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Abstract. Extrainformationis oftenreadily available but not utilized in a classifica-
tion paradigm Herewe explore usingextra labels(profile facesandrotatedfaces)o
aid in distinguishingfacesversusnon-faces.We proposea way to combinesimple
discriminantclassifiergo build a morecomplex onesandjustify thecombinationin a
probabilisticsetting.

1 Introduction

We would like to learna distinctionbetweentwo classes(' and D, givensamplesSs and
Sp from theseclassesNow, assumeadditionally that we know that samplesdrom classC

have extralabelseitherC; or Cs. In otherwords,we have someadditionalinformationabout
thesampledrom oneof theclassegluringtraining.At testing,this labelingis notgiven.The
guestions, whenandhow canthis additionalinformationbeusedto betterlearnadistinction
betweerclasses” andD.

An exampleof sucha problemis facedetection.We would like to learnto distinguish
animageof a humanfaceagainsta non-face.Thereis alot of variationin faceimages.and
thelargestvariationis comingfrom therotationof the head.Insteadof trainingonimagesof
profile andfrontal facestogetheywe would lik e to exploit additionalinformationof whether
a giventraining faceis a frontal view or a profile view. This additionallabelis givento us
for eachtraining point. The questionis, how canthis informationhelp us distinguishfaces
versusnon-faces?

Prior work on view-basedecanition includeswork by Moghaddanet al. [2] on view-
basedeigenspacenethodsin thiswork M eigenspacewere constructedgcorrespondindo
M differentviews. Interpolatingbetweernthesediscreteviews providedinterestingresults.

Schneidermaifb] claimedthat a goodview-invariantfaceclassifiercan be constructed
from justtwo classifiersonetrainedto recognizefrontal facesandonetrainedto recognize
profile faces(mirror imagescanbe usedfor the otherfrontal view thusgiving a spanof 180
degrees.For carsSchneidermanlaimsto achieze goodview-invariantperformancavith just
8 detectorgsimilarly takingadvantageof thesymmetry) Thisis anexampleof theextra-label
problemposedabore. Mohhaddansresultsandtheinterestingclaim madeby Schneiderman
providedthe motivationfor the experimentsn this paper

2 Experiments

We canlook atthis problemfrom variousview-points:clustering classificationinformation-
theory anddensityestimation.In this paperwe do not attemptto answerall the questions
posedabore, but ratherto look at simpleexamplesandgetsomeintuition aboutthe problem.



Figurel: Densityestimationwith EM

Assumethatexamplesrom classCy, Cy, and D aregeneratedrom unknovn probability
distributionspc, , pc,, pp- Distributionswill dependon therepresentationf objects(e.g.for
images- pixel values waveletcoeficients,simpleobjectparts,etc). We would lik e the extra
labelto correspondo differentclustersof C' and D. So, the aim might be to choosea rep-
resentatiorsuchthat the threedistributionsare asdifferentas possible.For example,if the
divergenceD(p¢, ||pc,) is small, thenthe distributionsare similar and the additionalinfor-
mationaboutthelabel C; vs (5 is unlikely to be of arny help.We shouldaimto maximizethe
differencebetweernp, andpc, by our choiceof differentrepresentationgpproximatingdi-
vergencds oftennotfeasible soothermeasuresf how well thelabelsC; andC; correspond
to clustersin spacecanbe used.For example,we cancomputea statistichasedon theratio
of inter vs. intra-clasgdistancesn our samplesascomparedo arandomlabelingto find out
how significantthe givenlabelsare.

Theinverseproblemis alsointeresting put will notbe consideredn this paper.giventhe
data(e.g.imagesof faces)first find the labelsby clusteringand by estimatingthe number
of clustersusing,for example,Gapstatistic(see[7]). Thenusethis additionalinformationto
aid in makingbetterclassifiers.

2.1 Densityestimation:toy problem

We now give asimpleexampleto gainsomegeometriantuition. Consideratwo-dimensional
dataseC generatedrom two 2D Gaussiarlensitie¢, andpq,. They have thesameshape,
but orientedatanangleto eachother(seefigurel). Theactualcontoursof thetwo Gaussians
arethedashectllipses.Now, we take asampleS., andSg,, 10 pointseach Assumethatwe
know thattherearetwo differentclustersC; andC5, but we areonly giventhe combinedset
C = C} + Cy. If werun EM to estimatethis mixture of Gaussianswe corvergeon alocally
optimal solution(thick ellipsesin figure 1). This is a well-known propertyof EM. If, onthe
otherhand,we aregivenC; and(C, asseparatesetsof sampleqi.e. we aregivenlabelson
('), thenwe canbetterestimatep by estimatingp-, andpc,. Althoughwe have fewer points
(thiswill bediscussediater)in eachof C'; andC; separatelyhanin C' = C; + Cs, estimating
eachof the GaussiansisingML (thin ellipsesin figure 1) givesbetterresultthanEM. Thus,
for this particularsetting,extra label helpsdensityestimation.We cannow easilyimagine
that a distribution of the otherclassD canbe “around” thesetwo clusters(e.g. non-faces
in high-dimensionaspacearoundthe clustersof frontal andprofile faces).andthereforethe
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Figure?2: Plot of thefirst two PCA componentsPCA wasperformedon syntheticimages(frontal andprofiles)
andthenall threedatasetsvereprojectedo the PCA space.

extralabelwill leadto betterdensityestimationandbettergeneralizatiorperformance.

Note that the abore exampledoesnot make ary statementaboutother algorithmsor
othersituations but rathershaws a settingwhereextra label doeshelp. The resultis alsoa
consequencef particularbehaior of EM for densityestimation Similar experimentanbe
carriedoutin high-dimensionaspace®f actualimages.

2.2 Faces:geometryof the problem

Considera moreconcreteproblem.We took a set(’; of syntheticimagesof frontal facesa
set(), of synthetidmagesof profile faces!, andasetC; of realfaceswhich containsrontal
viewswith somerotation?. Thesizeof imagesvas22x18,andour datasetsvere3240,3240,
and400imagesyespectrely.

The questionthatwe asledis thefollowing: do labels“frontal” and“rotated” correspond
to differentclusterdan thehigh-dimensionaspaceof imagegrayscalesaluesin otherwords,
arethetwo distributionspe, andp¢, differentandgeneratevell-separatedlustersdf so, it
is naturalthatthe extra labelinformationcanbe exploitedto our advantagevhenclassifying
facesvsnon-faces.

We found that the two clustersareindeedwell-separatedor the syntheticimages.This
IS not too surprisingbecausehe syntheticimagesdo not have muchvariability within each
clusterC’, (5. Nonethelessyhat'simportantis thatthereis a significantvariability between
two classesPCA analysisof the two syntheticdatasets’; and(C, revealedthatthe clouds
arewell separatedfigure2). We thenmappedhesetof realimages” to the PCA spaceand
foundthatits distributiondiffersfrom bothof thesyntheticdistributionsp, andp, alongthe
secondprincipal componentandthatboth C; andC] arewell-separatedrom C, alongthe
first principalcomponentin otherwords,thefirst principalcomponen{whichis responsible
for almostall variation)makesa cleardistinctionbetweerfrontal andprofile faces.

!Acknowledgmentdo BerndHeiselefor providing the syntheticimages.
20RL databaseAT&T LaboratoriesCambridge.
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Figure3: ROC curvesfor view-basectlassification

2.3 \Miew-basedlassification

Next, we superimposethe faceimages(from the previous section)on backgroundshatdo
notcontainfaceskeepingthefacesalignedin the center Building ontheintuition above, we
trainedthreelinear SVMs: f1: C; vs D, f5: Cy vs D, and f3: C7 + Cy vs D. We testedthe
generalizatiorability of eachof thethreeSVMs on atestsetcontainingunseersamplegrom
4, Cy, andD. SVMstrainedon oneview of thefaceperformedbadlyontheotherview. Is it

possibleto combineclassifiersf; and f, for separatevziews to geta betterperformancehan
with f3? We calculatedthe Mahalanobidistancefrom eachtestpoint x to estimatef p¢,

andpc, basedon thetraining examples Outputof eachclassifierwasthenweightedby the
inverseof this distance:

1 1

f(z) :fl(l‘)'m‘Ffb(x)' doy (@) 1)

This combinationof classifiersgave betterresultsthan other classificationschemesve
consideredl) singlelinear SVM f3 trainedwith no extra-labelinformation,2) classification
basedon thresholdingMahalanobiglistancedc, () anddc, (x), and3) one-vs-allSVM for
threeclasseg’;, Cy, andD.

Motivation for the combinationof classifiersabove is the following. For simplicity, as-
sumeGaussiamistributionsfor thetwo subclasse€’; andCs. Equation(1) canbeinterpreted
in termsof probabilities®. Mahalanobidlistanced., is directly relatedto the probability of
pointz belongingto classC:

p(z|C;) = const - e~ 3dc, (@) )

Themainideais to weightclassifierf;(x) by the confidencehatx belongsto classC;:

f@) = fil@)-p(Cilz) + fo(z) - p(Calz) 3)
Notethatp(C;|z) oc p(2[C;) - -5, sowe get
f(z) = consty- fi(z) - e 291 @) 1 consty - fa(z) - e~ 20cy (@) 4)

3segl4, 3] for probabilisticinterpretatiorof SVM outputs.



The above combinationgave similar resultsasequation(1) (with appropriateconstants).
At a closerinspection,we seethat the inverseof the Mahalanobisdistancein equation(1)
roughly approximateshe tail of the exponentin equation(4) (again,with appropriatecon-
stants)andin practiceis mucheasierto compute.

This agumentshaws thatthe combinationof classifieran equation(1) canbe motivated
in a probabilisticframeanork. In generalwe proposethata combinationof » classifierscan
be combinedby addingthe outputsof SVMs weightedby the inverseof the Mahalanobis
distanceo thecorrespondinglusters.

3 Discussion

We consideredsimple problemswhereextra-labelinformation helpsclassificationrandden-
sity estimationWe alsoproposeawayto combinesimpleclassifiergo build amorecomplex
one.

Oneissuewe have not consideredofar is thatthe numberof pointsfor eachextralabel
is smallerthanthe whole training setwe aregiven. Therefore fewer pointsareavailablefor
densityestimationor classifiertraining for eachseparatdabel. We have a trade-of between
having moreextra information(mary small clusters)versushaving moretraining data(few
largerclusters) As alimit, we canhave aseparatdabelfor eachtrainingsample andwe will
overfit. The problemis similarto splitting agivendatasefor bagging(se€[1]): eachclassifier
is trainedon asmallernumberof points,but thecombinationrmight give bettergeneralization
results.Theissueis alsodiscussedhn the stability framevork in [6].

Using extra-labelinformationis plausiblefrom the biological point of view. For exam-
ple, peoplevisually recognizesimple partsandcombinethemin somesophisticatedvay to
form complex objectrepresentationsdow to effectively combinesimpleclassifiersn alarge
hierarchicalstructures still anopenquestion.
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