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Abstract

We approad the task of object discriminationas that of
learningefcient “codes” for eat objectclassin termsof
responseso a setof chosendiscriminants. We formulate
this appmad in an enegy minimizationframevork. The
“code” is built incrementallyby successivelgonstructing
discriminantsthat focuson pairs of training imagesof ob-
jectsthat are currently hard to classify Theparticular dis-
criminantsthatweusepartition thesetof objectsof interest
into two well-sepaated groups. We nd the optimal dis-
criminantas well as partition by formulatingan objective
criteria that measues the well-sepaatenessof the parti-
tion. We deriveaniterativesolutionthatalternatesdetween
the solutionsfor two genealized eigenpoblems,one for
the discriminantparametersand the other for the indica-
tor variablesdenotingthe partition. WWe showhow the op-
timizationcan easilybe biasedto focuson hard to classify
pairs,which enablesisto choosenew discriminantsoneby
onein a sequentiamannerWe validateour approac ona
challengingfacediscriminationtaskusingpartsasfeatuies
andshowthat it compaesfavorably with the performance
of aneigenspacenethod.

1 Intr oduction

Mary approacheso image-basea@bjectrecognitionpro-
ceedby detectinga numberof (possiblylocalized)feature
responsegn an input image and combiningthe evidence
from theseresponseto determinethe presencer absence
of anobject[1, 12, 14]. Two main issuesneedto be ad-
dressedn suchapproachesFirst, how do we selectgood
features? Secondwhatis an appropriateframevork for
combiningthe evidencefrom the variousfeatureresponses
in agiveninputimage?
Considerthe task of learning a discriminator for a
multi-classobjectrecognitionproblem,giventraining data
where aretrainingimages
of objectsof interestand  arecorrespondinglasslabels
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. Our basicapproactwill beto con-
structa “code” for animagein termsof the responseso
a setof binarydiscriminants thatwe
learn from the training data. Thesebinary discriminants
will bethe featuresthatwe use. An examplefor a binary
discriminantis animagetemplatemask for aspeci c fea-
tureof anobjectclass(saytheeyesfor afacediscrimination
task)alongwith athreshold andthelocation in aninput
imagewherethe templateshouldbe applied. Givenanin-
putimage thetemplaterespondsvith if the correlation
of the subimageat location of the input imagewith is
greaterthan andwith otherwise. More generaldis-
criminantscanbe usedand are discussedn 4. Figurel
givesanillustration of the approach.Intuitively, a “good”
codeshouldhave thefollowing properties

Imagesfrom the sameobjectclassshouldbe “close”
togetheiin code-space.

Imagesf differentobjectclasseshouldbeasfar apart
aspossiblein code-space.

For binary discriminants,a distancemeasurebetween
twoimages and in codespacehatis simpleyet e xi-
bleis theweightedcorrelationfunction:

1)

which is relatedto the usualhammingdistancewhen the
weightsareall setto . Usingthis distancemeasuregiven
aninputimagethe classlabelcorrespondingo thetraining
imagethathasthe highestcorrelationwith theinputimage
is reported.As discusse@bore, the goalattrainingtimeis
to nd asetof discriminantsuchthattrainingimagesfrom
the sameobjectclassare highly correlatedwhile training
imagesfrom differentclassesare as uncorrelatedas pos-
sible. In our work, we achieve this goal by minimizing a
lossfunction that penalizesdeviationsfrom the above two
criteria. To do this, we rst reducethe original multi-class
probleminto a binaryclassi cationproblemsothatwe can
incorporatebothcriteriainto onelossfunction.
The original multi-classproblemwith the training set
canbereducedo acorresponding
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Figurel: lllustration of a “code”-spacefor objects.Eachimage
of anobjectof interesthasa“code-word”in termsof theresponses
to a setof binarydiscriminantsasillustratedat the top of the g-
ure. Thebottomshavsa D embeddingf suchcode-wordgor a
sampleof imagedrom variousobjectclasse#\, B, C,D. Thegoal
isto nd codeghat clustertogetherimagesfrom the sameobject
classwhile separatingut imagesfrom differentclassesasmuch
aspossible.

binaryclassi cationproblemwith thetrainingset:

wherethe classlabelsfor the binary problem  is given
by :

if

if
Giventhisreductionandalossfunction , We canincor-

poratethe above two criteria by minimizing the following
totalloss:

(2)

with respecto bothdiscriminants andthecorresponding
weights . Theloss correspond-
ing to a particularpair of images is high whenthe
signof thecorrelation betweerthetwo imageds
differentfrom the classlabel . The particularapproach
thatwe useto selectrobustdiscriminantghatminimizethe
total lossis the centraltopic of this paperandis discussed
in 2.2.

The enegy minimizationframevork above is mostre-
latedto the boostingframewvork from themachinelearning

community[2]. In boosting,so-called“weak classi ers”
are learnedsequentiallyand combinedto give a weighted
voting rule for discriminatingobjectsfrom eachother In

our approachthe correlationterm in the
totalloss(2) correspondingo thediscriminant  is analo-
gousto aweakclassi er. Theweightedvotingruleis analo-
gousto theweightedcorrelationfunctionin eq(1). At each
stageof boostinga runningmeasureés keptof how well the
currentsetof weakclassi ersthathave beenlearnedsofar
candiscriminatethe objects(classesn the learninglitera-
ture). In themulti-classsetting this measureanbethought
of asa confusionmatrix andis analogougo the matrix of

lossterms in our approachwhere
the correlationfunction  usesthe currentsetof discrimi-
nantslearnedsofar. The confusionmatrix is thenusedto

biasthe weakclassi er to focuson discriminatingobjects
thathave beenhardto classify Recentapplicationsof the
boostingframevork to objectdiscriminationcanbe found
in[12, 15].

In our work, we adoptthe stratgy usedin the boost-
ing framewvork for sequentiallylearning discriminantsin
theenegy minimizationframevork. New discriminantsare
learnedbneby onethatminimizethecurrentoss. Theover-
all schemas detailedn 2.3.3.

An importantissuein the boostingframewvork is how
easyit is to couplethe weakclassi er with the confusion
matrix. Typically, whenusingstandardveakclassi ers,the
couplingmay not be easyor natural. The weak classi er
mayevenneedto bemodi ed to work with a confusionma-
trix. In our approachaswill bedetailedin 2.2 the deter
minationof the optimal discriminantis formulatedin such
a way that a straight-forwardand tight coupling between
the confusionmatrix andthe optimizationproblemfor
thediscriminantcanbe achiered. Analogouso “boosting”
weakclassi ersin the boostingliterature,we canconsider
our approaclasthatof “boosting” discriminants.

In generalthediscriminants usedcanbeary function
that partitionsthe spaceof images into two. We would
like to choosehosediscriminantghatsatisfythefollowing
desirablecriteria:

I. Thediscriminantshouldfocuson pairsof trainingim-
ageghathave beendif cult to classify(i.e. dif cult to
clusteror discriminateasthe casemay be) sofar. In
otherwords,thediscriminantshouldfocuson pairsfor
whichthecorrespondingntryin the confusionmatrix

is high.

II. As muchaspossible pairsof trainingimagesrom the
sameobjectclass(i.e., ) shouldbe put in
the samepartitioninducedby the discriminant,while
pairsof trainingimagesfrom differentobjectclasses
(i.e., ) shouldbe putin differentpartitions.

[ll. The partition inducedon the training set is “well-



separatedivith eachpartition“tightly” clusteredThis
shouldmakethe discriminantmorerobustat run-time
if thetrainingdatais representadie of datato be seen
atrun-time.

In 2.2,we shav how we satisfythe abore two criteriaby
formulatingan objective functionthatcanbe thoughtof as
an unsupervisedyeneralizatiorof the well known Fisher
criteria[4] which canbe optimizedto nd boththeoptimal
discriminantas well asthe optimal partition of the train-
ing set. Unlike thetraditionalformulation,we usea purely
pair-wiseformulation,whichallowsusto easilybiastheop-
timizationto focuson the pairsof trainingimagesthatare
currentlyhardto classifyusingthe discriminantdearnedso
far (i.e.,in thenotationabore, pairsfor which is high).

We summarizeour approactby answeringhetwo ques-
tionsposedatthebeginningaswell asoutlinetherestof the
paperasfollows:

Variouscandidateliscriminantsareconstructedy op-

timizing a pairwiseformulationof a generalizatiorof

the Fishercriteria 2.2. The candidatediscriminant
thatreduceghetotalloss(2) the mostis chosen.

Thediscriminantchosersofar areweightedandcom-
binedto give the nal correlationfunctionto be used
atrun-time( 2.3.2and 2.3.3).

In 3 we validateour approacthon a challengingface dis-
criminationtask.

2 Method

2.1 The LossFunction

In our work, we usethe exponentiallossfunction
in thetotalloss(2), giving us:

3)
(4)

Theresultingtotal lossis a convex function of the weights
with a globalminimum. Anotherlossfunctionthatcan
be usedis thelogistic costfunction
Eitherchoicefor the lossfunctioncanbe r|gorouslymot|-
vatedandjusti ed in the maximumentropyframevork [5].
Given a training setand a setof discriminants the maxi-
mum entropyframeavork seeksthe leastcommittedmodel
thatis consistentith the statisticsof the responsesf the
discriminantsover the training set. In this framework, it
canbe shawvn that the exponentiallossfunctionis the op-
timal choiceamongall lossfunctionswhenunnormalized

modelsare sought,while the logistic lossis optimalwhen
conditionalprobabilitymodelsaresought.Thesdossfunc-
tions are alsocommonlyusedin the boostingcommunity
thoughthejusti cation thereis from a learningperspectie.

For simplifying the presentatioroelow, we will usethe ex-

ponentiallossfrom now on, althoughall the resultsbelow

canbeadaptedor thelogisticlosswith little dif culty .

2.2 BoostingDiscriminants

Learninga good coderequires nding gooddiscriminants

andtheassociateaveights . We now presenbur ap-
proachto nding gooddiscriminantghat satisfythe three
criteriaoutlinedin 1.

2.2.1 Finding Good Discriminants

Let usassumehatwe aregivenacontinuoudeaturespace.
For example thepixel intensitiesn alocalized win-
dow arounda given locationin an inputimagelies in the
continuoudeaturespace . Wewouldlike to nd adis-
criminantin the featurespacethat satis esthe criteriaout-
linedin 1. Oneof thecriteria(lll) isto nd adiscriminant
along which the training imagesare partitionedinto two
well-separatedjroups,eachof which is tightly clustered.
Therationalefor this criteriais thatsuchadiscriminantcan
be expectedto reliably determinethe partitionthatunseen
imagesof objectsof interestbelongto, assuminghat the
trainingdatais representate of all theimagesof objectsof
interestthatwill be encounteredln otherwords,we want
to maximize:

across-partitioseparation
within-partition separation

If we know the optimal partitionthatsatis esthe above
criteria, thenthe optimal discriminantcanbe found by op-
timizing the Fisherdiscriminantquotient[4]. Let bethe
vectorcorrespondindo thetrainingimage in thecontin-
uousfeaturespace(i.e., in the exampleabove).
TheFisherquotientis usuallyformulatedin theliteraturein
termsof the rst andsecondrderstatisticsof the training
dataasfollows:

where are the meansof the projectionsonto the
discriminant ofthe 'sin thetwo partitions,andsimilarly

arethecorrespondingariancesin ourformulation
however, we will insteadusea purely pairwise formula-
tion thatwill allow usto easilyincorporateheothercriteria
discussedn 1. We denotea partition of the trainingim-
agesby indicatorvariables whereeach

indicatesthe partitionthat  belongsto in



the featurespace.The pairwise formulationof the Fisher
guotientthatwe useis thengivenby :

()

where is theseparation

alongthe discriminanthyperplane betweentraining im-

ages and . Notethatasrequiredtheterm

is anindicatorfunctionthatdenotesvhen and arein

differentpartitionswhile denotesvhen and
arein the samepartition. The distancefunction

- alsoknown asa kernel- canbe generalizedo non-linear

kernelsaswill bediscussedn 4.

In practice,we will have to determineboththe optimal
partition (i.e. asettingfor thatoptimizeseq (5)) aswell
asthe optimal discriminanthyperplane. Thisis anunsu-
pervisedmixed discrete-continuousptimization problem
(discretein andcontinuousin ). We derive aniterative
solutionfor this optimizationproblemin the next subsec-
tion. Oncethe hyperplane is found, we canform alinear
discriminant sgn where is the optimal
thresholdhatseparatethe two partitions.

We can measurethe performanceof the discriminant
with respectto the binary classi cation problemat hand.
Two training imagesfrom two differentobjectclassesare
classi ed correctly by the discriminantif they fall in dif-
ferentpartitions. Similarly, two training imagesfrom the
sameobjectclassare classi ed correctlyif they fall in the
samepartition. However, nothingin the criteriaoptimized
by the quotientin eq (5) explicitly encouragesnding dis-
criminantswith good classi cationperformance.We now
do soby encodingthe othertwo criteria(l,ll) in 1 intothe
optimization.

We can constrainthe optimizationof eq (5) suchthat
trainingobjectsthatbelongto the sameobjectclassareen-
couragedto be in the samepartition (criteria (I1)). This
is donesimply by usingthe sameindicatorvariablefor all
trainingimagesbelongingto the sameobjectclass,i.e. all
trainingexamples  thathave the sameclasslabel  will
usethe sameindicatorvariable . Thusary assignmento
theindicatorvariableswill putall trainingimagesfrom the
sameobjectclassin the samepartition.

We can encodecriteria (I) by biasingthe optimization
to focuson pairsof trainingimagesthat have beenhardto
classifywith the currentsetof discriminantghathave been
learnedso far. Let us assumethat discriminantshave
beenlearnedso far and let be the correspond-
ing weightedcorrelationfunction (eq (1)) of the “code”
betweentwo images and in termsof the responses
to the discriminants. As discussedn 1 the lossterm

canbe considerechsa measureof
thedif culty in classifyingthe two images. The pairwise
formulationof theFisherquotienteq(5) is readilyamenable

to incorporatingheseosstermsby weightingeachtermin
the Fisherquotientby the correspondindossterm. Thus
harderto classifypairsof trainingimageswill hase acorre-
spondinglylargerin uence onthe optimizationof the quo-
tient. Themodi ed expressiorfor the quotientis :

(6)

2.2.2 lterative Optimization

In practice,direct optimizationof is hardsinceit is a
discrete-continuousgptimizationproblem.To makethe op-
timizationfeasible werelaxthediscreteoptimizationover
to a continuousoptimizationproblem.With this relaxation,
we proposeaniterative maximizationschemehy alternat-
ing betweemaximizing w.rt keeping x edandmax-
imizing w.r.t. keeping x ed. We shav below thateach
of thesesubproblemdeadsto a correspondingeneralized
eigevalueproblem.

First, considermaximizing keeping x ed. De ne a
matrix ~ with entries:

where rangesover all theindicesof trainingimagesthat
belongto class andsimilarlyfor  (thenotationtakesinto
accountthe fact that indicatorvariablesare sharedamong
trainingimagedrom thesameclassj.e. criteria(ll) above).
Let beavectorof 'swith thesamenumberof compo-
nentsas . Then canbesimpli ed asfollows:

Let beadiagonalmatrix with Diag . Since
eachcomponenbf takesvaluesin , thefollow-
ing equivalencecanbeveri ed : . Substi-
tuting above, we get:

(7)

As mentionedbefore, insteadof solving for the hard
discreteoptimization problem, we solve for an approxi-
matecontinuougproblem.Speci cally, insteadof assuming
thatthe indicatorvariablescantake on only binary values

, we let themtakeon valuesin the continuousn-
terval . In otherwords,we make*“soft” insteadof
hardassignmentsFor continuousvaluesof , is maxi-
mizedwhen is setto the eigervectorcorrespondingo the
largesteigervalue of the generalizedeigen-alue problem



Next, we maximize keeping x ed.De ne thematri-
ces:

with  and de ned asbefore. An importantissueis

thefactthatthe optimizationabove for returnssoft” as-

signments.Thesesoft assignmentseedto be normalized

suchthatthe largestcomponen{in magnitude)of is set

to . Thisensureghatall the componentarein therange
. With theseassumptions, canbesimplied to:

— (8)

Onceagain, ismaximizedwhen is setto theeigeector
correspondingdo the largesteigervalue of the generalized
eigen-alueproblem .

Figure2 summarizeshe iteratve scheme We alternate
betweermaximizing w.rt. and by solvingfor thecor
respondingeigervector problems,until convergence. Al-
thoughthe iterationis guaranteedo increase monoton-
ically, it canget stuckin alocal minimum. Hencein our
experimentswe rst nd the mostsigni cant principal
componentf all the vectors for some thatis x ed
apriori, theninitialize to eachof theseprincipal compo-
nentsandoptimizeusingtheiterative schemgustdescribed
andchoosehehyperplane amongthemthatmaximizes .
Notethatthe optimalpartition is notrequiredfor therest
of thescheme.

Let bethe rst PCAcomponentsf theset
of featurevectors correspondingp trainingimages

do for

. Set .
Il. Iterate between the two
and

eigenproblemg

until corvergenceto
. Set

Output correspondingo max

Figure?2: Pseudo-codéor nding optimaldiscriminants

Figure3is anillustrationof theabove iterative algorithm
on a syntheticexamplein a continuous D featurespace.
Therearetwo trainingexamplesfor every class(connected
by a dashedine for eachclass).Both trainingexamplesin
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Figure3: Syntheticexamplein a continuous D featurespacsl-

lustratingtheiterative algorithmfor nding optimaldiscriminants.
Thenumbemext to aline is theiterationnumber The nal parti-
tion foundis denotecby  and

eachclasssharethe sameindicatorvariablein theiteration.
The algorithm cornvergedto the optimal discriminant(ap-
proximatelyhorizontal)in afew iterations.eventhoughthe
initializationwasfar from the optimalsolution.Also, the -
nal partitionfound(denotecdby  and ) is consistentvith
what one would expect the optimal partition to be. Note
that the variation within classeqapproximatelyalongthe
vertical direction)is moreon averagethanvariationacross
classegmostlyalongthe horizontaldirection). Thus,if we
hadnotspeci edtheclassmembershipf trainingexamples
throughsharedndicatorvariablestheoptimaldiscriminant
foundwould be almostorthogonato the oneshownn in the
gure sincethat would be the directionwhich maximizes
theFisherquotient.

Choosing . Finding the optimal threshold is a one-
dimensionalproblemalongthe discriminanthyperplane,
for which we use a simple brute-forcesearch. The opti-
mal valuefor is thatwhich minimizesthe total loss(2).
Thetotallosschange®nly when crossesvector pro-
jectedonto . Accordingly, we determine asfollows: sort
the projectionsonto the optimal of all the 's, nd the
totallossfor eachvalueof thataremid-points(for robust-
nessatrun-time)betweersuccessie sortedprojectionsand
choosehe thatgivesthe minimum.

2.3 Learning an Ef cient Code

Finally, we discussthe detailsof the enegy minimization
framewvork for learninggood codesand presentthe over
all scheme. As discussedn 1, we selectdiscriminants
that minimize the total loss (2) sequentially We rst dis-



cusstechniquesfor composingmore powerful discrimi-
nantsfrom the simplediscriminantgresentedn the previ-
oussectionto achieve betterperformancen practice.Once
adiscriminant  hasbeenchosenthe corresponding
needsto be optimized. We discusshe practicalissuesin-
volvedin optimizing  in 2.3.2. We thensummarizehe
overallschemen 2.3.3.

2.3.1 ComposingDiscriminants

The simplediscriminantsby themseles may not be suf-
ciently powerful in practice. We canconstructmore pow-
erful discriminantsby composinga setof simplediscrimi-
nants.In our work, we composeliscriminantsn a “tree”.
An inputimagetraversesa pathfrom therootnodeto aleaf
nodein the tree. The branchtakenby the imageat each
nodealongthepathis determinedy thebinaryresponsef
thesimplediscriminantatthatnode(see gure 4).

Beforediscussinghe detailsof the compositiorwe use,
we rst pointouttheonly relevantinformationabouta sim-
ple discriminantthat the enegy minimization framevork
utilizes (this will also be true at run-time). A discrimi-
nant  only entersthe total loss (2) throughthe corre-
lation term on pairs of images and
This correlationterm indicateswhetherthe pair of im-
agesbelongto the samepartition inducedby the discrim-
inant ( ) or into different partitions
( ). Thuswe canthink of the correla-
tion term asthe “partition” function of the corresponding
discriminant.

As mentionedabove, we will usetreesof discriminants

in placeof simplediscriminants  to makethe scheme
morepowerfulin practice.  will thenbeaweightassoci-
atedwith the wholetree . Consequentlythe role of the
correlationterm inducedby the simplediscriminant  in
theenegy minimizationframevork will bereplacedy the
partitionfunctioninducedby the tree partitionsthe
spaceof all imagesinto thosecoveredby the leaf nodesof
thetree(see gure 4). Usinga slight abuseof notation,we
candenotethe partitionfunctioninducedby thetree by

,whichis if  mapsbothimages and to

the samepartition (i.e. sameleaf nodeof )and oth-
erwise. Using this partition function, we seekto minimize
thefollowing totalloss:

2.3.2 Optimizing

Both the exponentialand logistic loss function resultin a
totalloss(2) thatis convex with a globalminimum. Given

Figure4: Composingsimplediscriminantdnto atreeof discrim-
inants.Ontherightis shavn atree composedf two discrimi-
nantsandon the left the partitioninducedon theimagespace .
Also shawn is the pathtakenin thetreeby anexampleimage( )
andthe correspondingartitionthatit belonggo.

asetof discriminantrees  theoptimizationof suchcon-
vex lossfunctionsw.r.t. is straight-forwardandcanbe
achievedin practicewith Newton-basedterative numerical
technique$11].

We cangetsomeintuition for theoptimalsetof  given
a setof discriminanttrees , by deriving closed-formex-
pressions. By settingthe rst deriative of the total loss

w.rt.  to attheoptimum,it canbeshavn[11] thatthe
optimum  for each takestheform:
where is thetotallossof all pairsof trainingexamples

thatwerecorrectlyclassi ed (i.e. ) by
the th discriminantand is the total loss of all pairs
of training examplesthat were incorrectly classi ed (i.e.
). Thelossfor apair of trainingexam-
plesin both and doesnotincludethe contritution
dueto the th discriminantandthusis a measureof how
badlythe otherdiscriminantdo onthatpair. Thustheratio
(andhencealso ) is ameasuref the classi -
cationpower of the th discriminant- the higherthe ratio,
thebetteris thediscriminant.

In practice,dueto limited training datathe optimal esti-
matefor ~ canbeovercon dent(i.e. largein value). We
cansmooththeestimatgthuspreferringsmallervalues)us-
ing aregularizer In ourwork asimplequadratiaegularizer

wasusedwhere is a constant.This
regularizerwhenaddedo thetotallossin (2) still ensures
globalminimum.

2.3.3 Summary

We arenow in apositionto describegheoverallschemeLet
beasetof continuoudeaturespaceshatwill beusedfor
constructingliscriminantsFor example,in theexperiments
on facediscriminationthatwe reportin 3, the continuous
featurespacesarethe pixel intensitiesin a localizedwin-
dow aroundvariousfeaturelocationsof thefacesuchasthe



gyes,nose,etc. At the startof eachiterationwe have a set
of discriminanttrees andthe associated
weights thatwerelearnedn previousit-
erations.At eachiterationwe try out various‘re nements”

(to be describedshortly) of the discriminanttreesin
andchoosethe re nement that minimizesthe total
loss2 themost. This processs repeatedor a certainnum-
berof iterations.

A re nementof theset is de ned to bethe replace-
mentof someleaf node belongingto sometree
by aboostedliscriminaniconstructedn somefeaturespace

. Theboosteddiscriminants constructedisdetailed

in 2.2 wherethe training examplesare thosethat reach
the leaf node . We also constructboosteddiscriminants
overthecompleterainingsetfor variouschoicesof feature
spaces sothattheschemecanchooseo start“grow-
ing” a new discriminanttreeif needed.For simplicity we
will treatthe addition of sucha discriminant(constructed
usingthecompletdrainingset)to theset asalsoare ne-
mentof . If isthetotalnumberof leaf nodesin all the
treesof ,thenthenumberof re nementsthatwe consider
ateachiterationis . Figure5 showvsthe
pseudo-codéor the overall scheme.

Initialize :
I. Let beasetof continuoudeaturespaces.
. Initialize the setof discriminanttrees

dofor iterations

|. Constructhesetof re nements of
details).

(seetext for

II. Update by there nement thatminimizes
thetotal lossin (2). Also updatethe corresponding
weights .

Outputthecorrelationfunction:

(9)

At run-time, on input image , reportthe objectlabel
associatedvith the training image  that maximizes

Figure5: Pseudo-codéor the sequentiakelectionof discrimi-
nants.

3 Results

We validatedour approacton a challengingfacediscrimi-
nationtaskbasedn the FERET databas¢9]. Thetraining

Parts

Training

Testing

Figure6: Theleft shavs sampletrainingandtestingimagesfor

two individuals from the FERET database.The testingimages
weretakenabouta monthafterthe trainingimages.Note the dif-

ferencein expressiorandhair. Theright shavs the partsusedas
featuredor which discriminantsverelearned.

imagesconsistf pairsof frontalimagesof  individuals,
while thetestingimagesalsoconsistof pairsof frontalim-
agef thesamendividualsbut takenarounda monthapart
from the training imageswith differencedn hair, lighting
andexpressions.See gure 6 for sampletraining andtest-
ing images.Suchimageshave beenconsiderechallenging
in theliterature[8, 9].

For testingpurposesye rigidly alignedall facesusing
manuallylabeledpositionsof thetwo eyes. In practice we
can automatethis procesausing face detectionand align-
menttechniqueq7, 10]. For our approachwe usedthe
prominentregionsaroundthe eyes,noseandmouthasfea-
tures(see gure 6). The pixel intensitiesarounda local-
izedwindow aroundeachfeatureformsacontinuoudeature
space.Candidatediscriminantsare constructedrom each
of thesefeaturespacesiteachiterationasdescribedn 2.2.
Note thatthe samefeaturespacecancontribute mary dis-
criminantsover iterations wherediscriminantsconstructed
in differentiterationsare in generalfocusedon different
pairs of training imagesthat were found dif cult to clas-
sify usingthe discriminantsconstructedso far in previous
iterations.

As abaselinewe rst determinedhe performancef a
simpleeigenspacdasedmethod[13]. For eachimage,all
thesubimagesor the differentpartswerecombinedo give
onevector The rst PCA component®f the resulting
vectorsfor thetrainingdatawerefoundto captureover
of the enegy in the data. Both training and testingdata
were projectedonto thesePCA componentand a search
for the nearestraining imagefor eachtestingimagewas
performed.Theresultingrecognitionratewas

Ourapproachiequiresafew parameterto beset. Theto-



tal numberof discriminantsieededtanin generabesetus-
ing cross-alidation. However, in our casecross-alidation
is quiteexpensve. Insteaddf usingcross-alidation,we use
asimplerschemen which we determingwice the number
of discriminantghatgivesatrainingerrorof . Thismakes
the “code” that is learnedmore redundanthan necessary
to classify the training images. This redundang should
help the codeto be robustat run-time. Also a regulariza-
tion constanf wasusedto smooththe weights
(see 2.3.2). After training, we classi ed a testimageby
nding thetrainingimagethatwasmostcorrelatedwvith the
testimageusingthe correlationfunction (9) outputby our
scheme.ln otherwords,we foundthe nearesheighborin
code-spaceTheresultingrecognitiorratewas . This
comparegavorablywith thebaselinesigenspacéchnique
above. The performancas alsosimilar to the methodsre-
portedin theliteraturefor similardataset§7, 8, 9]. We plan
to makemorethoroughcomparisonsvith thesemethodsn
thefuture. Thetrainingtime for our approactwasaround
hours,while therun-timewasaround seconds.

4 Conclusion

We have presentedn approacho learninggooddiscrimi-
natorsthatcanbethoughtof asthatof learninggoodcodes.
Gooddiscriminatorsaredeterminedsequentiallythatfocus
onthe currentlyhardto classifytrainingimages.Suchdis-
criminatorsareweightedandcombinedin anenegy mini-
mizationscheme.

The work presentedn this paperusedlinear feature
spaceswvherethe distancebetweenthe representations
and in somefeaturespaceof twoimages and was
givenby thelinearkernel

(see 2.2). We cangeneralizeour approachby using
morepowerful non-linearkernelsthatis de ned on pairsof
images. Suchkernelscannotbe decomposeas a simple
productof two termseachof whichis a functionof only a
singleimageasis thecasefor alinearkernel.Suchkernels
enableusto usefeaturespacesn which distancemeasures
canbenon-linear For example,the histogranof somefea-
turelike color or gabor Iter response@ alocalizedwin-
dow of animageforms a featurespace. An appropriate
distancebetweentwo histogramds the -squaredistance
whichis non-linear It is known thatfor kernelsthatsatisfy
so-calledMercerconditiong6], we cansolve the optimiza-
tionproblemin 2.2.We planto investigatesuchextensions
in thefuture.
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