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Abstract

We approach the task of object discriminationas that of
learningef�cient “codes” for each objectclassin termsof
responsesto a setof chosendiscriminants. We formulate
this approach in an energy minimizationframework. The
“code” is built incrementallyby successivelyconstructing
discriminantsthat focuson pairs of training imagesof ob-
jectsthat are currentlyhard to classify. Theparticular dis-
criminantsthatweusepartition thesetof objectsof interest
into two well-separatedgroups. We �nd the optimal dis-
criminantas well as partition by formulatingan objective
criteria that measures the well-separatenessof the parti-
tion. Wederiveaniterativesolutionthatalternatesbetween
the solutionsfor two generalized eigenproblems,one for
the discriminantparametersand the other for the indica-
tor variablesdenotingthepartition. We showhowtheop-
timizationcaneasilybebiasedto focuson hard to classify
pairs,which enablesusto choosenew discriminantsoneby
onein a sequentialmanner. We validateour approach ona
challengingfacediscriminationtaskusingpartsasfeatures
andshowthat it comparesfavorably with theperformance
of aneigenspacemethod.

1 Intr oduction

Many approachesto image-basedobject recognitionpro-
ceedby detectinga numberof (possiblylocalized)feature
responsesin an input imageand combiningthe evidence
from theseresponsesto determinethepresenceor absence
of an object [1, 12, 14]. Two main issuesneedto be ad-
dressedin suchapproaches.First, how do we selectgood
features? Second,what is an appropriateframework for
combiningtheevidencefrom thevariousfeatureresponses
in a giveninput image?

Consider the task of learning a discriminator for a
multi-classobjectrecognitionproblem,giventrainingdata
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aretrainingimages
of objectsof interestand
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arecorrespondingclasslabels
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. Our basicapproachwill beto con-
structa “code” for an imagein termsof the responsesto
a setof binarydiscriminants)+*
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that we
learn from the training data. Thesebinary discriminants
will be the featuresthat we use. An examplefor a binary
discriminantis animagetemplatemask4 for a speci�c fea-
tureof anobjectclass(saytheeyesfor afacediscrimination
task)alongwith a threshold5 andthelocation 6 in aninput
imagewherethe templateshouldbeapplied. Givenan in-
put image,thetemplaterespondswith

27'

if thecorrelation
of the subimageat location 6 of the input imagewith 4 is
greaterthan 5 andwith

/1'

otherwise. More generaldis-
criminantscanbe usedandarediscussedin 8 4. Figure1
givesan illustrationof the approach.Intuitively, a “good”
codeshouldhave thefollowing properties:

9 Imagesfrom the sameobjectclassshouldbe “close”
togetherin code-space.

9 Imagesof differentobjectclassesshouldbeasfarapart
aspossiblein code-space.

For binary discriminants,a distancemeasurebetween
two images
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in codespacethatis simpleyet �e xi-
ble is theweightedcorrelationfunction:
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which is relatedto the usualhammingdistancewhen the
weightsareall setto

'

. Usingthis distancemeasure,given
aninput imagetheclasslabelcorrespondingto thetraining
imagethathasthehighestcorrelationwith theinput image
is reported.As discussedabove, thegoalat trainingtime is
to �nd asetof discriminantssuchthattrainingimagesfrom
the sameobjectclassarehighly correlated,while training
imagesfrom differentclassesare as uncorrelatedas pos-
sible. In our work, we achieve this goal by minimizing a
lossfunction thatpenalizesdeviationsfrom the above two
criteria. To do this, we �rst reducetheoriginal multi-class
probleminto a binaryclassi�cationproblemsothatwe can
incorporatebothcriteriainto onelossfunction.

The original multi-classproblemwith the training set
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Code
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Figure1: Illustrationof a “code”-spacefor objects.Eachimage
of anobjectof interesthasa“code-word”in termsof theresponses
to a setof binarydiscriminantsasillustratedat thetop of the�g-
ure.Thebottomshowsa




D embeddingof suchcode-wordsfor a
sampleof imagesfrom variousobjectclassesA, B, C, D. Thegoal
is to �nd codesthatclustertogetherimagesfrom thesameobject
classwhile separatingout imagesfrom differentclassesasmuch
aspossible.

binaryclassi�cationproblemwith thetrainingset:
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wherethe classlabelsfor the binary problem



� :

is given
by :


�� : <�


23'

if

���< 
�:

/1'

if

���� < 
�:

Giventhisreductionanda lossfunction �

��� 


, wecanincor-
poratethe above two criteriaby minimizing the following
total loss:�
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with respectto bothdiscriminants)

?

andthecorresponding
weights
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correspond-
ing to a particularpair of images

��� ����:

is high when the
signof thecorrelation

;
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betweenthetwo imagesis
differentfrom the classlabel
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. The particularapproach
thatweuseto selectrobustdiscriminantsthatminimizethe
total lossis the centraltopic of this paperandis discussed
in 8 2.2.

The energy minimizationframework above is mostre-
latedto theboostingframework from themachinelearning

community[2]. In boosting,so-called“weak classi�ers”
are learnedsequentiallyandcombinedto give a weighted
voting rule for discriminatingobjectsfrom eachother. In
our approach,the correlationterm
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in the
total loss(2) correspondingto thediscriminant)

?

is analo-
gousto aweakclassi�er. Theweightedvotingrule is analo-
gousto theweightedcorrelationfunctionin eq(1). At each
stageof boostingarunningmeasureis keptof how well the
currentsetof weakclassi�ersthathave beenlearnedsofar
candiscriminatethe objects(classesin the learninglitera-
ture).In themulti-classsetting,thismeasurecanbethought
of asa confusionmatrix andis analogousto thematrix of
lossterms �
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in our approach,where
thecorrelationfunction

;

usesthe currentsetof discrimi-
nantslearnedso far. The confusionmatrix is thenusedto
biasthe weakclassi�er to focuson discriminatingobjects
thathave beenhardto classify. Recentapplicationsof the
boostingframework to objectdiscriminationcanbe found
in [12, 15].

In our work, we adoptthe strategy usedin the boost-
ing framework for sequentiallylearningdiscriminantsin
theenergy minimizationframework. New discriminantsare
learnedoneby onethatminimizethecurrentloss.Theover-
all schemeis detailedin 8 2.3.3.

An important issuein the boostingframework is how
easyit is to couplethe weakclassi�er with the confusion
matrix. Typically, whenusingstandardweakclassi�ers,the
couplingmay not be easyor natural. The weakclassi�er
mayevenneedto bemodi�ed to work with aconfusionma-
trix. In our approach,aswill bedetailedin 8 2.2 thedeter-
minationof theoptimaldiscriminantis formulatedin such
a way that a straight-forwardand tight couplingbetween
theconfusionmatrix �

� :

andtheoptimizationproblemfor
thediscriminantcanbeachieved. Analogousto “boosting”
weakclassi�ersin theboostingliterature,we canconsider
ourapproachasthatof “boosting”discriminants.

In general,thediscriminants)

?

usedcanbeany function
thatpartitionsthe spaceof images

�

into two. We would
like to choosethosediscriminantsthatsatisfythefollowing
desirablecriteria:

I. Thediscriminantshouldfocusonpairsof trainingim-
agesthathave beendif�cult to classify(i.e. dif�cult to
clusteror discriminateasthe casemay be) so far. In
otherwords,thediscriminantshouldfocusonpairsfor
which thecorrespondingentryin theconfusionmatrix

�
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is high.

II. As muchaspossible,pairsof trainingimagesfrom the
sameobject class(i.e.,


 � : < 23'

) shouldbe put in
the samepartition inducedby the discriminant,while
pairsof training imagesfrom differentobjectclasses
(i.e.,


�� : <F/1'

) shouldbeput in differentpartitions.

III. The partition induced on the training set is `well-



separated”with eachpartition“tightly” clustered.This
shouldmakethediscriminantmorerobustat run-time
if the trainingdatais representative of datato beseen
at run-time.

In 8 2.2,we show how we satisfytheabove two criteriaby
formulatinganobjective functionthatcanbethoughtof as
an unsupervisedgeneralizationof the well known Fisher
criteria[4] whichcanbeoptimizedto �nd boththeoptimal
discriminantas well as the optimal partition of the train-
ing set.Unlike thetraditionalformulation,we usea purely
pair-wiseformulation,whichallowsusto easilybiastheop-
timizationto focuson the pairsof training imagesthatare
currentlyhardto classifyusingthediscriminantslearnedso
far (i.e., in thenotationabove,pairsfor which �

� :

is high).
Wesummarizeourapproachby answeringthetwo ques-

tionsposedatthebeginningaswell asoutlinetherestof the
paperasfollows:

9 Variouscandidatediscriminantsareconstructedby op-
timizing a pair-wiseformulationof a generalizationof
the Fishercriteria 8 2.2. The candidatediscriminant
thatreducesthetotal loss(2) themostis chosen.

9 Thediscriminantschosensofarareweightedandcom-
binedto give the �nal correlationfunction to beused
at run-time( 8 2.3.2and 8 2.3.3).

In 8 3 we validateour approachon a challengingfacedis-
criminationtask.

2 Method

2.1 The LossFunction

In our work, we usetheexponentiallossfunction �

����
1<

����� in thetotal loss(2), giving us:
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Theresultingtotal lossis a convex functionof theweights
@

?

with a globalminimum. Anotherlossfunctionthatcan
beusedis the logistic costfunction �
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.
Eitherchoicefor the lossfunctioncanbe rigorouslymoti-
vatedandjusti�ed in themaximumentropyframework [5].
Given a training setanda setof discriminants,the maxi-
mum entropyframework seeksthe leastcommittedmodel
that is consistentwith the statisticsof the responsesof the
discriminantsover the training set. In this framework, it
canbe shown that the exponentialloss function is the op-
timal choiceamongall loss functionswhenunnormalized

modelsaresought,while the logistic lossis optimalwhen
conditionalprobabilitymodelsaresought.Theselossfunc-
tions arealsocommonlyusedin the boostingcommunity
thoughthejusti�cation thereis from a learningperspective.
For simplifying thepresentationbelow, we will usetheex-
ponentiallossfrom now on, althoughall the resultsbelow
canbeadaptedfor thelogistic losswith little dif�culty .

2.2 BoostingDiscriminants

Learninga goodcoderequires�nding gooddiscriminants
)

?

andtheassociatedweights
@

?

. We now presentour ap-
proachto �nding gooddiscriminantsthat satisfythe three
criteriaoutlinedin 8 1.

2.2.1 Finding GoodDiscriminants

Let usassumethatwearegivenacontinuousfeaturespace.
For example,thepixel intensitiesin a localized

(�
1(

win-
dow arounda given locationin an input imagelies in the
continuousfeaturespace���

�

. We would like to �nd a dis-
criminantin thefeaturespacethatsatis�esthecriteriaout-
lined in 8 1. Oneof thecriteria(III) is to �nd a discriminant
along which the training imagesare partitionedinto two
well-separatedgroups,eachof which is tightly clustered.
Therationalefor thiscriteriais thatsuchadiscriminantcan
beexpectedto reliably determinethe partition thatunseen
imagesof objectsof interestbelongto, assumingthat the
trainingdatais representativeof all theimagesof objectsof
interestthatwill beencountered.In otherwords,we want
to maximize:

�

$ across-partitionseparation
within-partitionseparation

If we know theoptimalpartitionthatsatis�estheabove
criteria,thentheoptimaldiscriminantcanbefoundby op-
timizing theFisherdiscriminantquotient[4]. Let �

�

bethe
vectorcorrespondingto thetrainingimage

�
�

in thecontin-
uousfeaturespace(i.e., �

� �

���

�

in the exampleabove).
TheFisherquotientis usuallyformulatedin theliteraturein
termsof the �rst andsecondorderstatisticsof the training
dataasfollows:
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� are the meansof the projectionsonto the
discriminant4 of the �

�

's in thetwo partitions,andsimilarly
�

� �

��� arethecorrespondingvariances.In our formulation
however, we will insteadusea purely pair-wise formula-
tion thatwill allow usto easilyincorporatetheothercriteria
discussedin 8 1. We denotea partition of the training im-
agesby indicatorvariables�
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indicatesthepartitionthat �
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belongsto in



the featurespace.The pair-wise formulationof theFisher
quotientthatweuseis thengivenby :
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where
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4 is theseparation
along the discriminanthyperplane4 betweentraining im-
ages
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and
� :

. Notethatasrequiredtheterm
� ' / � � � : 
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is an indicatorfunctionthatdenoteswhen
� �

and
� :

arein
differentpartitions,while

� '�2�� � � : 
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denoteswhen
� �

and
�0:

arein the samepartition. Thedistancefunction
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- alsoknown asa kernel- canbegeneralizedto non-linear
kernelsaswill bediscussedin 8 4.

In practice,we will have to determineboththe optimal
partition(i.e. a settingfor � thatoptimizeseq (5)) aswell
asthe optimaldiscriminanthyperplane4 . This is anunsu-
pervisedmixed discrete-continuousoptimizationproblem
(discretein � andcontinuousin 4 ). We derive an iterative
solutionfor this optimizationproblemin the next subsec-
tion. Oncethehyperplane4 is found,we canform a linear
discriminant)
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where 5 is theoptimal
thresholdthatseparatesthetwo partitions.

We can measurethe performanceof the discriminant
with respectto the binary classi�cation problemat hand.
Two training imagesfrom two differentobjectclassesare
classi�ed correctlyby the discriminantif they fall in dif-
ferentpartitions. Similarly, two training imagesfrom the
sameobjectclassareclassi�ed correctlyif they fall in the
samepartition. However, nothingin the criteriaoptimized
by thequotientin eq (5) explicitly encourages�nding dis-
criminantswith goodclassi�cationperformance.We now
dosoby encodingtheothertwo criteria(I,II) in 8 1 into the
optimization.

We can constrainthe optimizationof eq (5) suchthat
trainingobjectsthatbelongto thesameobjectclassareen-
couragedto be in the samepartition (criteria (II)). This
is donesimply by usingthe sameindicatorvariablefor all
trainingimagesbelongingto thesameobjectclass,i.e. all
trainingexamples

�

?

	 thathave thesameclasslabel

��

will
usethesameindicatorvariable

���

. Thusany assignmentto
theindicatorvariableswill put all trainingimagesfrom the
sameobjectclassin thesamepartition.

We can encodecriteria (I) by biasingthe optimization
to focuson pairsof training imagesthathave beenhardto
classifywith thecurrentsetof discriminantsthathave been
learnedso far. Let us assumethat 
 discriminantshave
beenlearnedso far and let

;
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be the correspond-
ing weightedcorrelationfunction (eq (1)) of the “code”
betweentwo images
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and
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in termsof the responses
to the 
 discriminants. As discussedin 8 1 the loss term
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canbeconsideredasa measureof
thedif�culty in classifyingthe two images.Thepair-wise
formulationof theFisherquotienteq(5) is readilyamenable

to incorporatingtheselosstermsby weightingeachtermin
the Fisherquotientby the correspondingloss term. Thus
harderto classifypairsof trainingimageswill have acorre-
spondinglylargerin�uence on theoptimizationof thequo-
tient. Themodi�ed expressionfor thequotientis :
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2.2.2 Iterative Optimization

In practice,direct optimizationof
�

is hard since it is a
discrete-continuousoptimizationproblem.To maketheop-
timizationfeasible,werelaxthediscreteoptimizationover �

to acontinuousoptimizationproblem.With this relaxation,
we proposeaniterative maximizationscheme,by alternat-
ing betweenmaximizing

�

w.r.t � keeping4 �x edandmax-
imizing w.r.t. 4 keeping� �x ed. We show below thateach
of thesesubproblemsleadsto a correspondinggeneralized
eigenvalueproblem.

First, considermaximizing
�

keeping4 �x ed. De�ne a
matrix � with entries:
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where 
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rangesover all theindicesof trainingimagesthat
belongto class

D

andsimilarly for 


:

(thenotationtakesinto
accountthe fact that indicatorvariablesaresharedamong
trainingimagesfrom thesameclass,i.e. criteria(II) above).
Let 
 be a vectorof

'

's with the samenumberof compo-
nentsas � . Then

�

canbesimpli�ed asfollows:
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, thefollow-
ing equivalencecanbeveri�ed : 
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As mentionedbefore, insteadof solving for the hard
discreteoptimizationproblem, we solve for an approxi-
matecontinuousproblem.Speci�cally, insteadof assuming
that the indicatorvariablescantakeon only binaryvalues

�0/1'0��23'��

, we let themtakeon valuesin thecontinuousin-
terval �

/1'0��23'��

. In otherwords,we make“soft” insteadof
hardassignments.For continuousvaluesof � ,

�

is maxi-
mizedwhen � is setto theeigenvectorcorrespondingto the
largesteigenvalueof the generalizedeigen-valueproblem
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Next, wemaximize
�

keeping� �x ed. De�ne thematri-
ces:
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with 
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and 
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de�ned as before. An important issueis
the fact that theoptimizationabove for � returns“soft” as-
signments.Thesesoft assignmentsneedto benormalized
suchthat the largestcomponent(in magnitude)of � is set
to

'

. This ensuresthatall thecomponentsarein therange
�

/1'���23'��

. With theseassumptions,
�

canbesimpli�ed to :
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Onceagain,
�

is maximizedwhen 4 is setto theeigenvector
correspondingto the largesteigenvalueof the generalized
eigen-valueproblem

�

4

<����

�

4 .
Figure2 summarizesthe iterative scheme.We alternate

betweenmaximizing
�

w.r.t. � and 4 by solvingfor thecor-
respondingeigenvector problems,until convergence. Al-
thoughthe iteration is guaranteedto increase

�

monoton-
ically, it canget stuck in a local minimum. Hencein our
experiments,we �rst �nd the 
 mostsigni�cant principal
componentsof all the vectors �

�

for some 
 that is �x ed
apriori, then initialize 4 to eachof theseprincipal compo-
nentsandoptimizeusingtheiterativeschemejustdescribed
andchoosethehyperplane4 amongthemthatmaximizes

�

.
Notethat theoptimalpartition � is not requiredfor therest
of thescheme.

Let �
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bethe�rst 
 PCAcomponentsof theset
of featurevectors�
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correspondingto trainingimages
�
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.

do for
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I. Set 4
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II. Iterate between the two eigenproblems
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until convergenceto �
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III. Set
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Output 4
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correspondingto max
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Figure2: Pseudo-codefor �nding optimaldiscriminants

Figure3 is anillustrationof theaboveiterativealgorithm
on a syntheticexamplein a continuous

�

D featurespace.
Therearetwo trainingexamplesfor every class(connected
by a dashedline for eachclass).Both trainingexamplesin

1

2
3

Figure3: Syntheticexamplein acontinuous



D featurespaceil-
lustratingtheiterativealgorithmfor �nding optimaldiscriminants.
Thenumbernext to a line is theiterationnumber. The�nal parti-
tion foundis denotedby � and � .

eachclasssharethesameindicatorvariablein theiteration.
The algorithmconverged to the optimal discriminant(ap-
proximatelyhorizontal)in a few iterations,eventhoughthe
initializationwasfar from theoptimalsolution.Also, the�-
nalpartitionfound(denotedby � and




) is consistentwith
what onewould expect the optimal partition to be. Note
that the variationwithin classes(approximatelyalong the
verticaldirection)is moreon averagethanvariationacross
classes(mostlyalongthehorizontaldirection).Thus,if we
hadnotspeci�edtheclassmembershipof trainingexamples
throughsharedindicatorvariables,theoptimaldiscriminant
foundwould bealmostorthogonalto theoneshown in the
�gure sincethat would be the directionwhich maximizes
theFisherquotient.
Choosing 5 . Finding the optimal threshold 5 is a one-
dimensionalproblemalongthe discriminanthyperplane4 ,
for which we usea simple brute-forcesearch. The opti-
mal valuefor 5 is that which minimizesthe total loss(2).
Thetotal losschangesonly when 5 crossesa vector �

�

pro-
jectedonto 4 . Accordingly, wedetermine5 asfollows: sort
the projectionsonto the optimal 4 of all the �

�

's, �nd the
total lossfor eachvalueof 5 thataremid-points(for robust-
nessatrun-time)betweensuccessivesortedprojections,and
choosethe 5 thatgivestheminimum.

2.3 Learning an Ef�cient Code

Finally, we discussthe detailsof the energy minimization
framework for learninggood codesand presentthe over-
all scheme. As discussedin 8 1, we selectdiscriminants
that minimize the total loss(2) sequentially. We �rst dis-



cuss techniquesfor composingmore powerful discrimi-
nantsfrom thesimplediscriminantspresentedin theprevi-
oussectionto achieve betterperformancein practice.Once
a discriminant )

?

hasbeenchosen,the corresponding
@

?

needsto be optimized. We discussthe practicalissuesin-
volvedin optimizing

@

?

in 8 2.3.2. We thensummarizethe
overall schemein 8 2.3.3.

2.3.1 ComposingDiscriminants

The simplediscriminantsby themselvesmay not be suf�-
ciently powerful in practice.We canconstructmorepow-
erful discriminantsby composinga setof simplediscrimi-
nants.In our work, we composediscriminantsin a “tree”.
An input imagetraversesapathfrom therootnodeto a leaf
nodein the tree. The branchtakenby the imageat each
nodealongthepathis determinedby thebinaryresponseof
thesimplediscriminantat thatnode(see�gure 4).

Beforediscussingthedetailsof thecompositionweuse,
we�rst pointout theonly relevantinformationaboutasim-
ple discriminantthat the energy minimization framework
utilizes (this will also be true at run-time). A discrimi-
nant )

?

only entersthe total loss (2) through the corre-
lation term )
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on pairs of images
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and
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.
This correlation term indicateswhether the pair of im-
agesbelongto the samepartition inducedby the discrim-
inant ( )
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) or into different partitions
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)

?

���0:�
3< /1'

). Thuswe canthink of the correla-
tion term as the “partition” function of the corresponding
discriminant.

As mentionedabove, we will usetreesof discriminants
�

?

in placeof simplediscriminants)

?

to makethescheme
morepowerful in practice.

@

?

will thenbeaweightassoci-
atedwith the whole tree

�

?

. Consequently, the role of the
correlationterm inducedby the simplediscriminant )

?

in
theenergy minimizationframework will bereplacedby the
partitionfunctioninducedby the tree

�

?

.
�

?

partitionsthe
spaceof all imagesinto thosecoveredby the leaf nodesof
thetree(see�gure 4). Usinga slight abuseof notation,we
candenotethepartitionfunctioninducedby thetree

�

?

by
�

����� ����:�


, whichis
23'

if
�

?

mapsbothimages
���

and
��:

to
thesamepartition(i.e. sameleaf nodeof

�

?

) and
/1'

oth-
erwise.Using this partitionfunction,we seekto minimize
thefollowing total loss:

�

< >

��� :

�

���

?

@

?



� :

�

?

���
�
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2.3.2 Optimizing
@

?

Both the exponentialand logistic lossfunction result in a
total loss(2) that is convex with a globalminimum. Given
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Figure4: Composingsimplediscriminantsinto atreeof discrim-
inants.On theright is shown a tree � composedof two discrimi-
nantsandon theleft thepartitioninducedon theimagespace� .
Also shown is thepathtakenin thetreeby anexampleimage( � )
andthecorrespondingpartitionthatit belongsto.

a setof discriminanttrees
�

?

theoptimizationof suchcon-
vex lossfunctionsw.r.t.

@

?

is straight-forwardandcanbe
achievedin practicewith Newton-basediterativenumerical
techniques[11].

Wecangetsomeintuition for theoptimalsetof
@

?

given
a setof discriminanttrees

�

?

, by deriving closed-formex-
pressions.By settingthe �rst derivative of the total loss
w.r.t.

@

?

to � at theoptimum,it canbeshown [11] that the
optimum

@��

?

for each
 takestheform :

@

�

?

<

'

�

�
	

�

�

�

�

where �

�

is thetotal lossof all pairsof trainingexamples
thatwerecorrectlyclassi�ed (i.e.


�� :

�

?

����� ����:�
C<%23'

) by
the 
 th discriminantand �

� is the total lossof all pairs
of training examplesthat were incorrectly classi�ed (i.e.


�� :

�

?

���������0:�
 <A/1'

). Thelossfor a pair of trainingexam-
plesin both �

�

and �

� doesnot includethecontribution
dueto the 
 th discriminantand thus is a measureof how
badlytheotherdiscriminantsdoon thatpair. Thustheratio

�

� �

�

� (andhencealso
@

?

) is a measureof theclassi�-
cationpower of the 
 th discriminant- thehighertheratio,
thebetteris thediscriminant.

In practice,dueto limited trainingdatatheoptimalesti-
matefor

@��

?

canbeovercon�dent(i.e. large in value). We
cansmooththeestimate(thuspreferringsmallervalues)us-
ing aregularizer. In ourwork asimplequadraticregularizer

�

��@�
1<�
E���

?

@

�

?




wasusedwhere



is a constant.This
regularizerwhenaddedto thetotal lossin (2) still ensuresa
globalminimum.

2.3.3 Summary

Wearenow in apositionto describetheoverallscheme.Let
�

beasetof continuousfeaturespacesthatwill beusedfor
constructingdiscriminants.For example,in theexperiments
on facediscriminationthatwe reportin 8 3, thecontinuous
featurespacesarethe pixel intensitiesin a localizedwin-
dow aroundvariousfeaturelocationsof thefacesuchasthe



eyes,nose,etc. At thestartof eachiterationwe have a set
of discriminanttrees�

<A�

�

� �

�

� �	����� �

andtheassociated
weights

@#<+��@ � ��@ � ���	��� �

thatwerelearnedin previousit-
erations.At eachiterationwe try out various“re�nements”
�

(to be describedshortly) of the discriminanttreesin �

andchoosethe re�nement 6

�

�

thatminimizesthe total
loss2 themost.This processis repeatedfor a certainnum-
berof iterations.

A re�nementof the set � is de�ned to be the replace-
mentof someleaf node 4 belongingto sometree

�

?

�

�

by aboosteddiscriminantconstructedin somefeaturespace
�

�

�

. Theboosteddiscriminantis constructedasdetailed
in 8 2.2 wherethe training examplesare thosethat reach
the leaf node 4 . We also constructboosteddiscriminants
over thecompletetrainingsetfor variouschoicesof feature
spaces

�

�

�

sothattheschemecanchooseto start“grow-
ing” a new discriminanttreeif needed.For simplicity we
will treat the additionof sucha discriminant(constructed
usingthecompletetrainingset)to theset � asalsoare�ne-
mentof � . If � is the total numberof leaf nodesin all the
treesof � , thenthenumberof re�nementsthatweconsider
ateachiterationis

B

�

B�< �

�

2+'	
 ��B

�

B

. Figure5 showsthe
pseudo-codefor theoverall scheme.

Initialize :

I. Let
�

bea setof continuousfeaturespaces.

II. Initialize thesetof discriminanttrees�

<��

.

do for � iterations

I. Constructthesetof re�nements
�

of � (seetext for
details).

II. Update� by there�nement 6

�

�

thatminimizes
thetotal lossin (2). Also updatethecorresponding
weights

@

.

Outputthecorrelationfunction:

;

���H��
�
=< >�?%@

?

�

?

���H��
�


(9)

At run-time,on input image
�

, report the object label
associatedwith the training image

� :

that maximizes
;

���E����: 


.

Figure5: Pseudo-codefor the sequentialselectionof discrimi-
nants.

3 Results

We validatedour approachon a challengingfacediscrimi-
nationtaskbasedon theFERETdatabase[9]. Thetraining

TestingTraining Parts

Figure6: Theleft shows sampletrainingandtestingimagesfor
two individuals from the FERET database.The testingimages
weretakenabouta monthafter thetrainingimages.Notethedif-
ferencein expressionandhair. Theright shows thepartsusedas
featuresfor whichdiscriminantswerelearned.

imagesconsistsof pairsof frontal imagesof �

'

individuals,
while thetestingimagesalsoconsistsof pairsof frontal im-
agesof thesameindividualsbut takenaroundamonthapart
from the training imageswith differencesin hair, lighting
andexpressions.See�gure 6 for sampletrainingandtest-
ing images.Suchimageshave beenconsideredchallenging
in theliterature[8, 9].

For testingpurposes,we rigidly alignedall facesusing
manuallylabeledpositionsof thetwo eyes. In practice,we
canautomatethis processusing facedetectionandalign-
ment techniques[7, 10]. For our approach,we usedthe
prominentregionsaroundtheeyes,noseandmouthasfea-
tures(see�gure 6). The pixel intensitiesarounda local-
izedwindow aroundeachfeatureformsacontinuousfeature
space.Candidatediscriminantsareconstructedfrom each
of thesefeaturespacesateachiterationasdescribedin 8 2.2.
Note that the samefeaturespacecancontributemany dis-
criminantsover iterations,wherediscriminantsconstructed
in different iterationsare in generalfocusedon different
pairsof training imagesthat were found dif�cult to clas-
sify usingthe discriminantsconstructedso far in previous
iterations.

As a baseline,we �rst determinedtheperformanceof a
simpleeigenspacebasedmethod[13]. For eachimage,all
thesubimagesfor thedifferentpartswerecombinedto give
onevector. The �rst � � PCA componentsof the resulting
vectorsfor thetrainingdatawerefoundto captureover �	��


of the energy in the data. Both training and testingdata
wereprojectedonto thesePCA componentsanda search
for the nearesttraining imagefor eachtestingimagewas
performed.Theresultingrecognitionratewas �

���
�


 .
Ourapproachrequiresafew parameterstobeset.Theto-



tal numberof discriminantsneededcanin generalbesetus-
ing cross-validation. However, in our casecross-validation
is quiteexpensive. Insteadof usingcross-validation,weuse
a simplerschemein whichwe determinetwice thenumber
of discriminantsthatgivesa trainingerrorof � . Thismakes
the “code” that is learnedmore redundantthan necessary
to classify the training images. This redundancy should
help the codeto be robust at run-time. Also a regulariza-
tion constantof


#< '

wasusedto smooththeweights
@

?

(see 8 2.3.2). After training, we classi�ed a test imageby
�nding thetrainingimagethatwasmostcorrelatedwith the
testimageusingthe correlationfunction(9) outputby our
scheme.In otherwords,we found the nearestneighborin
code-space.Theresultingrecognitionratewas �	�

� �


 . This
comparesfavorablywith thebaselineeigenspacetechnique
above. Theperformanceis alsosimilar to the methodsre-
portedin theliteraturefor similardatasets[7, 8, 9]. Weplan
to makemorethoroughcomparisonswith thesemethodsin
thefuture.Thetrainingtimefor ourapproachwasaround

�

hours,while therun-timewasaround
�

seconds.

4 Conclusion

We have presentedanapproachto learninggooddiscrimi-
natorsthatcanbethoughtof asthatof learninggoodcodes.
Gooddiscriminatorsaredeterminedsequentiallythatfocus
on thecurrentlyhardto classifytrainingimages.Suchdis-
criminatorsareweightedandcombinedin anenergy mini-
mizationscheme.

The work presentedin this paperused linear feature
spaceswherethe distancebetweenthe representations�

�

and �

:

in somefeaturespaceof two images
�

�

and
�

:

was
givenby thelinearkernel

�

���
�

���
:
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4��

�

�

�
/

�

:



�

�

�

�
/

�
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4 (see 8 2.2). We cangeneralizeour approachby using
morepowerful non-linearkernelsthatis de�nedonpairsof
images. Suchkernelscannotbe decomposedas a simple
productof two termseachof which is a functionof only a
singleimage,asis thecasefor a linearkernel.Suchkernels
enableusto usefeaturespacesin which distancemeasures
canbenon-linear. For example,thehistogramof somefea-
ture like color or gabor�lter responsesin a localizedwin-
dow of an imageforms a featurespace. An appropriate
distancebetweentwo histogramsis the � -squaredistance
which is non-linear. It is known thatfor kernelsthatsatisfy
so-calledMercerconditions[6], wecansolvetheoptimiza-
tionproblemin 8 2.2.Weplanto investigatesuchextensions
in thefuture.
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