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Abstract

In many computervision applications, sud as face
recaynitionandhandposeestimationwe needsystemshat
canrecanizea verylarge numberof classesLarge mamin
classi cation methodssud as AdaBoosiand SVMs,often
provide competitiveaccuracy rates,but at the costof eval-
uating a large numberof binary classi ers. \We propose
an embedding-baseshethodfor ef cient multiclassrecay-
nition. In our method patternsand classesare mappedo
vectos in sud a way that patternsand their associated
classegendto get mappedcloseto eadh other Thisway,
givena testpattern, a small set of candidateclassescan
beidenti ed ef ciently usingsimplevectorcomparisonsin
experimentswith 3D handposerecanition (2430classes)
andfacerecgnition (535classes)pur methods betweerB8
and28timesfastercompaedto evaluatingall binary clas-
si ers, with nggligible or nolossin classi cationaccuracy.

1. Intr oduction

A fundamentatomputervision and patternrecognition
problemis ef cient andaccurateecognitionof averylarge
numberof classesReal-world vision systemsshouldeven-
tually be ableto recognizethousandof differentobjects,
thousandof differentsignsof a signlanguagethousands
or millions of humanbodyor handposesandfacesof thou-
sandsr millions of individuals. Traininganindividual one-
vs.-all (OVA) classi er for eachclassis becominga com-
mon approachandis a naturalway to apply theoretically
andempirically soundlarge magin methods suchasAd-
aBoosf20] andSVMs[24], to amulticlasssetting[2]. The
guestionwe addressn this paperis the following: assum-
ing thatwe have trainedall theseindividual classi ers,how
canwe usethemef ciently?

The standardway suchindividual OVA classi ers are
usedtoday is essentiallybrute-forcesearch: given a pat-
ternto classify all classi ersareappliedsoasto 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/orientatiocombinations.Bottom: rec-
ognizingpersonidentity, out of a large numberof classesln this
papenwe proposea methodfor quickly identifying, givena query
asmallnumberof candidatelassessoasto speeduprecognition.

classi er producingthe strongestresponse.This stratey
can quickly becomeimpracticalas the numberof classes
becomedarge. To achieve a scalablesolution,we propose
a novel paradigm,wherebyef cient andaccuraterecogni-
tion is framedasa databassearctproblem:givenapattern
to classify the goalis to quickly identify, in a databasef
classesasmallsetof candidatelassedor thatpattern.The
winning candidatecanthenbe selectedy applyingthein-
dividual classi ersavailablefor the candidateclasses.

Designingan ef cient searchmechanisnfor a database
of classeds a non-trivial problem. First, classesare ab-
stractentitieswith no explicit representatiogivena priori.
Secondnodistancemeasurés de ned a priori for compar
ing databas®bjects(classes}o eachotherandto queries.



ClassMapthe methodproposedn this paperconstructsan
explicit representatioffor classesthat canbe usedto 1).
“store” suchclassesn anactualdatabase?). de ne adis-
tancemeasurédetweerclasseandfrom patterngdo classes,
and3). accommodatef cient search.

In generalthe proposedmethodis designedfor usein
domainswherethetaskof multiclassrecognitionis decom-
posedinto multiple binary classi cation problems. In ad-
dition to the one-vs.-all(OVA) schemewherea classi er
is trainedfor eachclass,our methodcanalsobe usedwith
the all-pairs schemewherea classi er is trainedfor each
pair of classespr with more generalerrorcorrectingout-
put codes[2, 8]. Our methodis not concernedwith how
the classi ersaretrained,e.g., using AdaBoostor support
vectormachinesTheonly assumptionsve make arethat:

1. all binaryclassi ershave alreadybeentrained,and
2. asetof labeledtraining patternshasbeenprovided.

Thekey ideain ClassMaps thatwe canembedbothpat-
ternsandclassesnto acommonvectorspacejn away that
patternstendto get mappedcloseto their correctclasses.
Findingthe nearestlassef a patternin this vectorspace
canbe doneef ciently, usingcomputationallylight vector
comparisonsThisway, asmallnumberf candidatelasses
can be quickly identi ed for eachquery Then, only the
binary classi ers associatedvith thoseclasseseedto be
appliedto thequery

We evaluateour methodon two datasetsillustratedin
Fig. 1: a datasetof handimagesfor which we want to
recognizethe handshapeand 3D orientation(out of 2430
classes)andadatasebf faceimagesvherewe wantto rec-
ognizethe individual (out of 535 classes).In both cases,
one-vs.-all(OVA) classi ersaretrained. Comparedo the
brute-forcemethod,whereall OVA classi ers are applied
on eachpattern, our methodis between3 and 28 times
fasterwith negligible or nolossin classi cationaccurag.

2. Related Work

Nearesneighborclassi cation[9] is asimplemethodfor
multiclassrecognition,andhasbeensuccessfullyappliedin
large multiclassproblems,such as facerecognition(e.g.,
[16]) andarticulatedposeestimation(e.g.,[21]). Theoret-
ically, k-nearesmneighborclassi cation accurag becomes
optimal asthe numberof training dataapproache nity
[9]. However, for amountsof training dataavailablein real
applicationsnearesheighborclassi ersoftenfall shortof
thetheoreticallyoptimalbehavior.

An alternatve approachor multiclassrecognitionis to
uselarge margin classi ers, trainedfor examplevia boost-
ing [10, 15, 2Q] or supportvectormachineSVMs) [24].
Comparedo nearesheighbomethods|arge maigin meth-
odscanbe appealingoecausef their generalizatiorprop-

ertiesandgoodempiricalperformancen termsof classi -
cationaccurag. The standardstrateyy for applyinglarge
margin methodsto a multiclassproblemis to decompose
themulticlassprobleminto a setof binary problemg?2].

Different typesof multiclass-to-binarydecompositions
can be de ned using errorcorrectingoutput codes[2, §].
Themostcommonlyuseddecompositionareinto all-pairs
problems,wherea classi er is trainedto discriminatebe-
tweeneachpair of classesor into one-vs.-all(OVA) prob-
lems,where,for eachclass,an OVA classi er is trainedto
discriminatebetweenthat classand all other classes. To
classifya query all binary classi ersareapplied. An ex-
ceptionis the DAGSVM method[19], that usesthe all-
pairsschemebut requiresa numberof classi er evaluations
thatis only linearto the numberof classesasin the OVA
schemeFeaturesharingfor boostectlassi ers[23] cansig-
ni cantly reducethe featureextraction cost, but doesnot
reducethe numberof requiredclassi er evaluations.

A variety of indexing methodscanbe usedto speedup
nearesheighborretrieval andclassi cation[3, 4,12, 13,14,
21], often achieving signi cant speedup®ver brute-force
search3, 21]. However, for large margin methods prute-
force evaluationof a large numberof classi ersis the cur-
rentstateof theart. ClassMapthe methodproposedn this
paper is designedo provide an efcient alternatve to the
brute-forcemethodfor large margin multiclassrecognition.

Our methodperforms,given a pattern,a quick search
in a databas®f classego identify candidateclasses.This
searchtaskhasmary conceptuasimilaritieswith theclassi-
cal taskof searchingor nearesheighbors.However, clas-
sical nearesheighborindexing methodg3, 4, 12, 13, 14]
areinapplicableto our setting,becausef two issues:1).
In our problem,databas@bjectsareclassesthusliving in
a different spacethan patterns. 2). No distancemeasure
is de ned a priori for comparingdatabas@bjects(classes)
to eachotherandto queries,whereasearesneighborin-
dexing methodsrequiresucha distancemeasureo exist.
The main contribution of this paperlies in describinghow
to overcomethesetwo issuesandtherebyobtaina method
for ef cient searchn adatabasef classes.

We shouldalso mentionsomeadditional methodsthat
have beenproposedor speci ¢ large multiclassproblems.
Ef cient handposeestimationis achievedin [17] by com-
bining hierarchicalclassi ersinto a treestructure.Hierar
chicaltemplatematchinghasbeenusedfor pedestriarde-
tection[11] andhandposeestimatior[22]. Articulatedpose
can be treatedas a multidimensionalregressionproblem,
andestimatorscanbe trainedthat mapobsenationsinto a
continuougposespacdl, 7]. However, mary domainge.g.,
facerecognitiondonotlendthemselesreadilyeitherto hi-
erarchicallecompositioror to regression-baseelstimation.
Ourmethodontheotherhand,is readilyapplicablein such
domainsaslongasa nite setof classesanbede ned.



3. Problem De nition and Overview

Let X beaspaceof patternsandY bea nite setof class
labels. Every patternX 2 X hasaclasslabelL(X) 2 Y.
We usethe term databaseas a synorym for Y, the terms
classanddatabaseobjectassynorymsfor classlabel, and
thetermqueryasasynorym for querypattern

We assumehatwe have chosena decompositiorof the
multiclassrecognitionprobleminto afamily of binaryprob-
lems. While our methodcanbe appliedwith moregeneral
decompositionsfor brevity we only considerone-vs.-all
(OVA) andall-pairsdecompositionsin the OVA scheme,
for eachclassY 2 Y alargemamginclassierCy : X! R
is trainedto discriminatebetweenpatternsof classY and
all otherpatternsHigher(morepositive) response€y (Q)
indicate higher con dencethat L(Q) = Y. To classify
aqueryQ 2 X, the standardapproach(which we want
to speedup using ClassMap)is to evaluateCy (Q) for all
Y 2 Y, andclassifyQ asbelongingo theclassY for which
Cy (Q) is maximized.

In the all-pairsschemefor eachpair of classegY1; Y>)
aclassierCy,y, : X! Ristrainedto discriminatebe-
tweenclassY; andclassY,. To classifyaqueryQ 2 X,
the standardapproach(which, again,we wantto speedup
usingClassMapjs to: 1). computeCy, v, (Q) for all pairs
(Y1;Y2), and2). determinghe nal classi cationoutputus-
ing avoting schemewhereeachCy, .y, votesfor Y1 and/or
Y2, with aweightthatdependntheresponsey, .v, (Q).
Differentvoting schemeganbeused[2].

Let C bethesetof all binaryclassi erscorrespondingo
the decompositiorschemewe have chosen. For example,
C canbea 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
processhat,asdescribedabove,in orderto classifyaquery
Q needgo computeC(Q) forallC 2 C.

Given the above de nitions, the problem we want to
solve canbestatedasfollows: we wantaclassi cationpro-
cessthat, usingthe large mamin classi ersin C, classi es
query patternsQ as accuratelyas possibleand asfastas
possible. Ideally, we want the classi cation procesgo be
signi cantly fastercomparedto brute-forceclassi cation,
but not signi cantly lessaccurate.

The key ideain our methodis to de ne an embedding
F:X[ Y! RYthatmapsbothpatternsandclassesnto a
commond-dimensionalectorspaceandthattendsto map
queriesQ and their correspondingclassed. (Q) closeto
eachother Using suchan F, we canefciently identify
for eachQ a setof candidateclassespy nding classes
Y whoseembeddingd- (Y) arecloseto F(Q). It is as-
sumedthat measuringhe distancebetweenvectorsF (Q)
andF (Y) is muchfasterthancomputingthe outputof a bi-
naryclassierC 2 C onaqueryQ. Oncewe obtaina set

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

4. Jointly Embedding Queriesand Classes

In orderto keepour formulation general,the only as-
sumptionsthat we malke are that we are given a setC of
alreadytrainedbinary classi ers,asetX; X of labeled
training examples,and a matrix M storing precomputed
outputsC(X ) forallC 2 CandX 2 Xy .

Undertheseassumptionsthe only way to obtaininfor-
mationabouta queryQ 2 X is to evaluateC(Q) for some
classiersC 2 C. Ourgoalis 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 usethatinforma-
tion to quickly generatea shortlist of candidateclassegor
Q7 Alternatively, givenaclassY 2 Y, how canwe ob-
tain a quick evaluationof whetherY is a candidateclass
for Q? The answeris thatwe cancomparehow well each
computedoutput C(Q) matchesa typical outputof C on
trainingexamplesfrom classyY .

More formally, we de ne anembedding= : X[ Y !
RY that jointly mapspatternsand classesnto a common
d-dimensionalreal vectorspaceRY. We startby de ning
a simple 1D embeddingF R of both patternsQ 2 X and
classesr 2 Y basedontheresponsesf asingleclassi er
R 2 C, whichwe call arefeeenceclassi er:

FR(Q) = R(Q): (1)
FR(Y) = medianfR(X) : X 2 Xy :L(X)=Yg:(2)

We shouldnote that referenceclassi ers play a role anal-
ogousto that of refelenceobjectsin Lipschitzembeddings
[13]. Note that, for the embeddingF R (Y) of a classY,
we usethe medianof outputsof R on training examples
belongingto classY . We treatthis medianasatypical out-
putof R on patterndrom classY . An alternatve approach
would beto usethe meaninsteadof the median;we chose
themedianasa statisticthatis morerobustto outliers.

Using 1D embeddings R as building blocks, we can
de ne amultidimensionaembedding® : X[ Y ! R¢:

FQ = (FR Qi ®)
F(Y) ..... (4)

We usethe term ClassMapembedding$or embedding$
de ned this way. Notethatany OVA or all-pairsclassi er
in C canbeusedasareferencelassi erin theabove equa-
tions. A simpleway to constructsuchan embedding- in
practiceis to choosed classi ersrandomlyfrom C.

An example of a simple ClassMapembedding,com-
puted with real data (facesfrom the 535-classFRGC2
datasef18]) is shavn on Fig. 2. We illustratea 2D em-
beddingF de ned usingtwo OVA classi ersCy, andCy,
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Figure2. A 2D embedding® = (FRt;FR2), de ned usingEgs.
3 and 4 with two referenceclassi ersR1 and R, and mapping
both patternsandclassesnto R?. We shov the mappingsof pat-
ternsbelongingto classesr; andY>, andthe mappingof classes
Y1 andY; themseles. Note thatthe mappingof eachclassis ob-
tainedby computing,alongeachdimensionthe medianmapping
of patterndrom thatclassalongthatdimension.UsingtheL ; dis-
tance 28 of the 32 patternsaremappedloserto theembeddingf
their own classthanto theembeddingf the otherclass.

asreferencelassi ers. The gure shovstheembeddingsf
trainingexamplesfrom two otherclassesr; andY,, differ-
entfrom theclassesys andY, thatthereferenceclassi ers
Cy, andCy, weretrainedto recognize We seein the gure
that,in mostcasesF mapspatternscloserto the embed-
ding of their own classthanto the embeddingpf the other
class.Thatis exactlythebehaior thatwe wantto exploit to
achieve ef cient searchin the databasef classesgivena
queryQ, we expecttheembedding- of its trueclassL (Q)
to bearelatively closeneighborof F (Q).
Usinga ClassMapembeddingve candrasticallyreduce

the numberof requiredclassi er evaluations,by simply
nding the classesvhoseembeddingsre closeto the em-
beddingof the query Essentiallywe substitutevectorcom-
parisondor classi er evaluations.This schemdeadsto ef-
ciency gainsin two ways: rst, we assumehatmeasuring
thedistanceébetweerntwo vectorsis muchfasterthanapply-
ing aclassi er on apattern.Secondsincethe queryandall
databaselassesaremappedo a commonvectorspacegf-
cient vectorindexing methodse.g.,LSH[12], canbeused
to speedup nearesheighborsearchin thatspace.

5. A Simple ClassMapImplementation

In this sectionwe sketcha simpleend-to-endmplemen-
tationthatspeci esboththe off-line stepsof preprocessing
andembeddingonstructionandtheonlineprocessf mul-
ticlassrecognitionusingClassMap.

Our methodtakesasinput thefollowing data:

A setC of largemamgin classiersC : X! R, corre-

spondingo somemulticlass-to-binarglecomposition.
A setXy X of trainingexampleswith classlabels.

A matrix M of classi er outputsC(X) for eachpair
(C;X):C2C; X 2 Xy

The rst objectiveis to constructa ClassMapembedding
F. A simpleapproachs to rst choosed, i.e., the dimen-
sionality of the embedding,and then simply chooseran-

Equations3 and4. The last preprocessingtepis to com-
puteandstoreF (Y) for eachclassY 2 Y.

Oncepreprocessings done,we canproceedo therun-
time phaseof our method,i.e., classi cationof previously
unseemuerypatterns.For the runtime phasewe adaptthe
Iter -and-re neframavork [13]. GivenaqueryQ 2 X, we
performthefollowing steps:

Embedding step computeF (Q).

Filter step rankall classesy by thedistanceof their
embedding$ (Y) from F (Q).

Re ne step, version 1 (all-pairs): for someuser
speci ed numberp, computeall response€y, v, (Q)
suchthatclassesy; andY, wererankedin thetop p
classedy the Iter step.Determinetheclasslabelfor
Q by voting accordingto thoseresponsef?].

Re ne step, version 2 (simple OVA): for someuser
speci ed numberp, computeall responsey (Q)
suchthatclassY wasrankedin the top p classesy
the lter step.AssignQ totheclassY of theclassi er
Cy producingthe highestresponse.

Re ne step,version3 (OVA +thr eshold} givenuser
speci ed p andt: startcomputingCy (Q), according
to the orderin which Y wasranked at the Iter step.
If, for someY, Cy (Q) t, thenassignQ to classY
and nish. If p classedave alreadybeenconsidered,
classifyQ asin thesimpleOVA case.

We notethatthereis alargeamountof e xibility in de-
signing the re ne step. In additionto the threeversions
provided above, several otherversionsmay be reasonable
choicesfor speci ¢ domains.Our focusin this paperis not
thespeci cimplementatiorof there ne step,butthedesign
of appropriateembeddingd- to be usedfor the Iter step,
within thegenerallter -and-re neframework.

Therationaleof the OVA + thresholdversionof there-

ne stepis that higherresponse<y (Q) indicate higher
con dencethat Q indeedbelongsto classY. Responses
Cy (Q) higherthansomethresholdt may be so conclusve
thatwe cansafelyclassifyQ, without performingarny more
classi er evaluations.The thresholdt canbelearnedfrom
trainingexamplessoasto rarelyleadto incorrectdecisions.

Regardles®f the particularimplementatiorof there ne

stepthekey ideain lter -and-re neclassi cationis thatthe
Iter step,usingefcient vectorcomparisonsgcanquickly
identify a relatively small setof candidateclasses.Then,
there ne stepusesnoreexpensve computationgclassi er
evaluations)to chooseoneamongthosecandidates.



6. Optimizing Embedding Quality

In orderfor F to beusefulfor Iter -and-re neclassi ca-
tion, F shouldtendto mapqueriescloserto their own class
thanto otherclassesin otherwords,if Q 2 X isarandom
gueryof classL (Q), andY 6 L(Q) isarandomclassin the
databasewe wantit to hold asoftenaspossiblethatF (Q)
be closerto F (L (Q)) thanto F(Y). Insteadof choosing
randomreferenceclassi ers,assuggestedh Section5, we
canoptimizeembeddingsiccordingto this criterion.

In particulag let  bethe distancemeasurausedin R,
andletQ 2 X;Yy = L(Q); Y2 6 L(Q). For every embed-
dingF : X[ Y ! RYwede ne acorrespondinglassi er
F:X Y Y! R,asfollows:

F(Q:Y1;Y2) = ( F(Q);F(Y2) ( F(Q);F (Y1) (1 )
5
In words, the taskof F is to decidewhetherL(Q) = Y;
or L(Q) = Y. Thedecisionsimply dependson whether
F (Q) is closerto F (Y1) orto F(Y,). Positve andnega-
tive outputsof F correspondespectiely to decisionsthat
L(Q) = Yy andL(Q) = Y,. We wantto constructan F
so that the error rate of F on triples (Q; Y1;Y2) @ Y1 =
L(Q); Y2 6 L(Q) is minimized.

For the sale of clarity we shouldemphasiz¢hattwo en-
tirely differenttypesof classi ersappeain ourformulation:
The rst typeis largemanginclassiersC : X ! R. The
secondypeis classi ersF associatedvith embedding$-,
whereF : X Y Y ! R mapsatriple (Q;Y1;Y2) toa
realnumber In the remaindernf the paperwe will referto
classi ersof typeF usingthetermtriple-classi ers.

EveryR 2 C canbeusedto de ne a1D embedding- R.
Triple-classi er FR is expectedto actasa weakclassi er,
with possiblyhigh errorrate,but betterperformancehana
randomguesgsee.for example,Fig. 2). We will now dis-
cusshow to combinemary suchweaktriple-classi ersinto
an optimized strongtriple-classi er, and a corresponding
optimized multidimensionalembedding,using AdaBoost.
Thisideacomesfrom [3], whereAdaBoostis usedto opti-
mizeembedding$or nearesheighborretrieval.

Theinputswe give to the embedding-onstructioralgo-
rithm arethe sameasin Section5: a setC of large mar
ginclassi ers,asetXy X of labeledtrainingexamples,
and a matrix M of classi er outputsC(X) for eachpair
(C;X):C2C; X 2 Xy

Embeddingconstructionis performedasfollows:

1. We de ne for eachR 2 C a1D embeddingR.

2. For eachFR we alsode ne the correspondingveak
triple-classi erFR.

3. We constructa setT of trainingtriples (X;L(X);Y)
suchthatX 2 X4;Y 2Y fL(X)g.

4. WerunAdaBoos{20] usingT astrainingdata,soasto
combinemary weaktriple-classi ersof type FR into
astrongtriple-classi erH:

xd
H=" (PR ©)
i=1

whereeachR; is anelemenbf C andeachweight ; is

a positive real number Essentially AdaBoostis used
tochooseR; and ;.

5. Based on strong classier H we dene a d-
dimensionalembedding-,,; anda distancemeasure

:RY RY! R asfollows:
Fout (Q) = (FF*(Q);::FRY(Q)) : @)
Fout (Y) = (FRU(Y);unFRa(Y)) . (8)

Cijui vij): (9

i=1

(( uz;uq); (vas o va)) =

Egs. 7 and8 usethe de nition of FR givenin Egs.1 and
2. In EqQ. 9, (ug;:::;uq) and(vy; i vq) ared-dimensional
vectorsthatF,,; mapspatternsandclassego.

Following the proof in [3] for AdaBoost-trainedem-
beddings,it holdsthatH = Fg, . In otherwords, the
classier H trained via AdaBoost misclassi es a triple
(Q;L(Q);Y 6 L(Q)) iff, underdistance , Fo,t maps
Q closerto Y thanto L(Q). Therefore AdaBoostdirectly
optimizesthe errorrate of Fy; , which is exactly the mea-
surewe wantedto optimizefor the purposef usingF gy
for lter -and-re neclassi cation.

7. Experiments

We evaluateour methodon two datasetsshavn in Fig.
1: adatasebf handimageswherewe wantto estimatethe
handshapeandthe3D orientation andthe FaceRecognition
GrandChallenggFRGC)Version2 datasef18].

7.1 Datasets
7.1.1 The Hand Dataset

This datasetontainshandimagesof 81 basichandshapes
de ned in AmericanSign Language(ASL). Thereare 30
different3D orientationsfor eachshapefor atotal of 81
30= 2430handposeclasses.

Using Poser5 [5], we generated?00 syntheticimages
for eachclass: 150 for training OVA classi ers, 25 for use
as training during embeddingconstructionvia AdaBoost,
and 25 for testing. For eachsynthetichandimage, clut-
teredbackgroundfrom randomreal imageswas addedto



the regions outsidethe handsilhouette. 2430 OVA classi-
ers weretrainedusing SVMs with a linear kernel. His-
togramof OrientedGradientfeatures[6] were used. All
histogrambinswerestoredasa 2025-dimensionalector
For evaluation,in additionto the synthetichandimages,
we alsouseda secondestsetof 992 realhandimagesgcol-
lectedfrom 7 subjectsandwith clutteredbackground.The
realtestimagescover 13 out of the 2430classes.We col-
lectedreal imagesfrom only a few classesn orderto fa-
cilitate the extremelylaboriousprocessf manuallyanno-
tating the groundtruth for thoseimages. Furthermorepe-
causeof the dif culties in visually estimatingthe 3D hand
orientationon animage,we assignedo eachhandimage
four differentclasslabels(out of thepossible2430classla-
bels). Eachof thosefour classlabelscorrespondedo the
samehandshapanda 3D orientationwithin 30 degreesof
themanuallylabeledorientation.Theclassi cationresultis
consideredtorrectiff it is equalto oneof thosefour labels.

7.1.2 The FaceDataset

Thefacesetcontainsall 2D faceimagesn the FaceRecog-
nition Grand ChallengeVersion2 (FRGC2)datase{18].

Thereare 36817faceimagesfrom 535 subjects(i.e., 535
classes)Thesefaceimageswerepartitionedinto threedis-
joint sets: for eachsubject,half of the faceimageswere
usedfor training OVA classi ers,1/4 wereusedfor embed-
ding constructionand 1/4 wereusedfor testing. The fea-
turesof faceimagesweretheir projectionson the top 2509
PCA componentswhich accountsfor 99.9% of the vari-

ance.The5350ne-vs-alifaceclassi ersweretrainedusing
SVMswith anRBF kernel.

We alsocreatedanalternatve, smallertestset,whichwe
call the faces-2%estset. In faces-25ve includedall test
imagedrom classegor which atleast25trainingexamples
were available for the embeddingconstructionalgorithm.
Thefaces-25etis usefulfor illustratinghow performance
of our methodis affectedwhenthe numberof training ex-
amplegperclassbecomegoo small. Imagesin thefaces-25
testsetwerestill classi edagainstall 535classes.

7.2 Methods and Parameters

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

Brute force evaluateall OVA classi ers; selectthe
classwhoseclassi er producedhe highestresponse.

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

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

CM-Boosted use lter -and-re neclassi cation,with
version2 of there ne step,andaClassMapgmbedding
constructedisingAdaBoost.

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

Thenumberof trainingtriplesusecto train CM-Boosted
embeddingsysingthealgorithmof Section6, was3 million
for both the handdatasetand the facedataset. The CM-
Boostedembedding$ad 45 dimensiongd = 45) for the
handdatasetand 84 dimensiondor the facedataset.The
numberof dimensionsis simply the numberof reference
classi ersto which AdaBoostassignechon-zeroweights.
The sameembeddingvasusedfor both real and synthetic
testimagesof handsandthe sameembeddingvasusedfor
boththefacesandthe faces-23estsets. To make compar
isonsfair, the samedimensions(45 for handsand 84 for
faces)werealsousedfor the CM-RRC embeddings.

For the facedatasetfor version3 of the re ne stepof
Section5, thethresholdt wassetto 0:38. Thisvaluewas
chosenby consideringthe training examples: 0:38 was
the smallestvalue that would increaseclassi cation error
onthetrainingexamplesby no morethan0:05%.

7.3. Results

Performancds measuredasedon classi cation accu-
ragy andefciency. Fig. 3 displaysthe resultsobtainedfor
thefour testsets(real handimages synthetichandimages,
faces,and faces-25)using brute force, CM-Boosted,and
(for the facesandfaces-25ets)CM-Boosted-Thr To pro-
duce different accurag-vs.-efciency trade-ofs, we vary
parameterp of the re ne step (Section5), which speci-
es themaximumnumberof candidateclassego consider
Onemeasuref ef ciency is the numberof OVA classi er
evaluationsper query OVA classi ersareevaluatedat the
embeddingstep,in orderto producethe embeddingpf the
query andatthere ne step,wherethe OVA classi erscor
respondingo thecandidateclassesreevaluated.

On the handimages brute-forceclassi cationaccurag
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 -
cationaccurag for therealimagesand95:3% for the syn-
theticimages.Interestingly for therealhandimages,CM-
Boostedis both fasterand moreaccuratethanbruteforce.
A patternmisclassi edvia bruteforce canbeclassi ed cor-
rectly via the Iter -and-re ne method,if the OVA classi-
er(s) producingfalsealarmsarenotassociatedvith candi-
dateclassesonsiderediuringthere ne step.
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Figure3. Resultson therealandsynthetictestsetsof handimagesandon the facesandfaces-23estsets.For methodsCM-Boostedand
CM-Boosted-Thmwe plot accurag vs. numberof OVA classi er evaluationsperquery We alsoshav asa solid horizontalline the brute
forceclassi cationaccuray, attainedata costof 2430and535classi er evaluationsperqueryrespectiely for handsandfor faces.
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Figure4. ComparingAdaBoost-basedmbeddingconstructiorto
randomembeddingonstructionFor therealhandtestsetandthe
facestestset,we comparethe single embeddingconstructedria
AdaBoostvs.resultsfrom 100randomlyconstructec@mbeddings.

In termsof runningtime for the handdatasetthe speed
of brute force classi cation is 28 images/seconcand the
speedof CM-Boosted(atd = 45,p = 40) is 781 im-
ages/secondyhich is 28 timesfasterthan bruteforce. In
a detectionsetting, where hundredsor thousandsf im-
agewindows areclassi ed separatelyn orderto determine
wherethe handis located,the speed-ugfactor of 28 pro-
ducedby our methodcanmale a big differencein practice.

Forthefacedataseburmethodagainprovidesamoreef-
cient alternative to brute-forceclassi cation. Brute-force
classi cation achievesan accurag of 92:0%, andit takes
2:17 seconddgo classifyafaceimage.At acostof 178clas-
si er evaluationsper query the CM-Boosted-Thrmethod
yields an accurag of 91:6%, andit takes0:73 secondgo
classifya faceimage,which is 3:0 timesfasterthanbrute
force. We alsonotethatthe CM-Boosted-Thmethodgives
betterresultsthanthe CM-Boostedmethod.

The resultson the faces-25datasetillustrate that our
method achieves better accurag/ef ciency trade-ofs for
classeawith 25 or more training examples. At a cost of
128 classi er evaluationsper query the CM-Boosted-Thr
methodyields an accurag of 94:9%, equalto the accu-
ragy of bruteforce,at the speedf 0:53 secondperimage,
whichis 4:1 fasterthanbruteforce.

Fig. 4 compareghe single embeddingconstructedvia
AdaBoostvs. resultsfrom 100 randomly constructecem-
beddings. Interestingly for the real hand images, se/-
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Figure 5. Measuringgeneralizatiorof ClassMapembeddinggo
patterndrom classesot availableduring AdaBoosttraining. We
shaw resultsfrom an embeddingoptimized on all 535 classes,
andanembeddingptimizedon only 435classesleaving out 100
classesWe alsoshaw resultsfrom the bestperformingout of 100
CM-RRC embeddinggwith referenceclassi erschoserfrom the
435 classes)and the medianresultfrom those100 embeddings.
The testsethereis the set of testpatternsfrom the left-out 100
classesEachtestpatternis classi ed againstll 535classes.

eralrandomembeddinggerformbetterthanthe AdaBoost-
constructedembedding. Since AdaBoostin generalcon-
vergesonly to a local optimum, it is always possiblethat
arandomconstructionturnsout to be betterthanthis local
optimum. In the facesdatasetthe AdaBoost-constructed
embeddingloesoutperformall 100CM-RRC embeddings.
Still the randomlyconstructedClassMapembeddingper
form betterthanbruteforce, achieving similar accurag at
morethantwice thespeed.
Onelastexperimentmeasureshe generalizatiorability
of CM-Boostedembeddingsln this experiment, AdaBoost
usestraining examplesfrom only 435 of the 535 classes
of the facedatasetandthe testsetincludesonly examples
from theleft-out 100classesFor eachtestexample,all 535
classearestill consideredspossibleoutputs.In Fig. 5 we
comparethe resultsto thoseobtained(on the sametestset
from theleft-out100classesysingtheoriginalembedding,



thatwastrainedon all 535classesNot surprisingly perfor

manceis worsefor theembeddinghatwastrainedwithout

examplesfrom the classesn thetestset. At the sametime,

performancenthoseleft-out classess still betterthanthat
of CM-RRCembeddingsindbruteforce. For example,ata

costof 110classi er evaluationsper query the embedding
trainedwithout examplesfrom the testclassesachievesan

accurag of 84:5%, which is worsethanthe 87% accurayg

of the embeddingrainedwith all 535 classesbut is better
thanthanthe medianaccurag (78:5%) andthe max accu-
ragy (82:5%) attainedusing100randomlyconstructecem-

beddings. This experimentshaws that our methodcould

be applicablein a dynamicsetting,wherenew classesand

classi erscanbeinsertedafterthe embeddingvastrained,
withoutrequiringa new embeddingo be constructed.

8. Discussion

We have presenteda novel approachfor speedingup

recognitionin the presenceof a large numberof classes.

Thekey ideahasbeento relatepatternsandclassesy con-
structinga joint embeddingthat mapsboth patternsand
classesnto acommonvectorspace Usingthis embedding,
a smallnumberof candidateclassedor eachquerycanbe
quickly identi ed usingsimplevectorcomparisons.

In experimentswith datasetof handandfaceimages,
andin the presencef large numbersof classeq2430and
535classesespectiely), our methodieadsto 3 to 28times
fasterclassi cationcomparedo bruteforce, with negligi-
ble or nolossin accurag. In our experimentspur method
alsoworkswell onquerypatterngrom classeshatwerenot
availableduringembeddingonstruction.

In our implementationthe lter stepcompareghe em-

bedding of the query to the embeddingsof all classes.

This steptakesnegligible time in our experimentshut can

becomea bottleneckfor really large numbersof classes.

However, by mappingclassego a vectorspace ClassMap
allows applicationof numerousvector indexing methods
(e.g.,LSH[12)]) for speedingipthe lter step.Usingvector
indexing methodganleadto recognitiortime thatis sublin-
earto thenumberof classesthusallowing ef cient recogni-
tion evenwith signi cantly moreclasseghanthe numbers
usedin our experiments.
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