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Abstract. Extra informationis oftenreadilyavailablebut not utilized in a classifica-
tion paradigm.Herewe exploreusingextra labels(profile facesandrotatedfaces)to
aid in distinguishingfacesversusnon-faces.We proposea way to combinesimple
discriminantclassifiersto build amorecomplex onesandjustify thecombinationin a
probabilisticsetting.

1 Introduction

We would like to learna distinctionbetweentwo classes,
�

and � , givensamples��� and
��� from theseclasses.Now, assumeadditionally that we know that samplesfrom class

�
haveextra labelseither

���
or

�	�
. In otherwords,wehavesomeadditionalinformationabout

thesamplesfrom oneof theclassesduringtraining.At testing,this labelingis notgiven.The
questionis,whenandhow canthisadditionalinformationbeusedto betterlearnadistinction
betweenclasses

�
and � .

An exampleof sucha problemis facedetection.We would like to learnto distinguish
animageof a humanfaceagainsta non-face.Thereis a lot of variationin faceimages,and
thelargestvariationis comingfrom therotationof thehead.Insteadof trainingon imagesof
profileandfrontal facestogether, wewould like to exploit additionalinformationof whether
a given training faceis a frontal view or a profile view. This additionallabel is given to us
for eachtraining point. The questionis, how canthis informationhelp us distinguishfaces
versusnon-faces?

Prior work on view-basedrecognition includeswork by Moghaddamet al. [2] on view-
basedeigenspacemethods.In this work 
 eigenspaceswereconstructed,correspondingto

 differentviews. Interpolatingbetweenthesediscreteviewsprovidedinterestingresults.

Schneiderman[5] claimedthat a goodview-invariantfaceclassifiercanbe constructed
from just two classifiers:onetrainedto recognizefrontal faces,andonetrainedto recognize
profile faces(mirror imagescanbeusedfor theotherfrontal view thusgiving a spanof 180
degrees.)For carsSchneidermanclaimsto achievegoodview-invariantperformancewith just
8 detectors(similarly takingadvantageof thesymmetry.) Thisis anexampleof theextra-label
problemposedabove.Mohhaddam’sresultsandtheinterestingclaimmadeby Schneiderman
providedthemotivationfor theexperimentsin thispaper.

2 Experiments

Wecanlook at thisproblemfrom variousview-points:clustering,classification,information-
theory, anddensityestimation.In this paperwe do not attemptto answerall the questions
posedabove,but ratherto look atsimpleexamplesandgetsomeintuition abouttheproblem.
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Figure1: Densityestimationwith EM

Assumethatexamplesfrom class
���

,
�	�

, and � aregeneratedfrom unknown probability
distributions���� , ����� , ��� . Distributionswill dependon therepresentationof objects(e.g.for
images– pixel values,waveletcoefficients,simpleobjectparts,etc).Wewould like theextra
label to correspondto differentclustersof

�
and � . So, theaim might be to choosea rep-

resentationsuchthat the threedistributionsareasdifferentaspossible.For example,if the
divergence������������ ������� is small, thenthe distributionsaresimilar andthe additionalinfor-
mationaboutthelabel

���
vs

�	�
is unlikely to beof any help.Weshouldaimto maximizethe

differencebetween���� and����� by ourchoiceof differentrepresentations.Approximatingdi-
vergenceis oftennot feasible,soothermeasuresof how well thelabels

���
and

�	�
correspond

to clustersin spacecanbeused.For example,we cancomputea statisticbasedon theratio
of inter vs. intra-classdistancesin our samplesascomparedto a randomlabelingto find out
how significantthegivenlabelsare.

Theinverseproblemis alsointeresting,but will notbeconsideredin thispaper:giventhe
data(e.g.imagesof faces),first find the labelsby clusteringandby estimatingthe number
of clustersusing,for example,Gapstatistic(see[7]). Thenusethis additionalinformationto
aid in makingbetterclassifiers.

2.1 Densityestimation:toyproblem

Wenow giveasimpleexampleto gainsomegeometricintuition.Consideratwo-dimensional
datasetC generatedfrom two 2D Gaussiandensities���� and����� . They have thesameshape,
but orientedatanangleto eachother(seefigure1). Theactualcontoursof thetwo Gaussians
arethedashedellipses.Now, we takeasample���� and ����� , 10 pointseach.Assumethatwe
know thattherearetwo differentclusters

���
and

�	�
, but weareonly giventhecombinedset�����������	�

. If we run EM to estimatethis mixtureof Gaussians,we convergeon a locally
optimalsolution(thick ellipsesin figure1). This is a well-known propertyof EM. If, on the
otherhand,we aregiven

���
and

�	�
asseparatesetsof samples(i.e. we aregivenlabelson�

), thenwecanbetterestimate��� by estimating���  and��� � . Althoughwehavefewerpoints
(thiswill bediscussedlater)in eachof

���
and

�	�
separatelythanin

������� �!�	�
, estimating

eachof theGaussiansusingML (thin ellipsesin figure1) givesbetterresultthanEM. Thus,
for this particularsetting,extra label helpsdensityestimation.We cannow easily imagine
that a distribution of the otherclass � canbe “around” thesetwo clusters(e.g.non-faces
in high-dimensionalspacearoundtheclustersof frontal andprofile faces),andthereforethe
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Figure2: Plot of thefirst two PCAcomponents.PCA wasperformedon syntheticimages(frontal andprofiles)
andthenall threedatasetswereprojectedto thePCAspace.

extra labelwill leadto betterdensityestimationandbettergeneralizationperformance.
Note that the above exampledoesnot make any statementsaboutother algorithmsor

othersituations,but rathershows a settingwhereextra label doeshelp.The result is alsoa
consequenceof particularbehavior of EM for densityestimation.Similarexperimentscanbe
carriedout in high-dimensionalspacesof actualimages.

2.2 Faces:geometryof theproblem

Considera moreconcreteproblem.We took a set
���

of syntheticimagesof frontal faces,a
set

�	�
of syntheticimagesof profile faces1, andaset

�#"�
of realfaces,whichcontainsfrontal

viewswith somerotation2. Thesizeof imageswas22x18,andourdatasetswere3240,3240,
and400images,respectively.

Thequestionthatweaskedis thefollowing: do labels“frontal” and“rotated”correspond
to differentclustersin thehigh-dimensionalspaceof imagegrayscalevalues?In otherwords,
arethetwo distributions ���� and ����� differentandgeneratewell-separatedclusters?If so, it
is naturalthattheextra labelinformationcanbeexploitedto our advantagewhenclassifying
facesvsnon-faces.

We found that the two clustersareindeedwell-separatedfor thesyntheticimages.This
is not too surprisingbecausethesyntheticimagesdo not have muchvariability within each
cluster

���
,
�	�

. Nonetheless,what’s importantis thatthereis asignificantvariability between
two classes.PCA analysisof the two syntheticdatasets

���
and

�	�
revealedthat the clouds

arewell separated(figure2). Wethenmappedthesetof realimages
��"�

to thePCAspaceand
foundthatits distributiondiffersfrom bothof thesyntheticdistributions���� and����� alongthe
secondprincipalcomponent,andthatboth

���
and

� "�
arewell-separatedfrom

�	�
alongthe

first principalcomponent.In otherwords,thefirst principalcomponent(which is responsible
for almostall variation)makesa cleardistinctionbetweenfrontalandprofile faces.

1Acknowledgmentsto BerndHeiselefor providing thesyntheticimages.
2ORL database,AT&T Laboratories,Cambridge.
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Figure3: ROCcurvesfor view-basedclassification

2.3 View-basedclassification

Next, we superimposedthefaceimages(from theprevioussection)on backgroundsthatdo
notcontainfaces,keepingthefacesalignedin thecenter. Building ontheintuition above,we
trainedthreelinearSVMs: $ � : ��� vs � , $ � : �	� vs � , and $�% : ���&���	�

vs � . We testedthe
generalizationability of eachof thethreeSVMsonatestsetcontainingunseensamplesfrom���

,
�	�

, and � . SVMstrainedononeview of thefaceperformedbadlyontheotherview. Is it
possibleto combineclassifiers$ � and $ � for separateviews to geta betterperformancethan
with $�% ? We calculatedtheMahalanobisdistancefrom eachtestpoint ' to estimatesof ����
and ����� basedon the trainingexamples.Outputof eachclassifierwasthenweightedby the
inverseof this distance:

$(�)'*� � $ � �)'*�*+
,

- �����'*�
� $ � ��'*�*+

,
- ���.�)'*� (1)

This combinationof classifiersgave better resultsthanotherclassificationschemeswe
considered:1) singlelinearSVM $�% trainedwith no extra-labelinformation,2) classification
basedon thresholdingMahalanobisdistance

- �����'*� and
- ���/�)'*� , and3) one-vs-allSVM for

threeclasses
���

,
�	�

, and � .
Motivation for the combinationof classifiersabove is the following. For simplicity, as-

sumeGaussiandistributionsfor thetwo subclasses
���

and
�	�

. Equation(1) canbeinterpreted
in termsof probabilities3. Mahalanobisdistance

- �10 is directly relatedto theprobabilityof
point ' belongingto class

�(2
:

�3�)'4� �(2 � �65�798(:<; +�=?> �A@CB 0EDGF?H (2)

Themainideais to weightclassifier$ 2 ��'*� by theconfidencethatx belongsto class
�(2

:

$	��'*� � $ � ��'*�*+/�3� ��� � '*� � $ � ��'*�3+��*� �	� � '*� (3)

Notethat �*� �(2 � '*�JIK�3��'4� �(2 �*+
�

L DMF?H , soweget

$(��'*� � 5C7N8	:<;�� +�$ � ��'*�3+�= > �9O @ B?PDGF?H ��5C798(:<;A� +�$ � ��'*�*+�= > �NO @ B.�PDMF?H (4)
3see[4, 3] for probabilisticinterpretationof SVM outputs.



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

This argumentshows thatthecombinationof classifiersin equation(1) canbemotivated
in a probabilisticframework. In general,we proposethata combinationof

8
classifierscan

be combinedby addingthe outputsof SVMs weightedby the inverseof the Mahalanobis
distanceto thecorrespondingclusters.

3 Discussion

We consideredsimpleproblemswhereextra-labelinformationhelpsclassificationandden-
sityestimation.Wealsoproposedawaytocombinesimpleclassifiersto build amorecomplex
one.

Oneissuewe have not consideredsofar is thatthenumberof pointsfor eachextra label
is smallerthanthewholetrainingsetwe aregiven.Therefore,fewer pointsareavailablefor
densityestimationor classifiertrainingfor eachseparatelabel.We have a trade-off between
having moreextra information(many small clusters)versushaving moretrainingdata(few
largerclusters).As a limit, wecanhaveaseparatelabelfor eachtrainingsample,andwewill
overfit.Theproblemis similar to splittingagivendatasetfor bagging(see[1]): eachclassifier
is trainedonasmallernumberof points,but thecombinationmightgivebettergeneralization
results.Theissueis alsodiscussedin thestability framework in [6].

Using extra-labelinformationis plausiblefrom the biological point of view. For exam-
ple, peoplevisually recognizesimplepartsandcombinethemin somesophisticatedway to
form complex objectrepresentations.How to effectively combinesimpleclassifiersin a large
hierarchicalstructureis still anopenquestion.
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