
Single-examplelearning of novel classesusing
representationby similarity

EvgeniyBart� and ShimonUllman
Dept.of ComputerScienceandAppliedMathematics

WeizmannInstituteof Science
Rehovot, Israel76100

evgeniy@csail.mit.edu, shimon.ullman@weizmann.ac.il

Abstract

Wedescribeanobjectclassi�cationmethodthatcanlearnfrom asingletrain-
ing example. In this method,a novel classis characterizedby its similarity
to anumberof previously learned,familiarclasses.Wedemonstratethatthis
similarity is well-preserved acrossdifferentclassinstances.As a result, it
generalizeswell to new instancesof the novel class. A simplecomparison
of the similarity patternsis thereforesuf�cient to obtain useful classi�ca-
tion performancefrom asingletrainingexample.Thesimilarity betweenthe
novel classandthefamiliar classesin theproposedmethodcanbeevaluated
usingawidevarietyof existingclassi�cationschemes.It canthereforecom-
bine the meritsof many differentclassi�cationmethods.Experimentson a
databaseof 107widely varyingobjectclassesdemonstratethattheproposed
methodsigni�cantly improvestheperformanceof thebaselinealgorithm.

1 Intr oduction

Recentmethodsof visualobjectclassi�cationachievehighperformancelevels.However,
they requirehundredsof examplesfor training [12, 13, 5, 2]. The cost of collecting
suchlarge amountsof training datamay be prohibitive. For example,when learning
to avoid dangerousobjects(e.g.predators),situationsthatpermitacquisitionof training
examplesarehazardous.Sincethesystem'sbehavior is incorrectuntil asuf�cient number
of exampleshasbeengathered,minimizing this numberis crucial to allow adaptationto
new situations. Obtainingusefulperformancewith very few training examplesis also
importantwhenthe learningis incremental(i.e. theexamplesarepresentedsequentially
and the systemis updatedafter eachpresentation).In addition, realistic classi�cation
schemesshouldbeableto handlea largenumberof classes.For example,it is estimated
thathumansarefamiliar with tensof thousandsof differentclasses[3]. As a result,the
accumulatedcostof learningall classesmay becomeexcessive. Reducingasmuchas
possiblethenumberof requiredtrainingexamplesmayhelpdealwith thisproblem.

In this paper, we proposeanobjectclassi�cationmethodthatcanlearnfrom a single
example.With this method,a systemthatcanalreadyclassifyseveralclassescanbeex-
tendedto classifyanadditionalnovel classusinga singletrainingexample.We assume
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that for severalclasses,a suf�cient numberof exampleshasbeenavailableto train clas-
si�ers by oneof theexistingmethods.Theseclasseswill bereferredto as`familiar'. The
novel classis thenrepresentedby its similarity to eachof thefamiliar classes.This sim-
ilarity is measuredby thealreadytrainedclassi�ers for the familiar classes.Intuitively,
this representationcanbe thoughtof asusinga namesuchas`cat�sh' or `dragon�y' to
describea new classby its similarity to several morecommonclasses.More formally,
we show that similaritiesarepreserved acrossdifferentclassinstances.Therefore,the
descriptionin termsof similaritiesgeneralizeswell to unfamiliar instancesof the novel
class. As a result,novel objectclassescanbe learnedfrom a single training example.
Sincein thisschemegeneralizationto within-classvariability is transferredacrossdiffer-
entclasses,we referto thismethodascross-generalization.

The remainderof this paperis organizedas follows. In the next section,relevant
previous work is reviewed. In section3, we describeandanalyzethe proposedcross-
generalizationmethod.Experimentalevaluationof themethodis presentedin section4.
We concludewith additionalremarksin section5.

2 Relatedprevious work

Theclassi�cationapproachproposedhereis basedonobtainingoutputsfrom asetof clas-
si�ers andcombiningtheseoutputsusingahigher-levelclassi�er. Thisapproachis known
as`classi�erstacking'[14]. Classi�er stackinghasbeencombinedwith representationby
similaritiesandusedsuccessfullyfor objectrecognitionin [5]. Thepresentpaperextends
the work in [5] in several ways. The main contribution is that our algorithmcanlearn
from a singletrainingexample.In contrast,over 100exampleshave beenusedfor train-
ing in [5]. In addition,we presenta theoreticalanalysisof theproposedrepresentationto
explain its empiricalsuccessin single-examplelearning.The�nal importantdistinction
between[5] andtheproposedschemeis that only similaritiesto individual familiar ob-
jects(undervaryingviewing conditions)wereusedin [5]. As a result,theschemein [5]
did not learnnovel objectclasses.Thetasksin [5] wererestrictedto recognizingindivid-
ual novel objectsor assigninga novel objectto oneof theexisting, familiar classes.In
contrast,in thecurrentschemenovel objectsarecharacterizedby similaritiesto familiar
objectclasses(ratherthanindividual objects).This simplemodi�cation allows thepro-
posedschemeto learnnovel objectclassesandgeneralizeto new instancesof thesenovel
classes.This is an importantextension,becausefor currentcomputervision algorithms,
objectclassi�cationis a morechallengingtaskthanindividual recognition.

Next, we survey additionalrelevant approaches,emphasizingtheir training require-
ments.Algorithmssuchasnearest-neighborclassi�cation[4] requirethespaceof input
patternsto becoveredwith suf�cient densityby trainingexamplesto achievegoodperfor-
mance[4]. Naturalobjectimagesareusuallyscatteredoveralargeregion(i.e. thewithin-
classscatteris high) due to the signi�cant variability presentin naturalobjectclasses.
Consequently, thousandsof trainingexamplesmayberequiredto cover this region.

Using featuresthat are invariant to irrelevant variability decreasesthe within-class
scatterandconsequentlyreducestherequiredtrainingsetsize[3, 9]. However, designing
invariantfeaturesfor everypossibleproblemis not feasible[3, 9], andautomaticlearning
of invariants[11] requireshundredsof trainingexamples.

Lineardiscriminantanalysis[4] (LDA, alsocalledFLD) explicitly constructsfeatures



to reducethein�uence of within-classscatter. This is performedby maximizingtheratio
of between-classto within-classscatters.However, hundredsof training examplesare
requiredfor this method[2].

In [7, 6], parametricclassmodelsareusedfor classi�cation. Thedistribution of pa-
rametersin modelsfor thefamiliarclassesis evaluatedandusedasaprior for parameters
of thenovelclass.Thisprior helpsavoid inaccurateparameterestimatesandconsequently
increasestheperformance.However, only a singleprior distribution is learnedfrom all
familiar classesin [7], and this single prior is thenusedfor all novel classes.Sucha
prior biasesthe novel classparameterstowardsthe valuesfrequentlyappearingamong
the familiar classes. For novel classeswith less frequentparametervalues,the prior
will assignlow probability to the correctvaluesof parameters,leadingto degradation
of performance.Thisundesirablebehavior will notdisappearwhenmorefamiliarclasses
becomeavailable,becausetheparameterprobabilitiesdependon relative fraction,rather
than the absolutenumber, of uncommonclasses.For example,supposethat 95 out of
100 familiar classesrepresentvariousquadrupedsandthe remaining� ve classesrepre-
sentdifferentkindsof �o wers.In this case,any novel classin [7] will bestronglybiased
towardsquadrupeds.If thenovel classin fact representsa new kind of �o wer, this bias
will adverselyaffect the performance.In contrast,in the proposedcross-generalization
schemethe in�uence of highly dissimilarclassesis automaticallyreduced,andonly rel-
evant familiar classescontributesigni�cantly. An additionaladvantageof theproposed
cross-generalizationmethodis that it is not restrictedto a singleclassi�er model. For
example,thepriors learnedin [7, 6] arehighly model-speci�candareonly suitablefor
the `constellation'model. Suchpriors cannotbe usedwith alternative modelssuchas
neuralnetworksor SVMs. In contrast,cross-generalizationcanbeusedwith a wide va-
riety of classi�ers, andcaneven combineseveral differentclassi�er types. In spiteof
this generality, theperformanceof cross-generalizationcomparesfavorablyto thatof the
model-speci�cschemes.

In [10], featuresaresharedbetweenseveralclassesto reducethetotal numberof fea-
turesrequiredfor classifyinga largenumberof classes.Thissharingalsoallows learning
from few training examples.However, to obtainsharedfeaturesin [10], all classesare
trainedsimultaneously. This is an undesirablerequirement,sincein the currentprob-
lem formulation,a novel classis assumedto appearafter learningof thefamiliar classes
is completed. In contrast,cross-generalizationsuitswell the learningparadigmwhere
classesbecomeavailableincrementally, andit avoidsthedelaysrequiredto accumulatea
largenumberof classes.In addition,thesharingalgorithmusedin [10] producessimple
genericfeatures,suchaslinesandedges.Suchgenericfeaturesareusuallyoutperformed
by moreclass-speci�cfeatures.In contrast,in theproposedcross-generalizationscheme
thefamiliarclassi�ersaretrainedfor optimalperformance,usinghighlyclass-speci�cfea-
tures.Althoughtheresultingclassi�erswerenot intendedfor reuse,cross-generalization
allows to extractanduseinformationfrom theseclassi�ersto facilitatefurtherlearning.

3 Cross-generalization

In this section,the proposedcross-generalizationschemeis presentedandanalyzed.In
section3.1,a brief descriptionof theschemeis given. Theanalysisin section3.2shows
thattheschemecangeneralizereliably to novel classimageswith limited trainingdata.



3.1 Brief description of the scheme

Let C1 : : :CN denotethefamiliar, well-learnedclasses.Denoteby Ci theclassi�er for the
i' th class.Denotetheclassto which a patternp belongsby C(p). Denoteby Ci(p) the
outputof Ci onpatternp.

In many classi�ers,suchasneuralnetworksor Bayesiandecisionrules,meaningful
interpretationcanbe given to thevalueCi(p) even when p doesnot belongto classCi .
Suchclassi�ers output a continuousvalue that indicatesthe degreeof con�dencethat
the input patternbelongsto thegivenclass.In this case,Ci (p) canbe interpretedasthe
similarity of patternp to theclassCi . Notethatthetypeof classi�erCi is irrelevantfor this
interpretation;arbitraryclassi�erscanbeused(providedthatthey canoutputasimilarity
value),anddifferentclassi�er typesusedfor differentclassescanbecombined.

Themainhypothesisthatwill beusedbelow is thatsimilarclasses(suchashorsesand
dogs)exhibit similar within-classvariability (for example,in bothclasses,the limbs can
moverelative to thebody). In section4 we empiricallyvalidatesomeof theimplications
of this hypothesis.Onesuchimplication is that the similarity of p to classCi depends
mainly on the overall similarity betweenclassesC(p) and Ci . The similarity is thus
roughly independentof the speci�c object p usedto make the comparison,andis well
preservedacrossdifferentclassinstances.Therefore,thesimilarity of theobjectp to class
Ci will generalizewell to otherobjectsof classC(p), andis thereforea goodfeatureto
usefor classi�cation.

To learna novel classC from a single exampleE 2 C, the similarity of E to the
familiarclassesis recordedin afeaturevectorCN

1 (E) = [C1(E) : : :CN(E) ]T of N numbers.
Otherinstancesof classC areexpectedto havesimilarity vectorsclosetoCN

1 (E), because
similarities are well preserved acrossdifferent instances. Therefore,nearest-neighbor
classi�cation canbe used. New patternsP with similarity vectorssuf�ciently closeto
CN

1 (E) areclassi�edasbelongingto C. Simplel2 normis usedfor this classi�cation. A
patternP is classi�edasbelongingto classC whenkCN

1 (E) � CN
1 (P)k2 is below acertain

thresholdq. This thresholdcanbeadjustedto obtainthedesiredtradeoff betweenhit and
falsealarmrates.

3.2 Analysis

We representinput patternsasd-dimensionalvectorsin theinput spaceRd. To facilitate
theanalysis,thedistributionof patternsof thenovel classis assumedto beGaussianwith
meanmandcovariancematrixS. Typically, thedimensionalityof theinputspaceis high,
but only relatively few featuresarecharacteristicof theclass.Thevaluesof theremaining
featuresmay vary widely; therefore,the Gaussianis elongatedin the directionof these
irrelevantfeatures,andthecorrespondingeigenvaluesof S arelarge.

Theclassi�cationschemesconsideredbelow maptheinput patternx 2 Rd into some
featurespaceRN byamappingf . Forexample,themappingusedby thecross-generalization
classi�er is CN

1 (x). In this featurespace,the classi�cation is performedusing the l2
norm. The purposeof the analysishere is to evaluatethe within-classvariability in
the featurespacesusedby variousclassi�ers. For this, the within-classscatterSw =
E(k f (x1) � f (x2)k2

2) (theexpectedsquareddistancebetweentwo instancesof theclass)
is calculated. Intuitively, smallerSw implies easierclassi�cation, becauseall classin-
stanceshavesimilar featurevalues.(NotethatSw canbechangedarbitrarilyby rescaling



thefeaturesandthereforeshouldin principlebenormalizedby somemeasureof theover-
all scale.This normalizationwasnotperformedsinceour goalhereis to analyzehow Sw
dependsonclassparametersratherthanto givenumericalestimates.)

First, the standardnearest-neighborclassi�er in the input spaceis evaluated. This
classi�er usestheidentity mappingas f . It canbeshown [1] thatSw = E(kx1 � x2k2

2) =
2trS in this case.As mentionedabove, theeigenvaluesof S in irrelevantdirectionsare
large.Therefore,Sw canbecomearbitrarily large,andnearestneighborclassi�cationwill
performpoorly whenmany irrelevantfeaturesarepresent.

Next, theuseof theMahalanobisdistancefor classi�cationis evaluated.This corre-
spondsto using f (x) = S� 1=2x. It canbeshown [1] thatSw = E(x1 � x2)TS� 1(x1 � x2) =
2tr I = 2d. Notethateachdimensioncontributes2 to Sw regardlessof its originalvariance.
Thein�uenceof irrelevantfeatureswith largevarianceis thereforereduced.However, the
in�uence of irrelevantfeatureswith smallvariance(usuallycorrespondingto noise)is in-
creased.This is a well-known problemwith Mahalanobisdistance,and in principle it
shouldbehandledby removing featuresthatcorrespondto noise.However, despitethis
undesirableeffect, Sw is bounded(unlike with nearest-neighborclassi�cation in input
space).Therefore,usingMahalanobisdistancefor classi�cationis in generalpreferable
to usingl2 normon input patterns.However, this requiresestimatingS from a suf�cient
numberof trainingexamples.

Next, weshow thattheproposedcross-generalizationschemehasfavorableproperties
similar to thoseof Mahalanobisdistance.However, in contrastto Mahalanobisdistance,
cross-generalizationdoesnot requireexplicitly estimatingS andcanthereforebe used
whenthenumberof availabletrainingexamplesis limited.

Themappingusedby thecross-generalizationschemeis f (x) = CN
1 (x); theresulting

featurespacewill becalled`similarity space'.Weassumethatthefamiliarclassesarealso
Gaussianwith meansmf i andcovariancesSf i . We alsoassumethat theclassi�er for the
i' th familiar classusestheMahalanobisdistancefor classi�cation. LargerMahalanobis
distanceindicateslesssimilarpatterns.To limit thein�uence of thesedissimilarpatterns,
their similarity shouldbecloseto 0. A simpleway to achieve this is to usethe inverted

Mahalanobisdistanceas similarity: Ci(x) =
h
(x� mf i)TS� 1

f i (x� mf i)
i � 1

. In this case,

Sw = E(k f (x1) � f (x2)k2
2) = å i Ti , whereTi is thecontribution of the i' th familiar class.

Thiscontribution is givenby Ti = E(Ri), where

Ri =
[dMi (x1;mf i) � dMi(x2;mf i )]2

d2
Mi(x1;mf i)d2

Mi (x2;mf i)
:

HeredMi(x;y) = (x� y)TS� 1
f i (x � y) is theMahalanobisdistancebetweenx andy, mea-

suredusingthecovariancematrix of familiar classi.
The numeratorand denominatorof Ri are always non-negative. To estimatethe

denominator, observe that it is proportionalto the productof distances.The distance
dMi(x;mf i ) is of the orderof magnitudeof (m� mf i)TS� 1

f i (m� mf i). Assumingthat the
novel classis well separatedfrom thefamiliarclasses,thisdistanceis boundedawayfrom
zero.Thenthedenominatoris alsoboundedaway from zero.In this case,its exactvalue
is not importantsincetheinequality

Ri �
[dMi(x1;mf i ) � dMi(x2;mf i)]2

min(d2
Mi(x1;mf i)d2

Mi (x2;mf i))



canbe usedto obtaina bound. The `zeroth-order'approximationis to assumethat the
denominatoris roughly constantandequalto its averagevalue. The denominatorcan
thenbemovedoutsidetheexpectationsign. In this case[1],

Ti = 4�
tr(SS� 1

f i )2 + 2DT
i S� 1

f i SS� 1
f i Di

[2tr(SS� 1
f i )2 + 4DT

i S� 1
f i SS� 1

f i Di + (A+ B)2]2
;

whereA = DT
i S� 1

f i Di , B = trSS� 1
f i , Di = m� mf i. More accurateapproximationsshould

take into accountthehigher-ordermomentsof thedenominator.
Assume�rst thatthefamiliarclassCi is similar to thenovel classC. Thesimilarity is

measuredby Di , thedistancebetweentheirmeans.For similarclasses,Di is small,andthe
termsinvolving it canbeneglected.Weassumethatsimilarclasseshavesimilarstructure,
asdeterminedby their covariancematrices.To measurethesimilarity of S andS f i , note
thatfor equalmatrices,S= Sf i impliesS� 1

f i S= I. Therefore,trS� 1
f i S= trSS� 1

f i = tr I = d.

ApproximatingtrS� 1
f i S ' d for similar classes,Ti canbesimpli�ed to Ti ' 4=d3.

Assumenow thatCi andC arehighly dissimilar, andthedistanceDi is large.Sincethe
denominatorcontainstermsof higherorderin Di thanthenumerator, Ti ' 0. Noticethat
no explicit knowledgeof dissimilaritybetweenCi andC is required.ThecontributionTi
from dissimilarclassesis automaticallyreducedin thesimilarity space.

Theintuition behindtheseresultsis asfollows. Thefamiliar classi�ersaretrainedto
ignoreirrelevantwithin-classvariability. Sincesimilar classeshavesimilar structure,this
capacityto ignoreirrelevantvariability canbegeneralizedto thenovel class.Therefore,
thecontribution Ti from similar classesis bounded.For dissimilarclasses,thesimilarity
valuesare(by de�nition) small;therefore,their contribution is negligible.

Therefore,Sw � 4N=d3 (whereN is the total numberof familiar classes),i.e. Sw is
boundedby a constantindependentof theclassparameters.This implies that instances
of thenovel classbecomeclusteredtightly in thesimilarity spacenomatterhow broadly
they aredistributedin theinputspace.Therefore,thesimilarity betweenaninstanceof the
novel classanda familiarclassis indeedpreservedacrossdifferentinstancesof thenovel
class,andnovel classinstancescanbeclassi�edreliably in thesimilarity space.Sincethe
transformationto similarity spacedoesnot requireexplicit estimationof thenovel class
parameters(suchasS), theschemecanbetrainedusinga limited numberof examples.

Note that thescatterSw wasusedonly to estimatethedif�culty of theclassi�cation
task.In thesimilarity spacethescatteris automaticallyreduced,andthereforealgorithms
thatuserepresentationby similarity neednot minimizescatterexplicitly. (Suchexplicit
minimizationof scatterwould requirehundredsof trainingexamples.)

4 Results

In this section,we presenttheempiricalevaluationof theproposedcross-generalization
algorithm.

To train classi�ers for the familiar classes,we useda schemesimilar to [12]. In
this scheme,objectsarerepresentedusinga setof selectedsub-images,calledfragments.
Thesefragmentsareextractedfrom training imagesandcombinedin a linear classi�er
trainedto discriminatebetweenclassandnon-classimagesbasedonpresenceor absence
of particularfragments.



Notethatthebaselineclassi�ersusedfor thefamiliarclassesrepresentthespatialcon-
�guration explicitly. Sincethecross-generalizationclassi�er reliesonthebaselineclassi-
�ers to calculatesimilarity, it incorporatesthespatialcon�gurationimplicitly. Therefore,
explicit representationof spatialcon�gurationsisnotnecessaryin thecross-generalization
classi�er.

4.1 Empirical scatteranalysis

In this section,thewithin-classscatterin thesimilarity spacewascomparedto scatterin
theinput spaceto empiricallyverify theconclusionsof section3.2. Theexperimentwas
performedusingimagesfrom the ETH database[8]. Five familiar classes(cows, cups,
horses,pears,andtomatoes)wereused.Thefamiliarclassi�ersweretrainedasdescribed
above andwereusedsubsequentlyto evaluatesimilaritiesin thecross-generalizational-
gorithm. Theclassof dogswasusedasthenovel class.Thewithin-classscatter, Sw, was
calculatedfor thisclassin thesimilarity space.As mentionedabove,thescattershouldbe
normalizedby somemeasureof overall scale.For this, thebetween-classscatterSb, de-
�ned astheaveragesquareddistanceof apositiveexamplefrom anegativeexample,was
calculated.Theratio of thewithin-classto between-classscatterwasSw=Sb = 0:18. The
scatterswerealsomeasuredin theinputspace,by usingthel2 normto evaluatesimilarity
of input imagesdirectly. In this case,the ratio of scatterswas0:83. The conclusionis
that the input patternsarebetterclusteredin thesimilarity spacethanin the input space,
aspredictedin section3.2.

4.2 Classi�cation experiments

In this section,the classi�cation performanceof cross-generalizationis evaluatedand
comparedto the baselinemethoddescribedin [12]. The experimentswere performed
usinga databaseof 107widely varyingclasses.Of these,101classeswerefrom theCal-
techdatabase[7], andsix additionalclasseswereincorporated.Theseadditionalclasses
includedanimalsandanimalfaces.The imageswereobtainedandpreprocessedasde-
scribedin [7]. All imageswerescaledto a heightof 45 pixels. Most classescontained
between40 and100examples.In addition,non-classimages,which did not containany
of thefamiliarclasses,wereusedasnegativeexamples.A setof 400non-classimageswas
usedfor training. A separatesetof 324non-classimageswasusedfor testing.Example
imagesareshown in Figure1; moreexamplescanbefoundin [7].

Cross-generalizationperformsclassi�cation in the similarity space,andit is natural
to compareit to input-spaceclassi�cation. However, input-spaceclassi�cation in our
casecorrespondsto direct matchingof images.It is well-known that this methodgives
poor classi�cationperformance.Our experimentscon�rmed that input-spaceclassi�ca-
tion producedessentiallyrandomresults(datanot shown dueto spacelimitations). The
moreinterestingcomparisonwith thebaselinealgorithmis reportedbelow.

Thecross-generalizationalgorithmwastestedusingtheleave-one-outmethod.Each
of the 107 classeswas tested. With eachclass,the remaining106 classeswere used
asthe familiar classesfor cross-generalization.This is similar to experimentsin [7, 6].
Eachfamiliar classi�er was trainedusing2=3 of the availableclassimagesaspositive
examplesandthe training non-classimagesasnegative examples. (The samenegative
exampleswereusedfor all classes.)For eachfamiliar class,25 fragmentswereselected



Airplane Ball Catface Crocodile Cup Lamp

Mandolin Pig Pizza Non-class

Figure1: Examplesof imagesusedin theexperiments.
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Figure2: Comparisonof cross-generalizationto thebaseline.Trainedwith two positive
examples.(a), (b): SampleROC curves. (a): carsclass. (b): helicopterclass. X axis:
falsealarmrate.Y axis: hit rate. Solid line: cross-generalization.Dashedline: baseline
algorithm. (c): Differenceof ROC curvesaveragedover all 107 classes.X axis: false
alarmrate. Y axis: differenceof hit rates. Positive valuesindicateadvantageof cross-
generalization.

anda linearclassi�er wastrained[12]. Next, across-generalizationclassi�er wascreated
for the novel class. Only a single exampleof the novel classwas selectedat random
for training. Experimentswere repeated10 times with different randomchoices. No
negativeexampleshavebeenusedin training.Following training,thecross-generalization
classi�er was testedusing the remainingclassimagesand the testingset of non-class
images.

Classi�er performancefor eachclasscanbecharacterizedby theareaundertheROC
curve. However, sincerandomguessingwould give an areaof 0:5, we useinsteadper-
formancemargin, de�ned as 2 � (Area� 0:5), whereArea is the areaunder the ROC
curve. Perfectclassi�cation would give a margin of 1, while randomguessingwould
give a margin of 0. The averagemargin obtainedby the cross-generalizationalgorithm
was0:46� 0:03. This margin correspondsto averageareaunderROC of 0:73, which is
slightly betterthantheaverageareaof 0:71 reportedin [7]. (Note that theexperiments
describedhereweremorechallengingthanthosein [7] dueto thereducedresolutionof
the images.) As mentionedin section2, [7] usesa highly model-speci�cscheme. In



contrast,cross-generalizationis a generalscheme,not tunedto someparticularmodel.
Therefore,cross-generalizationcould in principle fail to exploit someinformationavail-
ableto themodel-speci�cscheme.Thecomparableperformanceof cross-generalization
andthemodel-speci�cschemeindicatesthat this did not happen.Theconclusionis that
cross-generalizationmanagedto extracta signi�cant amountof informationfrom thefa-
miliar classi�erswithout detailedinformationabouttheseclassi�ers.

Next, the performanceof cross-generalizationwas comparedto the baselinealgo-
rithm. Sincethebaselinealgorithmrequiresmultiple positive andnegative examplesto
operate,it wassuppliedwith a minimal setof two positive examplesperclass.In addi-
tion, two of the training non-classimageswereusedasnegative examples.The cross-
generalizationalgorithmwasalsosuppliedwith two positive examples(no negative ex-
ampleshave beenused). The performanceof the learnedclassi�ers wassubsequently
testedon a datasetcontainingimagesof thenovel class(exceptfor thetrainingimages)
and the testingnon-classimages. ExampleROC curves for two classesare shown in
Figure 2. To compareperformanceacrossall 107 classes,the differencebetweenthe
cross-generalizationandbaselineROC curveswascalculatedfor eachclass.This differ-
enceis acurvewhich, for every falsealarmrate,givesthedifferenceof hit rates.Positive
differenceindicatesadvantageof cross-generalization.Thedifferencecurvesof the107
classeswereaveraged.Theaveragedifferencecurveis shown in Figure2(c).

Theaverageperformancemargin of cross-generalizationalgorithmin thisexperiment
was0:52� 0:02.Onaverage,themargin of cross-generalizationwas38% � 10% higher
thanthatof thebaselinealgorithm.Thedifferenceis highly signi�cant (pairedt test,p <
0:001).Theconclusionis thatcross-generalizationsigni�cantly outperformsthebaseline
algorithm.

5 Discussion

We have describedanobjectclassi�cationschemein which thepasteffort expendedfor
learningis reusedto facilitatelearningof novel classes.This approachis calledcross-
generalization,and it allows to obtain useful classi�cation performancefrom a single
training example. The implementationof the proposedschemeis particularly simple
becauseeachfamiliar classi�er is treatedasa black box andonly the outputvaluesof
theseclassi�ersareused.

Thesimilarity betweenthenovelclassandthefamiliarclassesin theproposedmethod
canbeevaluatedusingawidevarietyof existingclassi�cationschemes.Cross-generalization
canthereforecombinethemeritsof many differentclassi�cationmethods.Despitethis
generality, theschemeis competitivewith highly classi�er-speci�c methods.

A limitation of theproposedschemeis its inherentslowdown causedby usingmulti-
pleclassi�ers.When106familiarclassi�ersareused(section4.2),it takes� 1:8 seconds
to classifyan imageon a 1:5 GHz Centrinolaptop. If only a singleclassi�er wasused,
theclassi�cationtime would reduceto 0:025seconds.However, it shouldbenotedthat
theindividualclassi�ersusedin theschemedonot interact,andthereforetheschemecan
easilybe implementedon massively parallelarchitectures.In particular, biological im-
plementationseemsplausible.In thefuture,weplanto investigatehow thecomputational
complexity of theschemecouldbereduced.Onepossibledirectionis to selectonly the
mostrelevantfamiliar classi�ersanddiscardtherest.Preliminaryresultsindicatethat10



familiar classi�ersaresuf�cient to obtainperformancecomparableto usingall 106 fa-
miliar classi�ers.Alternatively, thecomputationalcomplexity of theensembleof familiar
classi�erscouldbereducedby sharingfeaturesamongdifferentfamiliar classi�ers[10].
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