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Abstract

Recently, the optimal distancemeasure for a givenobject
discriminationtaskunderthenearestneighborframework
wasderived[1]. For easeof implementationandef�ciency
considerations,the optimal distancemeasure wasapprox-
imatedby combiningmore elementarydistancemeasures
de�ned on simple feature spaces. In this paper, we ad-
dresstwo importantissuesthatarisein practicefor such an
approach: (a) What form shouldthe elementarydistance
measure in each feature spacetake? We motivatetheneed
to useoptimal distancemeasuresin simplefeature spaces
as the elementarydistancemeasures; such distancemea-
sureshavethedesirablepropertythat they are invariant to
distance-respectingtransformations.(b) How do we com-
binetheelementarydistancemeasures?Wepresentthepre-
cise statistical assumptionsunder which a linear logistic
modelholdsexactly. We benchmarkour modelwith three
other methodson a challenging face discrimination task
and showthat our approach is competitivewith the state
of theart.

1. Intr oduction
The nearestneighbor or exemplar-basedframework for
classi�cation is widely usedin vision for variousclassi�-
cation tasks. The main appealof the framework derives
from the fact that it makesfew assumptionsaboutthe ob-
jectsto beclassi�ed.Let Sn = f (x1; y1); : : : ; (xn ; yn )g be
a trainingsetof measurementsx i andcorrespondingclass
labelsyi . Let d(�; �) bea givendistancemeasure.On input
queryx, the1-nearestneighbor(NN) rule assignstheclass
labely0correspondingto thenearestneighborx0of x in Sn .
Theclassi�cationperformanceof thenearestneighborrule
obviouslydependson thedistancemeasureused.

A wide varietyof distancemeasureshave beenusedfor
the nearestneighborrule in the literature. Here, we re-
view someof the most relevant measuresin the context
of objectrecognition.Distancemeasuresbasedon PCA or
eigenspacesareperhapsthemostpopular[14, 8]. Theun-
derlyingassumptionwhenusingPCA is that themeasure-
mentdatacanbe explained(modulonoise)by a small di-

mensionallinearsubspaceof X . This is agenerativemodel
thatdoesnot take into accounthow thedifferentclassesare
distributed. Discriminative analysis,of which LDA [3, 16]
is the most popular, on the other handexplicitly tries to
�nd discriminative distancemeasuresthatseparatethedif-
ferentclassesfrom eachotherasmuchaspossible.Morere-
cently, discriminativedistancemeasureshavealsobeende-
rivedfrom constructingSupportVectorMachines[11] that
maximizethe margin betweendifferentclasses.Bayesian
approachesto classi�cation estimatesprobability density
modelsfor eachclassandclassi�esaninputqueryusingthe
Bayesrule. For thetwo classcase,thelog-oddsratiocanbe
consideredto beadiscriminativedistancemeasure.For cer-
tain applications,for examplefacerecognition[7], suchan
approachhasbeenfoundto becompetitivewith thestateof
theart. However, in general,suchapproachestypically suf-
fer from theneedto specifyanappropriatemodelfor each
classaswell asestimatingsuchmodelsreliably from data.
Thusin ourwork, wewill work in thediscriminativesetting
thatmakesasfew modelingassumptionsaspossibleabout
theobjectsof interest.Suchanapproachis necessitatedes-
pecially for multi-classobjectrecognitiontaskswherethe
objectsof interestcanbearbitrary.

Recently, anew criterionfor directly �nding discrimina-
tivedistancemeasuresfor objectrecognitionunderthenear-
estneighborframework wasproposed[1]. Thecriterion is
basedon the optimal distancemeasurethat minimizesthe
classi�cation risk for the 1-nearestneighborrule. In con-
trastto previousapproaches,thenew criterionallows usto
combinediscriminativefeaturespacesof differenttypes(for
example,color, texture,localshape)in aprincipledmanner.

Frompracticalconsiderations,theoptimaldistancemea-
surewasmodeledby combininga setof simpleelementary
distancemeasures,eachof which is de�ned on a simple
featurespace.In this paper, we addresstwo importantis-
suesthat arise in sucha scheme: (a) What form should
theelementarydistancemeasurein eachfeaturespacetake?
We motivatethe needto useoptimal distancemeasuresin
simplefeaturespacesastheelementarydistancemeasures;
suchdistancemeasureshavethedesirablepropertythatthey
areinvariantto “distance-respecting”transformations.(b)
How dowecombinetheelementarydistancemeasures?We



motivatea linear combinationmodelthat canbe shown to
beexactlyvalid undercertainstatisticalassumptions.

Therestof thepaperis organizedasfollows: x 2 reviews
thederivationgivenin [1] for theoptimaldistancemeasure
thatminimizestherisk for the1-nearestneighborrule. Es-
timationof thisoptimaldistancemeasuredirectly from data
leadsto a generalcriterion for �nding discriminative dis-
tancemeasures.Section3 discussesthedesignandimple-
mentationof a modelfor theoptimaldistancemeasuremo-
tivatedfrom practicalconsiderations.We benchmarkour
approachagainstthreeotherwell-known approachesfor a
challengingfacediscriminationtaskin x 5.

2. Optimal 1-NN DistanceMeasure
Here we brie�y review the results from [1]. As in the
introduction, assumethat we have a training set Sn =
f (x1; y1); (x2; y2); : : : ; (xn ; yn )g whereeachtuple(x i ; yi )
is choseni.i.d. from someunknowndistributionoverX � Y
whereX is thespaceof imagemeasurementsandY is some
discretesetof objectclasslabels. We arealsogivena dis-
tancemeasured : X � X ! IR betweenany two image
measurements.

On input measurementx 2 X , the 1-nearestneighbor
rule reportsthe classlabel y0 associatedwith the training
imagex0 2 Sn thatis closestto x accordingto thedistance
measured. Then-sampleNN mis-classi�cationrisk R(n)
is de�ned as:

R(n) � E(x;y ) ;Sn [1[y6= y 0]] (1)

where1[y6= y 0] is anindicatorfunctionfor theeventy 6= y0.
Notethattherisk is averagedoverall inputsx aswell asall
trainingsetsof sizen.

Conditioningon input x, the risk can be re-written as
follows:

R(n) � Ex;X n [r (x; x0)]

r (x; x0) � Ey ;y 0[1[y6= y 0] jx; x0]

= p(y 6= y0jx; x0) (2)

wherer (x; x0) is the conditionalrisk of assigninginput x
with theclasslabelcorrespondingto x0, andX n is thesetof
all trainingmeasurementsx i from Sn . For any giventrain-
ing setsizeof n, therisk R(n) dependsonly onthedistance
measured usedfor thenearestneighborsearch.Thus,it is
naturalto askfor the distancemeasurethat minimizesthe
risk.

Sincetheconditionalrisk r (x i ; x j ) = p(yi 6= yj jx i ; x j )
is itself ameasurede�nedoverany two inputmeasurements
x i ; x j 2 X , we canconsiderusing it asa candidatedis-
tancemeasure.Under this distancemeasure,two images
are “closer” to eachother if they are both likely to come
from thesameclass.We caneasilyshow that this distance
measureminimizestheNN risk:

Property 1 (Optimality) The distance measure
d(x i ; x j ) � p(yi 6= yj jx i ; x j ) minimizesthe risk R(n) for
anyn.

See[2] for aproof.
The optimal distancemeasureis not a metric distance

measure.Of the metric axioms,it somewhat surprisingly
satis�estriangleinequalityandis of coursesymmetricsince
thelossfunctionis symmetric.However, it doesnot in gen-
eral satisfyself-similarity, i.e., d(x; x0) = 0 if f x = x0 is
not satis�ed. In fact,for mostrealapplicationsoneexpects
someuncertainty, however small,asto which classa mea-
surementbelongsto. It canbeshown thatdueto thisuncer-
tainty, self-similarity is alwaysviolated.See[2] for further
details.

Our strategy for �nding a discriminative distancemea-
surewill bebasedonmodelingandestimatingthis optimal
distancemeasurefrom task-dependenttraining data. Im-
plicitly, sucha strategy �nds a distancemeasurethatmini-
mizestheNN risk.

An approachthat is similar in spirit hasbeenexplored
beforein theliteraturestartingwith [13]. However, therisk
minimizedthereis theasymptoticrisk RM whenusingany
metricdistancemeasure.Usingthenon-metricoptimaldis-
tancemeasureon theotherhandalwaysgivesa risk that is
betterthanRM . Therisk canevenapproachtheBayesop-
timal risk dependingon thetask,evenwhentherisk for any
metricdistanceis strictly worsethantheBayesoptimal.

3. Modeling the Optimal Distance

Under the i.i.d. assumptionthe optimal distancemeasure
p(yi 6= yj jx i ; x j ) canbe expressedin termsof generative
modelsp(xjy) for eachclassasfollows:

p(yi 6= yj j x i ; x j ) =
X

y

p(yjx i )(1 � p(yjx j )) (3)

Thus one approach[4] is to �rst estimatea generative
model p(xjy) for eachclassfrom training dataand then
constructtheoptimaldistancemeasureusingtheexpression
above. Thedisadvantageof suchanapproachis theneedto
estimatereliablythegenerativemodelsfrom data.If wecan
indeedestimategenerative modelsreliably from data,then
we shouldget betterclassi�cation performanceusing the
Bayes'decisionrule directly. In practice,it is morelikely
thatestimatinggenerativemodelsfrom datamaynotbereli-
ablesinceagoodmodelmayrequiretheestimationof many
parameters,eventhoughmostof themmaybeirrelevantto
the taskof discriminatingoneobjectfrom another. More-
over, for a multi-classobjectdiscriminationtask,formulat-
ing agenerativemodelis likely to bedif�cult in practicefor
anarbitrarycollectionof objectsof interest.



Our approachinsteadwill be to modelthe optimal dis-
tancedirectly in termsof more elementarydistancemea-
suresde�ned onsimpleto constructfeaturespaces.Our ra-
tionalefor suchanapproachis basedonthefactthatit is rel-
atively easyandef�cient to constructvarioussimplefeature
spacesfrom an input image. For example,in the facedis-
criminationtaskthatwe considerin x 5, thefeaturespaces
will bevarioussingle-dimensionallinearprojections.More
generally, simplediscriminativefeaturespacescanbebased
on color, texture, local shapeproperties.From a practical
point of view, it would thus be advantageousto approxi-
matethe optimal distancemeasureby combiningthe dis-
criminative informationfrom suchsimple-to-constructfea-
turespaces.

Having decidedon sucha scheme,two issuesarise: (a)
What are appropriateelementarydistancemeasures?and
(b) How do we combinetheelementarydistancemeasures
for approximatingtheoptimaldistancemeasure.

3.1. ChoosingElementary DistanceMeasures
Formally, let C = f d1; d2; : : : ; dN g beapossiblylargecol-
lection of elementarydistancemeasures,eachof which is
de�ned on somesimple featurespace. For run-timecon-
siderations,we wish to selectK � N elementarydistance
measuresdk 2 Cfrom this collectionthatbestapproximate
theoptimaldistancemeasurep(yi 6= yj jx i ; x j ).

What is a goodchoicefor theelementarydistancemea-
sures?The questionis analogousto the issueof choosing
anappropriatekernel(which is essentiallythe inverseof a
distancemeasure)for SupportVectorMachines[15].

Onedesirablepropertythatany soundselectionscheme
for elementarydistancemeasuresshouldpossessis invari-
anceto distance“respecting”transformations.If s ands0

aretwodistancescoresundersomedistancemeasured, then
f is a distancerespectingtransformationof d if f doesnot
changedistancerelationships:

s < s0 =) f (s) < f (s0)

In otherwords, f hasto be somestrictly increasingfunc-
tion. Clearly, selectingtwo elementarydistancemeasures
relatedby somedistancerespectingtransformationshould
beconsideredredundant,sinceintuitively, suchtransforma-
tionscannotgiveusany new informationabouttheelemen-
tarydistancemeasurebeingtransformed.

We now show thatoneway for ensuringsuchinvariance
to suchdistancerespectingtransformationsis to choosethe
optimalelementarydistancemeasurep(yi 6= yj j d) given
an elementarydistanced ratherthanchoosingd itself di-
rectly. Intuitively, sucha choiceinducesa partition of the
spaceof all possibleelementarydistancemeasuresin a fea-
turespaceinto equivalenceclasses.Two distancemeasures
belongto thesameequivalenceclassif they arerelatedby

somedistancerespectingtransformation.We show below
thattheoptimalelementarydistancemeasurep(yi 6= yj j d)
is thesamefor everydistancemeasured from agivenequiv-
alenceclass. Differentequivalenceclasseshave different
optimalelementarydistancemeasuresassociatedwith them
and the task is to selectthe bestoneover all equivalence
classes.Thus,potentially, ratherthanhaving to searchover
thespaceof all elementarydistancemeasures,weonly need
to searchover the spaceof optimal elementarydistance
measures.

Property 2 (Invariance) The optimal distance measure
p(yi 6= yj j d) givenan elementarydistanced is invari-
ant to distancerespectingtransformations.

Proof. Let f be a distancerespectingtransformation,i.e.,
f is a strictly increasingfunction. Let d0 = f (d). We then
havefrom Bayesrule:

p(yi 6= yj j d0) =
p(d0 j yi 6= yj )p(yi 6= yj )

p(d0)

We now usethefollowing identitiesthatrelatesprobability
densitieswhentransformedby any strictly increasingfunc-
tion f [9]:

p(d0 j yi 6= yj ) =
p(d j yi 6= yj )

f 0(d)

p(d0) =
p(d)
f 0(d)

wheref 0 is thederivativew.r.t. d. Substitutingin theabove
equation,we get:

p(yi 6= yj j d0) =
p(d j yi 6= yj )p(yi 6= yj )

p(d)
= p(yi 6= yj j d)

�
In practice,wecanconstructtheoptimalelementarydis-

tancemeasured� � p(yi 6= yj j d) givensomeelementary
distancemeasured andtrainingdataasfollows. Fromthe
trainingdata,estimatetheintra-classdistributionof thedis-
tancescoresp(d j yi = yj ) aswell astheextra-classdistri-
butionp(d j yi 6= yj ) andthepriorsp(yi = yj ), p(yi 6= yj ).
Thenthe optimalelementarydistancemeasured� is given
by usingBayesrule. In ourwork, weestimatetheintra-and
extra-classdistributionof thedistancescoresusingaParzen
window estimator[6]. This is practicalsincethesedistribu-
tion are over one-dimensionalquantities. We samplethe
valuesof theParzenwindow estimatorat regular�ne inter-
valsandstoreit in a tableat trainingtime for fastaccessat
run-time.SeeFigure1.



Interestingly, althoughour motivationfor usingoptimal
elementarydistancemeasuresis purely for the sake of in-
variance,we also�nd that for theexperimentson facedis-
crimination that we report in x 5, the recognitionperfor-
mancewhenusingoptimalelementarydistancemeasuresis
alsoempiricallysuperiorcomparedwith usingtheelemen-
tarydistancemeasuresdirectly.

3.2. Linear Combination Model
Next, given a set of K one-dimensionaloptimal elemen-
tary distancemeasuresd = [d�

1; : : : ; d�
k ], we want to ap-

proximatethe optimal distancemeasureby combiningthe
elementarydistancemeasures.In otherwords,we want to
model and estimatep(yi 6= yj j d). Here we motivate
thefollowing linear logistic modelfor theoptimaldistance
measurethatwe usein practice:

log
p(yi 6= yj j d)
p(yi = yj j d)

= � 0 +
KX

k

� k log
p(yi 6= yj j d�

k )
p(yi = yj j d�

k )

(4)

Below, wedevelopthestatisticalassumptionsandpracti-
cal considerationsunderwhichsuchamodelholdsexactly.

We canmodelthe optimal distancemeasureby model-
ing theintra-classandextra-classdistributionsof thesetof
one-dimensionaloptimalelementarydistancemeasuresd�

k ,
sinceBayesrulegivesus:

p(yi 6= yj j d)
p(yi = yj j d)

=
p(d j yi 6= yj )
p(d j yi = yj )

p(yi 6= yj )
p(yi = yj )

Modelingtheintra- andextra-classdistributionsp(d j �)
directly is inconvenient since each d�

k takes values in
[0; 1]. We will insteadmodelthedistribution of a distance-
respectingtransformof eachd�

k , namelythelogit transform,
which transformsthe range[0; 1] into the whole real line
which is moreconvenientto model. The logit transformis
givenby

logit (x) � log
x

1 � x
; x 2 (0; 1)

Rede�ned = [logit( d�
1); : : : ; logit (d�

K )] to be the vector
of logit transformsof the 1-dimensionaloptimal distance
measures.Thenwe assumethat the intra- andextra-class
distributionoverd canbemodeledwell by two Gaussians:

d in tra � N (� in tra ; � in tra ); dextra � N (� extra ; � extra )

Thelinear logistic model(4) for theoptimaldistancemea-
surecannow bemotivatedby assuming� in tra = � extra =
� , resultingin thefollowing parametersfor themodel:

� 0 = � T
in tra � � 1� in tra � � T

extra � � 1� extra + log
p(yi 6= yj )
p(yi = yj )

[� 1; : : : ; � K ]T = � � 1(� extra � � in tra )

Theabovemodelingassumptionis thesameasthatused
for deriving lineardiscriminantsandis primarily motivated
by theneedto maketheestimationof themodelparameters
computationallytractable,sincewe needto estimateonly
O(K ) parametersin (4) with theassumptionasopposedto
estimatingO(K 2) parameterswithout theassumption.

4. Estimation
Having speci�edamodelfor theoptimaldistancemeasure,
in this sectionwe describea simple maximumlikelihood
framework for estimatingsucha modelfrom data.

Let yij � 21[y i 6= y j ] � 1. As before, let S =
f (x1; y1); : : : ; (xN ; yN )g bethetrainingsetof imagemea-
surementsand correspondingclass labels. Let d =
f d�

1; : : : ; d�
K g be a particularselectionof optimalelemen-

tary distancemeasuresfrom C (seex 3.1). Maximizing the
log-likelihoodof the optimal distancemeasuremodel (4),
giventhetrainingset,canbeshown [2] to beequivalentto
minimizing thefollowing costfunction:

Jd (� ) �
NX

i;j

log
�

1 + e�
�

k � k y ij logit (d�
k (x i ;x j ))

�

(5)

where,for compactnessof notation,we have assumedthe
inclusionof a constantdistancemeasured0 � 1. This cost
functionis convex [2] andcanbeoptimizedusingstandard
iterative techniqueslike Newton'smethod[12].

Finally, thebestchoicefor d is theonethatmaximizes
thelikelihoodor equivalentlyminimizesJd overall choices
of K optimal elementarydistancemeasuresfrom the col-
lectionC. Thebrute-forcesearchoverall choicesis clearly
unfeasiblewhen K is large. Instead,we adopta simple
greedystrategy in which at each iteration k we choose
the best d�

k 2 C that along with the distancemeasures
f d�

1; : : : ; d�
k � 1g chosenin thepreviousiterationsminimizes

thecostfunction.

5. Experiments
In this section,we benchmarkour approachagainstother
well-known algorithmson a challengingfacerecognition
task. At the outset,we would like to emphasizethat our
methodis notlimited to facerecognition.In fact,in contrast
to otherapproaches,our approachallows for thecombina-
tion of elementarydistancemeasuresfrom disparatefea-
ture spaceslike color, texture and local shapein a princi-
pled manner, see[2]. Here,we choosea facerecognition
task primarily for benchmarkingpurposes,since the task
hasbeenwell-studiedin the literatureresultingin a large
numberof algorithmsdevelopedfor thetaskaswell aswell-
known standarddata-sets.
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Figure1: Computingtheoptimalelementarydistancemeasure:(1) Eachtrainingimageis projectedontosomeprojectionvector. (2) The
intra- andextra-classdistributionsfor theelementarydistancemeasure(in our work, themagnitudeof thedifferencebetweentwo images
alongthe projectionvector)over the training setareestimatedusinga Parzenwindow estimator. (3) The optimal elementarydistance
measureis computedfrom theintra- andextra-classdistributionsusingBayesrule. Theresultis sampledandstoredin a tablefor ef�cient
accessat run-time.Seetext for furtherdetails.

5.1. FaceRecognitionTask
We chose a subset of frontal face images from the
FERET [10] databasethat had varying expressionsand
someillumination changes.Speci�cally, we chosea subset
correspondingto 200subjects,eachof whichhad2 images
with varyingexpressionandillumination. Thiswasdivided
into a training and test set with 100 subjectsin eachset.
Noneof thesubjectsin the testsetwererepresentedin the
trainingset. The testsetwasfurtherdivided into a gallery
setof 100 imagesanda probesetof 100 images. During
testingof eachalgorithm,theclosestmatchfor eachprobe
imagefrom thegallerywasfound.Figure2 showsasample
of theselectedimages.

Following [11], the imageswere pre-processedas fol-
lows. Eachof the imageswere alignedusing a similar-
ity transform(rotation,translationandscale)suchthat the
locationsof the eyes, whosepositionswere provided in
the FERETdatabase,fell on pre-speci�edpixel locations.
Next, theimageswerecroppedwith acommonmaskto ex-
cludebackgroundandhair. The non-masked pixels were
thenhistogram-equalizedandtheresultingpixelswerefur-
therprocessedto havezeromeanandunit variance.Finally,
all theimageswerescaledto haveasizeof 150� 200. Fig-
ure3 showsanimagebeforeandafterpre-processing.

5.2. Methods
Our Approach. For our approach,we needto specifythe
collectionCof elementarydistancemeasuresfrom whicha

Figure2: Sampleimagesfrom theFERETdatabase.

Figure3: A faceimagebeforeandafterpre-processing.



subsetof K distancemeasuresarechosenfor approximat-
ing theoptimaldistancemeasure(seex 3). In orderto make
a fair comparisonwith the other approaches,the elemen-
tary distancemeasureswe consideraredistancesbetween
two imagesalong variousone-dimensionallinear projec-
tions.Formally, if x is ameasurementvectorof pixels(after
pre-processingasdescribedabove)for animage,thenanel-
ementarydistancemeasurethatwe considertakestheform
dv (x i ; x j ) = jvT (x i � x j )j, wherev is a projectionvec-
tor. Thecollectionof elementarydistancesthatweconsider
thencorrespondsto acollectionof denselysampledprojec-
tion vectorsv. Assumingthe training set is representative
of the testingexamplesthatwill beseen,we only consider
projectiondirectionswithin the“f ace”-spacespannedby the
training images,sincethe orthogonalspacedoesnot con-
tain any discriminative information. For this experiment,
wesample1000projectionvectorsin this face-space.

For eachof the sampleddirections,optimal elementary
distancemeasuresareconstructedasdetailedin x 3.1using
Parzenwindow estimators.We usea Gaussianwindow for
the estimatorswith a variancethat is 1=10th of the max-
imum distancebetweenany two imagesalong any of the
sampledprojectiondirections.GivenK , thegreedyscheme
detailedin x 4 is usedto approximatetheoptimaldistance
measureby the bestK optimal elementarydistancemea-
sures.

PCA. Theprincipal componentvectorsof the training im-
agesare extracted. We use the Mahalanobisdistancein
PCA spaceto compensatefor the natural scalesof each
principal componentdirection. Speci�cally, the distance
measureusedis:

dPCA (x i ; x j ) =
KX

k

1
� k

juT
k (x i � x j )j2

whereuk ; k = 1; : : : ; K correspondto the K principal
componentdirectionscorrespondingto thetop eigenvalues
� k .

LDA. We implementedthe well-motivated “soft-LDA”
schemein [16]. First, thetrainingimagesareprojectedonto
themostsigni�cant principalcomponents(in our case,the
onesthat captureat least99% of the signalenergy). The
intra-classSin tra andextra-classSextra scattermatricesare
then createdin PCA space. LDA componentsare found
by maximizingtheFisherratio or equivalentlysolving the
eigen-problemSextra L = Sin tra L � whereL is thematrix
of columnvectorsof theLDA components.To avoid singu-
larities, it is crucial to regularizeSin tra by addinga small
quantity along the diagonal. Without this regularization,
LDA performsverypoorly. For robustness,adistancemea-
surethat used“soft”-weights basedon the eigenvaluesis

suggestedby [16]:

dLD A (x i ; x j ) =
KX

k

� �
k jlT

k (x i � x j )j2

wherelk aretheLDA componentsand� k thecorresponding
eigenvalues.We use� = 0:2 in ourexperiments.

Bayesian Classi�er . We implementedthe schemepro-
posedin [7] as follows. Intra-classandextra-classimage
differencesareeachmodeledby a Gaussiandensitybased
on a decompositionof the imagedifferencespacein each
caseinto thespacespannedby the�rst K principalcompo-
nentsof thecorrespondingclassof imagedifferencesfrom
the training set, as well as a residuespace. The distance
measurein this caseis givenby thelog-oddsratio between
theextra-classandintra-classdensities.See[7] for details.

5.3. Results

At run-time,all of the methodsabove have two steps:(a)
projectingtheinput imageontoK vectors.In ourapproach,
thevectorsaretheprojectionvectorsalongwhich elemen-
tary distancesaremeasured.For PCA, they are the prin-
cipal components.For LDA, they are the linear discrimi-
nantdirections.For theBayesianapproach,thevectorsare
thePCA componentsrequiredfor theintra- andextra-class
densitymodels. In our experiments,we divide K equally
betweenthetwo densitymodelsfor thisapproach.(b) �nd-
ing theclosestmatchfrom thetrainingsetusinga distance
measure. The secondstep is roughly comparablefor all
themethods,sinceeachdistancemeasurecanbeef�ciently
computedin eachcase.The�rst stepis proportionalto K .
In practice,the choicefor K shouldbe basedon a trade-
off betweenthe desiredrunningtime performanceandthe
desiredrecognitionperformance.

Figure 4 shows the recognition performanceon the
FERETtestsetasK variesfor eachmethod.PCAperforms
poorlyonthis task,showing thatthetaskis challenging.As
can be seen,our approachis competitive in performance
with theotherstateof theartapproaches.

Figure5 comparesthe performanceof our modelwhen
using optimal elementarydistancemeasures(labeled“in-
variant” in the�gure, sameastheonelabeled“Our Model”
in Figure4), which is invariantto distance-respectingtrans-
formations,andwhenusingelementarydistancemeasures
directly. Althoughourmotivationfor usingoptimalelemen-
tarydistancemeasureswaspurelyfor thesakeof invariance
(seex 3.1), we canseefrom the �gure that usingoptimal
elementarydistancemeasuresis alsoempirically superior
comparedwith usingtheelementarydistancemeasuresdi-
rectly.
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Figure4: Recognitionperformancefor thevariousmethodsasK
increases.
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Figure5: Performancecomparisonof our modelwhenusingop-
timal elementarydistancemeasures(labeled“invariant”),whichis
invariant to distance-respectingtransformations,andwhenusing
elementarydistancemeasuresdirectly. Seetext.

6. Discussion
Wehaveaddressedtwo issuesthatarisewhenmodelingthe
optimal distancemeasureas a combinationof more ele-
mentarydistancemeasures.First, we motivatedthe need
for usingelementarydistancemeasuresthatareinvariantto
distance-respectingtransformations.Second,we presented
a simplelinearcombinationmodelthatcanbejusti�ed ex-
actly undercertainassumptions.Finally, we have shown
thatour approachis competitive with thebestmethodsfor
a facediscriminationtask.

In contrastto theotherapproachescomparedin this pa-
per, our approachis more widely applicable,sinceit can
alsocombinemultiple modalities(color, texture,shape)in
a principledmannerwithin thesameframework. We sim-
ply needto de�ne appropriateelementarydistancemeasures
in eachof thesefeaturespaces.This is currentlyongoing
work.

In x 5, we madethe observation that using the invari-
antelementarydistancemeasuresleadsto betterempirical
performancewhencomparedwith usingtheelementarydis-
tancemeasuresdirectly. In future,we would like to investi-
gateboth theoreticallyandempirically whetherthis obser-
vationholdsmoregenerallyacrossmoretasks.
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