongasa �nite setof classescanbede�ned.

2



3. Problem De�nition and Overview

Let X beaspaceof patterns,andY bea�nite setof class
labels. Every patternX 2 X hasa classlabelL (X ) 2 Y.
We usethe term databaseasa synonym for Y, the terms
classanddatabaseobjectassynonymsfor classlabel, and
thetermqueryasa synonym for querypattern.

We assumethatwe have chosena decompositionof the
multiclassrecognitionprobleminto afamily of binaryprob-
lems. While our methodcanbeappliedwith moregeneral
decompositions,for brevity we only considerone-vs.-all
(OVA) andall-pairsdecompositions.In the OVA scheme,
for eachclassY 2 Y a largemargin classi�er CY : X ! R
is trainedto discriminatebetweenpatternsof classY and
all otherpatterns.Higher(morepositive) responsesCY (Q)
indicatehigher con�dence that L (Q) = Y . To classify
a query Q 2 X, the standardapproach(which we want
to speedup usingClassMap)is to evaluateCY (Q) for all
Y 2 Y, andclassifyQ asbelongingto theclassY for which
CY (Q) is maximized.

In theall-pairsscheme,for eachpair of classes(Y1; Y2)
a classi�er CY1 ;Y2 : X ! R is trainedto discriminatebe-
tweenclassY1 andclassY2. To classifya queryQ 2 X,
thestandardapproach(which, again,we want to speedup
usingClassMap)is to: 1). computeCY1 ;Y2 (Q) for all pairs
(Y1; Y2), and2). determinethe�nal classi�cationoutputus-
ing avotingscheme,whereeachCY1 ;Y2 votesfor Y1 and/or
Y2, with a weight thatdependson theresponseCY1 ;Y2 (Q).
Differentvotingschemescanbeused[2].

Let C bethesetof all binaryclassi�erscorrespondingto
the decompositionschemewe have chosen.For example,
C canbe a setof all-pairsor OVA classi�ers. We assume
that all thesebinary classi�ers have alreadybeentrained
usingan existing method,suchasboostingor SVMs. We
usethe term brute-force classi�cation for a classi�cation
processthat,asdescribedabove,in orderto classifyaquery
Q needsto computeC(Q) for all C 2 C.

Given the above de�nitions, the problem we want to
solvecanbestatedasfollows: wewantaclassi�cationpro-
cessthat,usingthe largemargin classi�ers in C, classi�es
query patternsQ as accuratelyas possibleand as fast as
possible. Ideally, we want the classi�cationprocessto be
signi�cantly fastercomparedto brute-forceclassi�cation,
but not signi�cantly lessaccurate.

The key idea in our methodis to de�ne an embedding
F : X [ Y ! Rd thatmapsbothpatternsandclassesinto a
commond-dimensionalvectorspace,andthattendsto map
queriesQ and their correspondingclassesL(Q) close to
eachother. Using suchan F , we can ef�ciently identify
for eachQ a set of candidateclasses,by �nding classes
Y whoseembeddingsF (Y ) are closeto F (Q). It is as-
sumedthat measuringthe distancebetweenvectorsF (Q)
andF (Y ) is muchfasterthancomputingtheoutputof abi-
naryclassi�er C 2 C on a queryQ. Oncewe obtaina set

of candidateclassesfor Q, we only needto evaluatethose
binaryclassi�ersC thatarerelatedto thecandidateclasses.

4. Jointly EmbeddingQueriesand Classes

In order to keepour formulation general,the only as-
sumptionsthat we make are that we are given a setC of
alreadytrainedbinaryclassi�ers,a setX tr � X of labeled
training examples,and a matrix M storing precomputed
outputsC(X ) for all C 2 C andX 2 X tr .

Undertheseassumptions,the only way to obtaininfor-
mationabouta queryQ 2 X is to evaluateC(Q) for some
classi�ersC 2 C. Our goal is to classifyQ while evaluat-
ing C(Q) for asfew classi�ersC aspossible.Thequestion
then becomes:if we only computeC(Q) for a relatively
small numberof classi�ers,how canwe usethat informa-
tion to quickly generatea shortlist of candidateclassesfor
Q? Alternatively, given a classY 2 Y, how canwe ob-
tain a quick evaluationof whetherY is a candidateclass
for Q? Theansweris thatwe cancomparehow well each
computedoutputC(Q) matchesa typical outputof C on
trainingexamplesfrom classY .

More formally, we de�ne an embeddingF : X [ Y !
Rd that jointly mapspatternsand classesinto a common
d-dimensionalreal vectorspaceRd. We startby de�ning
a simple1D embeddingF R of both patternsQ 2 X and
classesY 2 Y basedon theresponsesof a singleclassi�er
R 2 C, whichwe call a referenceclassi�er:

F R (Q) = R(Q) : (1)

F R (Y ) = medianf R(X ) : X 2 X tr ; L (X ) = Y g : (2)

We shouldnote that referenceclassi�ers play a role anal-
ogousto thatof referenceobjectsin Lipschitzembeddings
[13]. Note that, for the embeddingF R (Y ) of a classY ,
we usethe medianof outputsof R on training examples
belongingto classY . We treatthis medianasa typical out-
putof R on patternsfrom classY. An alternativeapproach
would beto usethemeaninsteadof themedian;we chose
themedianasa statisticthatis morerobustto outliers.

Using 1D embeddingsF R as building blocks, we can
de�ne amultidimensionalembeddingF : X [ Y ! Rd:

F (Q) = (F R 1 (Q); : : : ; F R d (Q)) : (3)

F (Y ) = (F R 1 (Y ); : : : ; F R d (Y )) : (4)

We usethe term ClassMapembeddingsfor embeddingsF
de�ned this way. Note thatany OVA or all-pairsclassi�er
in C canbeusedasa referenceclassi�er in theaboveequa-
tions. A simpleway to constructsuchan embeddingF in
practiceis to choosed classi�ersrandomlyfrom C.

An example of a simple ClassMapembedding,com-
puted with real data (facesfrom the 535-classFRGC2
dataset[18]) is shown on Fig. 2. We illustrate a 2D em-
beddingF de�ned usingtwo OVA classi�ersCY3 andCY4
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Figure2. A 2D embeddingF = (F R 1 ; F R 2 ), de�ned usingEqs.
3 and4 with two referenceclassi�ers R1 andR2 , andmapping
bothpatternsandclassesinto R2 . We show themappingsof pat-
ternsbelongingto classesY1 andY2 , andthemappingsof classes
Y1 andY2 themselves.Notethatthemappingof eachclassis ob-
tainedby computing,alongeachdimension,themedianmapping
of patternsfrom thatclassalongthatdimension.UsingtheL 1 dis-
tance,28of the32patternsaremappedcloserto theembeddingof
theirown classthanto theembeddingof theotherclass.

asreferenceclassi�ers.The�gure showstheembeddingsof
trainingexamplesfrom two otherclassesY1 andY2, differ-
entfrom theclassesY3 andY4 that thereferenceclassi�ers
CY3 andCY4 weretrainedto recognize.Weseein the�gure
that, in mostcases,F mapspatternscloserto the embed-
ding of their own classthanto theembeddingof theother
class.Thatis exactly thebehavior thatwewantto exploit to
achieve ef�cient searchin the databaseof classes:givena
queryQ, weexpecttheembeddingF of its trueclassL (Q)
to bea relatively closeneighborof F (Q).

Usinga ClassMapembeddingwe candrasticallyreduce
the numberof requiredclassi�er evaluations,by simply
�nding theclasseswhoseembeddingsarecloseto theem-
beddingof thequery. Essentiallywesubstitutevectorcom-
parisonsfor classi�er evaluations.This schemeleadsto ef-
�ciency gainsin two ways:�rst, we assumethatmeasuring
thedistancebetweentwo vectorsis muchfasterthanapply-
ing aclassi�er onapattern.Second,sincethequeryandall
databaseclassesaremappedto a commonvectorspace,ef-
�cient vectorindexingmethods,e.g.,LSH [12], canbeused
to speedupnearestneighborsearchin thatspace.

5. A SimpleClassMapImplementation

In thissectionwesketchasimpleend-to-endimplemen-
tationthatspeci�esboththeoff-line stepsof preprocessing
andembeddingconstruction,andtheonlineprocessof mul-
ticlassrecognitionusingClassMap.

Ourmethodtakesasinput thefollowing data:

� A setC of largemargin classi�ersC : X ! R, corre-
spondingto somemulticlass-to-binarydecomposition.

� A setX tr � X of trainingexamples,with classlabels.

� A matrix M of classi�er outputsC(X ) for eachpair
(C; X ) : C 2 C; X 2 X tr .

The�rst objectiveis to constructaClassMapembedding
F . A simpleapproachis to �rst choosed, i.e., thedimen-
sionality of the embedding,and then simply chooseran-
domlyd referenceclassi�ersR1; : : : ; Rd from C andapply
Equations3 and4. The last preprocessingstepis to com-
puteandstoreF (Y ) for eachclassY 2 Y.

Oncepreprocessingis done,we canproceedto therun-
time phaseof our method,i.e., classi�cationof previously
unseenquerypatterns.For theruntimephasewe adaptthe
�lter -and-re�neframework [13]. Givena queryQ 2 X, we
performthefollowing steps:

� Embeddingstep: computeF (Q).

� Filter step: rankall classesY by thedistanceof their
embeddingsF (Y ) from F (Q).

� Re�ne step, version 1 (all-pairs): for someuser-
speci�ed numberp, computeall responsesCY1 ;Y2 (Q)
suchthat classesY1 andY2 wereranked in the top p
classesby the�lter step.Determinetheclasslabel for
Q by votingaccordingto thoseresponses[2].

� Re�ne step,version 2 (simple OVA): for someuser-
speci�ed number p, computeall responsesCY (Q)
suchthat classY wasranked in the top p classesby
the�lter step.AssignQ to theclassY of theclassi�er
CY producingthehighestresponse.

� Re�ne step,version3 (OVA + thr eshold): givenuser-
speci�ed p andt: startcomputingCY (Q), according
to the orderin which Y wasranked at the �lter step.
If, for someY, CY (Q) � t, thenassignQ to classY
and�nish. If p classeshave alreadybeenconsidered,
classifyQ asin thesimpleOVA case.

We notethat thereis a largeamountof �e xibility in de-
signing the re�ne step. In addition to the threeversions
provided above, several otherversionsmay be reasonable
choicesfor speci�c domains.Our focusin this paperis not
thespeci�c implementationof there�ne step,but thedesign
of appropriateembeddingsF to be usedfor the �lter step,
within thegeneral�lter -and-re�neframework.

The rationaleof theOVA + thresholdversionof the re-
�ne step is that higher responsesCY (Q) indicatehigher
con�dencethat Q indeedbelongsto classY. Responses
CY (Q) higherthansomethresholdt maybesoconclusive
thatwecansafelyclassifyQ, withoutperformingany more
classi�er evaluations.The thresholdt canbe learnedfrom
trainingexamples,soasto rarelyleadto incorrectdecisions.

Regardlessof theparticularimplementationof there�ne
step,thekey ideain �lter -and-re�neclassi�cationis thatthe
�lter step,usingef�cient vectorcomparisons,canquickly
identify a relatively small setof candidateclasses.Then,
there�ne stepusesmoreexpensivecomputations(classi�er
evaluations)to chooseoneamongthosecandidates.

4



6. Optimizing EmbeddingQuality

In orderfor F to beusefulfor �lter -and-re�neclassi�ca-
tion, F shouldtendto mapqueriescloserto their own class
thanto otherclasses.In otherwords,if Q 2 X is a random
queryof classL (Q), andY 6= L(Q) is arandomclassin the
database,we want it to hold asoftenaspossiblethatF (Q)
be closerto F (L (Q)) than to F (Y ). Insteadof choosing
randomreferenceclassi�ers,assuggestedin Section5, we
canoptimizeembeddingsaccordingto this criterion.

In particular, let � be thedistancemeasureusedin Rd,
andlet Q 2 X; Y1 = L(Q); Y2 6= L(Q). For everyembed-
ding F : X [ Y ! Rd we de�ne a correspondingclassi�er
~F : X � Y � Y ! R, asfollows:

~F (Q; Y1; Y2) = �( F (Q); F (Y2)) � �( F (Q); F (Y1)) :
(5)

In words, the taskof ~F is to decidewhetherL (Q) = Y1

or L (Q) = Y2. The decisionsimply dependson whether
F (Q) is closerto F (Y1) or to F (Y2). Positive andnega-
tive outputsof ~F correspondrespectively to decisionsthat
L (Q) = Y1 andL(Q) = Y2. We want to constructan F
so that the error rate of ~F on triples (Q; Y1; Y2) : Y1 =
L(Q); Y2 6= L(Q) is minimized.

For thesakeof clarity weshouldemphasizethattwo en-
tirely differenttypesof classi�ersappearin ourformulation:
The �rst type is largemargin classi�ersC : X ! R. The
secondtypeis classi�ers ~F associatedwith embeddingsF ,
where ~F : X � Y � Y ! R mapsa triple (Q; Y1; Y2) to a
realnumber. In theremainderof thepaperwe will refer to
classi�ersof type ~F usingthetermtriple-classi�ers.

EveryR 2 C canbeusedto de�ne a1D embeddingF R .
Triple-classi�er ~F R is expectedto actasa weakclassi�er,
with possiblyhigh errorrate,but betterperformancethana
randomguess(see,for example,Fig. 2). We will now dis-
cusshow to combinemany suchweaktriple-classi�ersinto
an optimizedstrongtriple-classi�er, and a corresponding
optimizedmultidimensionalembedding,using AdaBoost.
This ideacomesfrom [3], whereAdaBoostis usedto opti-
mizeembeddingsfor nearestneighborretrieval.

Theinputswe give to theembeddingconstructionalgo-
rithm are the sameas in Section5: a setC of large mar-
gin classi�ers,a setX tr � X of labeledtrainingexamples,
and a matrix M of classi�er outputsC(X ) for eachpair
(C; X ) : C 2 C; X 2 X tr .

Embeddingconstructionis performedasfollows:

1. We de�ne for eachR 2 C a 1D embeddingF R .

2. For eachF R we alsode�ne the correspondingweak
triple-classi�er ~F R .

3. We constructa setT of training triples (X ; L (X ); Y )
suchthatX 2 X tr ; Y 2 Y � f L (X )g.

4. WerunAdaBoost[20] usingT astrainingdata,soasto
combinemany weaktriple-classi�ersof type ~F R into
a strongtriple-classi�erH :

H =
dX

i =1

(� i ~F R i ) ; (6)

whereeachRi is anelementof C andeachweight� i is
a positive realnumber. Essentially, AdaBoostis used
to chooseRi and� i .

5. Based on strong classi�er H we de�ne a d-
dimensionalembeddingFout anda distancemeasure
� : Rd � Rd ! R asfollows:

Fout (Q) = (F R 1 (Q); :::; F R d (Q)) : (7)

Fout (Y ) = (F R 1 (Y ); :::; F R d (Y )) : (8)

�(( u1; :::; ud); (v1; :::; vd)) =
dX

i =1

(� i jui � vi j) : (9)

Eqs. 7 and8 usethede�nition of F R given in Eqs.1 and
2. In Eq. 9, (u1; :::; ud) and(v1; :::; vd) ared-dimensional
vectorsthatFout mapspatternsandclassesto.

Following the proof in [3] for AdaBoost-trainedem-
beddings,it holds that H = ~Fout . In other words, the
classi�er H trained via AdaBoost misclassi�es a triple
(Q; L (Q); Y 6= L(Q)) if f, underdistance� , Fout maps
Q closerto Y thanto L (Q). Therefore,AdaBoostdirectly
optimizestheerror rateof ~Fout , which is exactly themea-
surewe wantedto optimizefor thepurposesof usingFout

for �lter -and-re�neclassi�cation.

7. Experiments

We evaluateour methodon two datasets,shown in Fig.
1: a datasetof handimages,wherewe wantto estimatethe
handshapeandthe3D orientation,andtheFaceRecognition
GrandChallenge(FRGC)Version2 dataset[18].

7.1. Datasets

7.1.1 The Hand Dataset

This datasetcontainshandimagesof 81 basichandshapes
de�ned in AmericanSign Language(ASL). Thereare 30
different3D orientationsfor eachshape,for a total of 81 �
30 = 2430handposeclasses.

Using Poser5 [5], we generated200 syntheticimages
for eachclass:150 for trainingOVA classi�ers,25 for use
as training during embeddingconstructionvia AdaBoost,
and 25 for testing. For eachsynthetichandimage,clut-
teredbackgroundfrom randomreal imageswas addedto
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the regionsoutsidethe handsilhouette.2430OVA classi-
�ers were trainedusingSVMs with a linear kernel. His-
togramof OrientedGradientfeatures[6] were used. All
histogrambinswerestoredasa 2025-dimensionalvector.

For evaluation,in additionto thesynthetichandimages,
wealsousedasecondtestsetof 992realhandimages,col-
lectedfrom 7 subjectsandwith clutteredbackground.The
real testimagescover 13 out of the 2430classes.We col-
lectedreal imagesfrom only a few classesin order to fa-
cilitate the extremelylaboriousprocessof manuallyanno-
tating thegroundtruth for thoseimages.Furthermore,be-
causeof thedif�culties in visually estimatingthe3D hand
orientationon an image,we assignedto eachhandimage
four differentclasslabels(outof thepossible2430classla-
bels). Eachof thosefour classlabelscorrespondedto the
samehandshapeanda 3D orientationwithin 30 degreesof
themanuallylabeledorientation.Theclassi�cationresultis
consideredcorrectif f it is equalto oneof thosefour labels.

7.1.2 The FaceDataset

Thefacesetcontainsall 2D faceimagesin theFaceRecog-
nition GrandChallengeVersion2 (FRGC2)dataset[18].
Thereare36817faceimagesfrom 535 subjects(i.e., 535
classes).Thesefaceimageswerepartitionedinto threedis-
joint sets: for eachsubject,half of the faceimageswere
usedfor trainingOVA classi�ers,1/4wereusedfor embed-
ding construction,and1/4 wereusedfor testing. The fea-
turesof faceimagesweretheir projectionson thetop 2509
PCA components,which accountsfor 99.9%of the vari-
ance.The535one-vs-allfaceclassi�ersweretrainedusing
SVMswith anRBF kernel.

Wealsocreatedanalternative,smallertestset,whichwe
call the faces-25test set. In faces-25we includedall test
imagesfrom classesfor whichat least25trainingexamples
were available for the embeddingconstructionalgorithm.
Thefaces-25setis usefulfor illustratinghow performance
of our methodis affectedwhenthenumberof trainingex-
amplesperclassbecomestoosmall. Imagesin thefaces-25
testsetwerestill classi�edagainstall 535classes.

7.2. Methodsand Parameters

In our experimentswe evaluate� ve differentmethods:
brute-forceclassi�cation, and four different variationsof
ClassMap,asfollows:

� Brute force: evaluateall OVA classi�ers; selectthe
classwhoseclassi�er producedthehighestresponse.

� CM-RRC: use �lter -and-re�ne classi�cation, with
version2 of the re�ne step(seeSection5), and use
arandomlygeneratedClassMapembedding.

� CM-RRC-Thr : use �lter -and-re�ne classi�cation,
with version3 (OVA+threshold)of there�ne step,and
usea randomlygeneratedClassMapembedding.

� CM-Boosted: use�lter -and-re�neclassi�cation,with
version2 of there�ne step,andaClassMapembedding
constructedusingAdaBoost.

� CM-Boosted-Thr: use�lter -and-re�neclassi�cation,
with version3 (OVA+threshold)of there�ne step,and
a ClassMapembeddingconstructedusingAdaBoost.

Thenumberof trainingtriplesusedto trainCM-Boosted
embeddings,usingthealgorithmof Section6,was3 million
for both the handdatasetand the facedataset. The CM-
Boostedembeddingshad45 dimensions(d = 45) for the
handdataset,and84 dimensionsfor the facedataset.The
numberof dimensionsis simply the numberof reference
classi�ers to which AdaBoostassignednon-zeroweights.
The sameembeddingwasusedfor both realandsynthetic
testimagesof hands,andthesameembeddingwasusedfor
boththefacesandthe faces-25testsets.To make compar-
isonsfair, the samedimensions(45 for handsand 84 for
faces)werealsousedfor theCM-RRCembeddings.

For the facedataset,for version3 of the re�ne stepof
Section5, thethresholdt wassetto � 0:38. This valuewas
chosenby consideringthe training examples: � 0:38 was
the smallestvalue that would increaseclassi�cation error
on thetrainingexamplesby nomorethan0:05%.

7.3. Results

Performanceis measuredbasedon classi�cation accu-
racy andef�ciency. Fig. 3 displaystheresultsobtainedfor
thefour testsets(realhandimages,synthetichandimages,
faces,and faces-25)using brute force, CM-Boosted,and
(for the facesandfaces-25sets)CM-Boosted-Thr. To pro-
ducedifferent accuracy-vs.-ef�ciency trade-offs, we vary
parameterp of the re�ne step (Section5), which speci-
�es themaximumnumberof candidateclassesto consider.
Onemeasureof ef�ciency is thenumberof OVA classi�er
evaluationsperquery. OVA classi�ersareevaluatedat the
embeddingstep,in orderto producethe embeddingof the
query, andat there�ne step,wheretheOVA classi�erscor-
respondingto thecandidateclassesareevaluated.

On thehandimages,brute-forceclassi�cationaccuracy
is 22:5% for the real imagesand 95:3% for the synthetic
images. At the costof 85 classi�er evaluationsper query
(d = 45; p = 40), CM-Boostedproduces23:9% classi�-
cationaccuracy for thereal imagesand95:3% for thesyn-
thetic images.Interestingly, for therealhandimages,CM-
Boostedis both fasterandmoreaccuratethanbruteforce.
A patternmisclassi�edvia bruteforcecanbeclassi�edcor-
rectly via the �lter -and-re�ne method,if the OVA classi-
�er(s) producingfalsealarmsarenotassociatedwith candi-
dateclassesconsideredduringthere�ne step.
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Figure3. Resultson therealandsynthetictestsetsof handimages,andon thefacesandfaces-25testsets.For methodsCM-Boostedand
CM-Boosted-Thrwe plot accuracy vs. numberof OVA classi�er evaluationsperquery. We alsoshow asa solid horizontalline thebrute
forceclassi�cationaccuracy, attainedata costof 2430and535classi�er evaluationsperqueryrespectively for handsandfor faces.
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Figure4. ComparingAdaBoost-basedembeddingconstructionto
randomembeddingconstruction.For therealhandtestsetandthe
facestestset,we comparethe singleembeddingconstructedvia
AdaBoostvs.resultsfrom 100randomlyconstructedembeddings.

In termsof runningtime for thehanddataset,thespeed
of brute force classi�cation is 28 images/second,and the
speedof CM-Boosted(at d = 45; p = 40) is 781 im-
ages/second,which is 28 timesfasterthanbruteforce. In
a detectionsetting, where hundredsor thousandsof im-
agewindowsareclassi�edseparatelyin orderto determine
wherethe handis located,the speed-upfactorof 28 pro-
ducedby our methodcanmakea big differencein practice.

For thefacedatasetourmethodagainprovidesamoreef-
�cient alternative to brute-forceclassi�cation. Brute-force
classi�cation achievesan accuracy of 92:0%, and it takes
2:17secondsto classifya faceimage.At acostof 178clas-
si�er evaluationsper query, the CM-Boosted-Thrmethod
yields an accuracy of 91:6%, andit takes0:73 secondsto
classifya faceimage,which is 3:0 timesfasterthanbrute
force.We alsonotethattheCM-Boosted-Thrmethodgives
betterresultsthantheCM-Boostedmethod.

The resultson the faces-25datasetillustrate that our
methodachieves better accuracy/ef�ciency trade-offs for
classeswith 25 or more training examples. At a cost of
128 classi�er evaluationsper query, the CM-Boosted-Thr
methodyields an accuracy of 94:9%, equal to the accu-
racy of bruteforce,at thespeedof 0:53secondsperimage,
which is 4:1 fasterthanbruteforce.

Fig. 4 comparesthe single embeddingconstructedvia
AdaBoostvs. resultsfrom 100 randomlyconstructedem-
beddings. Interestingly, for the real hand images,sev-

75 100 125 150 175 200 225
0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

cl
as

si
fic

at
io

n 
ac

cu
ra

cy

number of classifier evaluations per query

Faces

 

 

Brute Force
CM-Boosted-Thr, trained on 535 classes
CM-Boosted-Thr, trained on 435 classes
CM-RRC-Thr, best, RRCs from 435 classes
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Figure 5. Measuringgeneralizationof ClassMapembeddingsto
patternsfrom classesnot availableduringAdaBoosttraining. We
show resultsfrom an embeddingoptimizedon all 535 classes,
andanembeddingoptimizedon only 435classes,leaving out 100
classes.We alsoshow resultsfrom thebestperformingout of 100
CM-RRCembeddings(with referenceclassi�erschosenfrom the
435 classes),andthe medianresult from those100 embeddings.
The testsethereis the setof testpatternsfrom the left-out 100
classes.Eachtestpatternis classi�edagainstall 535classes.

eralrandomembeddingsperformbetterthantheAdaBoost-
constructedembedding. SinceAdaBoostin generalcon-
vergesonly to a local optimum, it is alwayspossiblethat
a randomconstructionturnsout to bebetterthanthis local
optimum. In the facesdataset,the AdaBoost-constructed
embeddingdoesoutperformall 100CM-RRCembeddings.
Still the randomlyconstructedClassMapembeddingsper-
form betterthanbruteforce,achieving similar accuracy at
morethantwice thespeed.

Onelastexperimentmeasuresthegeneralizationability
of CM-Boostedembeddings.In this experiment,AdaBoost
usestraining examplesfrom only 435 of the 535 classes
of the facedataset,andthe testsetincludesonly examples
from theleft-out100classes.For eachtestexample,all 535
classesarestill consideredaspossibleoutputs.In Fig. 5 we
comparetheresultsto thoseobtained(on thesametestset
from theleft-out100classes)usingtheoriginalembedding,
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thatwastrainedonall 535classes.Not surprisingly, perfor-
manceis worsefor theembeddingthatwastrainedwithout
examplesfrom theclassesin thetestset.At thesametime,
performanceon thoseleft-outclassesis still betterthanthat
of CM-RRCembeddingsandbruteforce.For example,ata
costof 110classi�er evaluationsperquery, theembedding
trainedwithout examplesfrom the testclassesachievesan
accuracy of 84:5%, which is worsethanthe87%accuracy
of theembeddingtrainedwith all 535classes,but is better
thanthanthemedianaccuracy (78:5%) andthemax accu-
racy (82:5%) attainedusing100randomlyconstructedem-
beddings. This experimentshows that our methodcould
beapplicablein a dynamicsetting,wherenew classesand
classi�erscanbeinsertedafter theembeddingwastrained,
without requiringa new embeddingto beconstructed.

8. Discussion

We have presenteda novel approachfor speedingup
recognitionin the presenceof a large numberof classes.
Thekey ideahasbeento relatepatternsandclassesby con-
structinga joint embedding,that mapsboth patternsand
classesinto acommonvectorspace.Usingthisembedding,
a small numberof candidateclassesfor eachquerycanbe
quickly identi�ed usingsimplevectorcomparisons.

In experimentswith datasetsof handand faceimages,
andin thepresenceof largenumbersof classes(2430and
535classesrespectively), ourmethodleadsto 3 to 28 times
fasterclassi�cationcomparedto bruteforce, with negligi-
ble or no lossin accuracy. In our experiments,our method
alsoworkswell onquerypatternsfrom classesthatwerenot
availableduringembeddingconstruction.

In our implementation,the �lter stepcomparestheem-
bedding of the query to the embeddingsof all classes.
This steptakesnegligible time in our experiments,but can
becomea bottleneckfor really large numbersof classes.
However, by mappingclassesto a vectorspace,ClassMap
allows applicationof numerousvector indexing methods
(e.g.,LSH [12]) for speedingupthe�lter step.Usingvector
indexingmethodscanleadto recognitiontimethatis sublin-
earto thenumberof classes,thusallowing ef�cient recogni-
tion evenwith signi�cantly moreclassesthanthenumbers
usedin ourexperiments.
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