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Abstract

Wedescribeanobjectclassi cationmethodthatcanlearnfrom asingletrain-
ing example. In this method,a novel classis characterizedy its similarity
to anumberof previously learnedfamiliar classesWe demonstraté¢hatthis
similarity is well-presered acrossdifferentclassinstances.As a result, it
generalizesvell to new instanceof the novel class. A simplecomparison
of the similarity patternsis thereforesufcient to obtain useful classi ca-
tion performancdrom a singletrainingexample.The similarity betweerthe
novel classandthe familiar classesn the proposednethodcanbeevaluated
usingawide variety of existing classi cationschemeslt canthereforecom-
bine the meritsof mary differentclassi cation methods.Experimenton a
databasef 107widely varying objectclasseslemonstrat¢hatthe proposed
methodsigni cantly improvesthe performancef the baselinealgorithm.

1 Intr oduction

Recenmethodof visualobjectclassi cationachieve high performancéevels. However,
they require hundredsof examplesfor training [12, 13, 5, 2]. The costof collecting
suchlarge amountsof training datamay be prohibitive. For example,when learning
to avoid dangerousbjects(e.g. predators)situationsthat permitacquisitionof training
examplesarehazardousSincethesystem$behavior is incorrectuntil asufcient number
of exampleshasbeengatheredminimizing this numberis crucialto allow adaptatiorto
new situations. Obtaininguseful performancewith very few training examplesis also
importantwhenthe learningis incrementali.e. the examplesare presentedgequentially
and the systemis updatedafter eachpresentation).In addition, realistic classi cation
schemeshouldbe ableto handlea large numberof classesFor example,it is estimated
thathumansare familiar with tensof thousand®f differentclasse43]. As aresult,the
accumulateatostof learningall classeanay becomeexcessie. Reducingas muchas
possiblethe numberof requiredtrainingexamplesmay helpdealwith this problem.

In this paper we proposean objectclassi cationmethodthatcanlearnfrom a single
example. With this method,a systemthat canalreadyclassifyseveral classesanbe ex-
tendedto classifyanadditionalnovel classusinga singletraining example. We assume
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thatfor severalclassesa sufcient numberof exampleshasbeenavailableto train clas-
si ers by oneof theexisting methods.Theseclassewill bereferredto as familiar'. The
novel classis thenrepresentetby its similarity to eachof the familiar classesThis sim-
ilarity is measuredy the alreadytrainedclassi ersfor the familiar classes.Intuitively,
this representatiocanbe thoughtof asusinga namesuchas “cat sh' or “dragon y' to
describea new classby its similarity to several more commonclasses.More formally,
we show that similarities are presered acrossdifferent classinstances. Therefore the
descriptionin termsof similaritiesgeneralizesvell to unfamiliar instancef the novel
class. As a result, novel objectclassesxanbe learnedfrom a single training example.
Sincein this schemegeneralizatiorto within-classvariability is transferrecacrosdiffer-
entclasseswe referto this methodascross-generalization.

The remainderof this paperis organizedas follows. In the next section,relevant
previous work is reviewed. In section3, we describeand analyzethe proposedcross-
generalizatiormethod.Experimentakvaluationof the methodis presentedn section4.
We concludewith additionalremarksn section5.

2 Relatedpreviouswork

Theclassi cationapproactproposedereis basedn obtainingoutputsfrom asetof clas-
si ers andcombiningtheseoutputsusingahigherlevel classi er. Thisapproachs known

as’classi erstacking'[14]. Classi er stackinghasbeencombinedwith representatioby
similaritiesandusedsuccessfullyfor objectrecognitionin [5]. Thepresenpaperextends
thework in [5] in severalways. The main contribution is that our algorithm canlearn
from a singletraining example.In contrastover 100 exampleshave beenusedfor train-
ing in [5]. In addition,we present theoreticalnalysisof the proposedepresentatioto

explain its empiricalsuccessn single-examplelearning. The nal importantdistinction
betweern5] andthe proposedschemss that only similaritiesto individual familiar ob-
jects(undervaryingviewing conditions)wereusedin [5]. As aresult,theschemen [5]

did notlearnnovel objectclassesThetasksin [5] wererestrictedo recognizingndivid-

ual novel objectsor assigninga novel objectto one of the existing, familiar classes.In

contrast,jn the currentschemenovel objectsarecharacterizedby similaritiesto familiar
objectclasseqratherthanindividual objects). This simplemodi cation allows the pro-
posedschemeo learnnovel objectclassesandgeneralize¢o new instance®f thesenovel

classes.Thisis animportantextension,becausdor currentcomputervision algorithms,
objectclassi cationis amorechallengingaskthanindividual recognition.

Next, we surwey additionalrelevant approachesemphasizingheir training require-
ments. Algorithms suchasnearest-neighbarlassi cation[4] requirethe spaceof input
patterngo becoveredwith sufcient densityby trainingexamplego achieze goodperfor
manceg4]. Naturalobjectimagesareusuallyscattereaveralargeregion(i.e. thewithin-
classscatteris high) dueto the signi cant variability presentin naturalobjectclasses.
Consequentlythousand®f training examplesmayberequiredto cover this region.

Using featuresthat are invariant to irrelevant variability decreaseshe within-class
scatterandconsequentlyeducegherequiredtraining setsize[3, 9]. However, designing
invariantfeaturesfor every possibleproblemis notfeasible[3, 9], andautomatidearning
of invariantg[11] requireshundredf trainingexamples.

Lineardiscriminantanalysig4] (LDA, alsocalledFLD) explicitly constructdeatures



to reducethein uence of within-classscatter Thisis performedby maximizingtheratio
of between-clas$o within-classscatters. However, hundredsof training examplesare
requiredfor this method[2].

In [7, 6], parametricclassmodelsare usedfor classi cation. The distribution of pa-
rametersn modelsfor thefamiliar classess evaluatedandusedasa prior for parameters
of thenovel class.Thisprior helpsavoid inaccurateparameteestimatesndconsequently
increaseshe performance However, only a single prior distribution is learnedfrom all
familiar classesn [7], andthis single prior is then usedfor all novel classes.Sucha
prior biasesthe novel classparametersowardsthe valuesfrequentlyappearingamong
the familiar classes. For novel classeswith lessfrequentparametewalues,the prior
will assignlow probability to the correctvaluesof parametersleadingto degradation
of performanceThis undesirabléehaior will notdisappeawhenmorefamiliar classes
becomeavailable,because¢he parameteprobabilitiesdependon relative fraction, rather
thanthe absolutenumber of uncommonclasses.For example,supposehat 95 out of
100 familiar classegepresenvariousquadrupedsndthe remaining ve classegepre-
sentdifferentkindsof o wers.In this case ary novel classin [7] will bestronglybiased
towardsquadrupedslf the novel classin factrepresents new kind of o wer, this bias
will adwerselyaffect the performance.In contrast,in the proposedcross-generalization
schemeéhein uence of highly dissimilarclassess automaticallyreducedandonly rel-
evantfamiliar classecontribute signi cantly. An additionaladvantageof the proposed
cross-generalizatiomethodis thatit is not restrictedto a single classi er model. For
example,the priorslearnedin [7, 6] arehighly model-speci candareonly suitablefor
the “constellation'model. Suchpriors cannotbe usedwith alternatve modelssuchas
neuralnetworks or SVMs. In contrastcross-generalizatiocanbe usedwith a wide va-
riety of classi ers, and can even combineseveral differentclassi er types. In spite of
this generality the performancef cross-generalizatiocomparegavorablyto thatof the
model-speci cschemes.

In [10], featuresaresharedetweerseveral classeto reducethetotal numberof fea-
turesrequiredfor classifyingalarge numberof classesThis sharingalsoallows learning
from few training examples. However, to obtainsharedfeaturesin [10], all classesare
trainedsimultaneously This is an undesirablerequirementsincein the currentprob-
lem formulation,a novel classis assumedo appearafterlearningof the familiar classes
is completed. In contrast,cross-generalizatiosuits well the learningparadigmwhere
classedbecomeavailableincrementallyandit avoidsthe delaysrequiredto accumulate
large numberof classesln addition,the sharingalgorithmusedin [10] producessimple
genericfeaturessuchaslinesandedges Suchgenericfeaturesareusuallyoutperformed
by moreclass-speci cfeatures.In contrastjn the proposedtross-generalizatioscheme
thefamiliarclassi ersaretrainedfor optimalperformanceusinghighly class-speci dea-
tures.Althoughtheresultingclassi erswerenotintendedfor reuse cross-generalization
allowsto extractanduseinformationfrom theseclassi ersto facilitatefurtherlearning.

3 Cross-generalization

In this section,the proposedcross-generalizatioschemes presentedndanalyzed.In
section3.1, a brief descriptionof the schemaes given. The analysisin section3.2 shavs
thattheschemecangeneralizeeliably to novel classimageswith limited trainingdata.



3.1 Brief description of the scheme

Let C;:::Cn denotethefamiliar, well-learnedclassesDenoteby C; theclassi er for the
i'th class. Denotethe classto which a patternp belongsby C(p). Denoteby Ci(p) the
outputof C; on patternp.

In mary classi ers, suchasneuralnetworks or Bayesiandecisionrules, meaningful
interpretationcan be givento the valueC;(p) evenwhen p doesnot belongto classC;.
Suchclassi ers output a continuousvalue that indicatesthe degreeof con dencethat
theinput patternbelongsto the givenclass. In this case C;(p) canbeinterpretedasthe
similarity of patternp to theclassC;. Notethatthetypeof classi erC; isirrelevantfor this
interpretationarbitraryclassi erscanbe used(providedthatthey canoutputasimilarity
value),anddifferentclassi er typesusedfor differentclasse€anbecombined.

Themainhypothesighatwill beusedbelow is thatsimilar classegsuchashorsesand
dogs)exhibit similar within-classvariability (for example,in bothclassesthelimbs can
move relative to thebody). In section4 we empirically validatesomeof theimplications
of this hypothesis.One suchimplication is that the similarity of p to classC; depends
mainly on the overall similarity betweenclassesC(p) and C;. The similarity is thus
roughly independenof the speci c object p usedto make the comparisonandis well
preseredacrosdlifferentclassinstancesThereforethesimilarity of theobjectp to class
C; will generalizenell 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
familiarclassess recordedn afeaturevectorClN(E) = [CL(E) :::Cn(E) ] of N numbers.
Otherinstance®f classC areexpectedo have similarity vectorscloseto C{\‘(E), because
similarities are well presered acrossdifferentinstances. Therefore,nearest-neighbor
classi cation canbe used. New patternsP with similarity vectorssufciently closeto
C{“(E) areclassi ed asbelongingto C. Simplel, normis usedfor this classi cation. A
patternP is classi edasbelongingto classC whenkC{‘(E) C{\‘(P) ks, is below acertain
thresholdg. Thisthresholdcanbeadjustedo obtainthe desiredradeof betweerhit and
falsealarmrates.

3.2 Analysis

We represeninput patternsasd-dimensionalectorsin theinput spaceR?. To facilitate
theanalysisthedistribution of patternsof thenovel classis assumedo be Gaussiarwith
meanmandcovariancematrix S. Typically, thedimensionalityof theinput spacads high,
but only relatively few featuresarecharacteristiof theclass.Thevaluesof theremaining
featuresmay vary widely; therefore the Gaussiaris elongatedn the directionof these
irrelevantfeaturesandthe correspondin@igervaluesof S arelarge.

Theclassi cationschemesonsideredelov maptheinput patternx 2 RY into some
featurespaceRN by amappingf. For example themappingusedby thecross-generalization
classier is CQ‘(X). In this featurespace,the classi cation is performedusing the |,
norm. The purposeof the analysishereis to evaluatethe within-classvariability in
the featurespacesusedby variousclassi ers. For this, the within-classscatterS, =
E(kf(x1) f(x) k%) (the expectedsquaredlistancebetweenwo instancef the class)
is calculated. Intuitively, smallerS, implies easierclassi cation, becauseall classin-
stancesave similar featurevalues.(NotethatS,, canbe changedarbitrarily by rescaling



thefeaturesandthereforeshouldin principlebenormalizecby somemeasuref theover
all scale.This normalizationwasnot performedsinceour goalhereis to analyzehow Sy
depend®n classparametersatherthanto give numericalestimates.)

First, the standardnearest-neighbotlassi er in the input spaceis evaluated. This
classi er usestheidentity mappingas f. It canbeshavn [1] thatS, = E(kxy xzkg) =
2trS in this case.As mentionedabove, the eigervaluesof S in irrelevantdirectionsare
large. Therefore Sy canbecomearbitrarily large,andnearesheighborclassi cationwill
performpoorly whenmary irrelevantfeaturesarepresent.

Next, the useof the Mahalanobidistancefor classi cationis evaluated.This corre-
spondgo usingf(x) = S 17x. It canbeshovn [1] thatSy = E(x1 %2)TS (x1 Xo) =
2trl = 2d. Notethateachdimensiorcontributes2 to S, regardles®f its originalvariance.
Thein uence of irrelevantfeatureswith largevariances thereforereduced However, the
in uence of irrelevantfeatureswith smallvariance(usuallycorrespondingo noise)is in-
creased.This is a well-known problemwith Mahalanobigdistance,andin principle it
shouldbe handledby removing featureshat correspondo noise. However, despitethis
undesirableeffect, Sy is bounded(unlike with nearest-neighboclassi cation in input
space).Therefore usingMahalanobidlistancefor classi cationis in generalpreferable
to usingl, normon input patterns.However, this requiresestimatingS from a suf cient
numberof trainingexamples.

Next, we show thatthe proposedross-generalizatioscheméhasfavorableproperties
similar to thoseof Mahalanobigdistance. However, in contrastto Mahalanobidistance,
cross-generalizatiodoesnot requireexplicitly estimatingS and canthereforebe used
whenthe numberof availabletrainingexampleds limited.

The mappingusedby the cross-generalizatioschemas f(x) = Ci\'(x); theresulting
featurespacewill becalled similarity space'.We assumehatthefamiliar classesrealso
Gaussiarwith meansm; andcovariancesS;j. We alsoassumehatthe classi er for the
i"th familiar classusesthe Mahalanobidistancefor classi cation. Larger Mahalanobis
distancandicatedesssimilar patternsTo limit thein uence of thesedissimilarpatterns,
their similarity shouldbe closeto 0. A simplﬁway to achieve thisis tlo usetheinverted

1
Mahalanobisdistanceas similarity: Ci(x) = (x mi)"S;*(x mi) . In this case,

Sw= E(kf(x1) f(x)k3) = &;Ti, whereT; is the contribution of thei'th familiar class.
This contributionis givenby T; = E(R;), where

_ [dwi (xq; i) dMi(XZ;mi)]z:

R A2 (xa; mi)dZ; (x2; mi)

Heredwmi(xy) = (x y)TSfil(x y) is the Mahalanobidistancebetweenx andy, mea-
suredusingthe covariancematrix of familiar classi.

The numeratorand denominatorof R; are always non-ngjative. To estimatethe
denominatorobsene that it is proportionalto the productof distances. The distance
dwi(x; m) is of the orderof magnitudeof (m n’h)TSﬁl(m mi). Assumingthatthe
novel classis well separatedfom thefamiliar classesthis distancas boundedaway from
zero. Thenthedenominatois alsoboundedaway from zero. In this casejts exactvalue
is notimportantsincetheinequality

[oi (x; M) dwai (X2; ;)]

R Tin(eZ, Oxg; m) a3, O mi)




canbe usedto obtaina bound. The “zeroth-order'approximationis to assumehatthe
denominatoiis roughly constantand equalto its averagevalue. The denominatorcan
thenbe movedoutsidethe expectationsign. In this case[1],

tr(SS;1)?+ 2D7S, 1SS, 1D _
[2tr(SS(})2+ 4DTS !SS,'Di + (A+ B)72’

whereA = DI S'D;, B= trSS;*, D= m ;. More accurateapproximationshould
take into accounthe higherordermomentsof the denominatar

Assumerst thatthefamiliar classC; is similarto thenovel classC. Thesimilarity is
measuredby D;, thedistancebetweertheirmeansFor similar classesD; is small,andthe
termsinvolvingit canbeneglected We assumeéhatsimilar classe$ave similar structure,
asdetermineddy their covariancematrices.To measurahe similarity of S andSs;, note
thatfor equalmatricesS= Sy impliesS;*S= 1. ThereforefrS;;'S= trSS;* = trl = d.

ApproximatingtrS;*S" d for similar classesT; canbesimplied to T; ' 4=d3.

Assumenow thatC; andC arehighly dissimilar andthedistanceD; is large. Sincethe
denominatorcontainstermsof higherorderin D; thanthenumeratorT; ' 0. Noticethat
no explicit knowledgeof dissimilaritybetweenC; andC is required.The contribution T,
from dissimilarclassess automaticallyreducedn the similarity space.

Theintuition behindtheseresultsis asfollows. Thefamiliar classi ersaretrainedto
ignoreirrelevantwithin-classvariability. Sincesimilar classeiave similar structurethis
capacityto ignoreirrelevantvariability canbe generalizedo the novel class. Therefore,
the contribtution T; from similar classess bounded.For dissimilarclassesthe similarity
valuesare(by de nition) small;thereforetheir contritutionis negligible.

Therefore,Sy,  4N=d® (whereN is the total numberof familiar classes)j.e. Sy is
boundedby a constanindependenbf the classparametersThis impliesthatinstances
of thenovel classbhecomeclusteredightly in the similarity spaceno matterhow broadly
they aredistributedin theinputspace Thereforethesimilarity betweeraninstanceof the
novel classandafamiliar classis indeedpreseredacrosdlifferentinstance®f the novel
classandnovel classinstanceg€anbeclassi edreliably in the similarity space Sincethe
transformatiorto similarity spacedoesnot requireexplicit estimationof the novel class
parametergsuchasS), the schemecanbetrainedusingalimited numberof examples.

Note thatthe scatterS, wasusedonly to estimatethe dif culty of the classi cation
task.In thesimilarity spaceahescatteris automaticallyreducedandthereforealgorithms
thatuserepresentatioiby similarity neednot minimize scatterexplicitly. (Suchexplicit
minimizationof scattemwould requirehundredf trainingexamples.)

4 Results

In this section,we presenthe empiricalevaluationof the proposedcross-generalization
algorithm.

To train classi ers for the familiar classeswe useda schemesimilar to [12]. In
this schemeopbjectsarerepresentedsinga setof selectedsub-imagescalledfragments.
Thesefragmentsare extractedfrom training imagesand combinedin a linear classi er
trainedto discriminatebetweerclassandnon-classmageshasedn presenc®r absence
of particularfragments.



Notethatthebaselineclassi ersusedfor thefamiliar classesepresenthespatialcon-
guration explicitly. Sincethecross-generalizatiotlassi er reliesonthebaselineclassi-
ers to calculatesimilarity, it incorporateshe spatialcon gurationimplicitly. Therefore,
explicit representationf spatialcon gurationsis notnecessarin thecross-generalization
classier.

4.1 Empirical scatteranalysis

In this section the within-classscatterin the similarity spacevascomparedo scatterin
theinput spaceto empirically verify the conclusionf section3.2. The experimentwas
performedusingimagesfrom the ETH databas¢8]. Five familiar classegcows, cups,
horsespearsandtomatoesyereused.Thefamiliar classi ersweretrainedasdescribed
above andwereusedsubsequentlyo evaluatesimilaritiesin the cross-generalizatioal-

gorithm. The classof dogswasusedasthe novel class.The within-classscattey Sy, was
calculatedor this classin thesimilarity space As mentionedabove, thescattershouldbe

normalizedby somemeasuref overall scale.For this, the between-classcatterS,, de-
ned astheaveragesquaredlistanceof a positive examplefrom a negative example,was
calculated.Theratio of the within-classto between-classcattewasS,=S, = 0:18. The
scatteraverealsomeasuredh theinput spacepy usingthel, normto evaluatesimilarity

of inputimagesdirectly. In this case,the ratio of scattersvas0:83. The conclusionis

thatthe input patternsarebetterclusteredn the similarity spacethanin the input space,
aspredictedn section3.2.

4.2 Classication experiments

In this section,the classi cation performanceof cross-generalizatiors evaluatedand
comparedo the baselinemethoddescribedn [12]. The experimentswere performed
usingadatabasef 107 widely varying classesOf these 101 classesverefrom the Cal-
techdatabasé7], andsix additionalclassesvereincorporated.Theseadditionalclasses
includedanimalsandanimalfaces. The imageswere obtainedand preprocessedsde-
scribedin [7]. All imageswerescaledto a heightof 45 pixels. Most classesontained
betweem0 and100examples.In addition,non-classmageswhich did not containary
of thefamiliarclasseswereusedasnegativeexamples. A setof 400non-classmagesvas
usedfor training. A separatesetof 324 non-classmageswasusedfor testing. Example
imagesareshavn in Figurel; moreexamplescanbefoundin [7].

Cross-generalizatioperformsclassi cationin the similarity spaceandit is natural
to compareit to input-spaceclassi cation. However, input-spaceclassi cationin our
casecorrespondso direct matchingof images. It is well-known that this methodgives
poor classi cation performance.Our experimentscon rmed that input-spaceclassi ca-
tion producedessentiallrandomresults(datanot shovn dueto spaceimitations). The
moreinterestingcomparisorwith the baselinealgorithmis reportedoelow.

The cross-generalizatioalgorithmwastestedusingthe leave-one-oumethod.Each
of the 107 classeswvas tested. With eachclass,the remaining106 classeswvere used
asthe familiar classedor cross-generalizationThis is similar to experimentsin [7, 6].
Eachfamiliar classi er wastrainedusing 2=3 of the available classimagesas positive
examplesandthe training non-classmagesas negative examples. (The samenegative
exampleswereusedfor all classes.yor eachfamiliar class,25 fragmentsvereselected



Airplane Ball Catface Crocodile Cup Lamp

Mandolin Pig Pizza Non-class

Figurel: Examplesf imagesusedin the experiments.
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Figure2: Comparisorof cross-generalizatioto the baseline.Trainedwith two positive
examples. (a), (b): SampleROC curves. (a): carsclass. (b): helicopterclass. X axis:
falsealarmrate. Y axis: hit rate. Solid line: cross-generalizatiorDashedine: baseline
algorithm. (c): Differenceof ROC curvesaveragedover all 107 classes.X axis: false
alarmrate. Y axis: differenceof hit rates. Positive valuesindicateadvantageof cross-
generalization.

andalinearclassi er wastrained[12]. Next, across-generalizatiociassi er wascreated
for the novel class. Only a single exampleof the novel classwas selectedat random
for training. Experimentswere repeatedLO times with differentrandomchoices. No
negative exampleshave beenusedn training. Following training,thecross-generalization
classi er was testedusing the remainingclassimagesand the testing set of non-class
images.

Classi er performancdor eachclasscanbecharacterizety theareaunderthe ROC
cune. However, sincerandomguessingvould give an areaof 0:5, we useinsteadper-
formancemangin, de ned as2 (Area 0:5), whereArea is the areaunderthe ROC
curve. Perfectclassi cation would give a mamin of 1, while randomguessingwould
give amamin of 0. The averagemain obtainedby the cross-generalizatioalgorithm
was0:46 0:03. This mamgin corresponds$o averageareaunderROC of 0:73, whichis
slightly betterthanthe averageareaof 0:71 reportedin [7]. (Notethatthe experiments
describecherewere morechallengingthanthosein [7] dueto the reducedresolutionof
the images.) As mentionedin section2, [7] usesa highly model-speci cscheme.In



contrast,cross-generalizatiors a generalschemenot tunedto someparticularmodel.
Therefore cross-generalizatiocouldin principle fail to exploit someinformationavail-
ableto the model-speci cscheme.The comparablgerformancesf cross-generalization
andthe model-speci cschemdndicatesthatthis did not happen.The conclusionis that
cross-generalizatiomanagedo extracta signi cant amountof informationfrom thefa-
miliar classi erswithout detailedinformationabouttheseclassi ers.

Next, the performanceof cross-generalizatiowas comparedto the baselinealgo-
rithm. Sincethe baselinealgorithmrequiresmultiple positve and negative examplesto
operatejt wassuppliedwith a minimal setof two positive examplesper class. In addi-
tion, two of the training non-classimageswere usedas negative examples. The cross-
generalizatioralgorithmwasalsosuppliedwith two positive examples(no negative ex-
ampleshave beenused). The performanceof the learnedclassi ers was subsequently
testedon a datasetcontainingimagesof the novel class(exceptfor thetrainingimages)
and the testingnon-classmages. ExampleROC curvesfor two classesare shavn in
Figure 2. To compareperformanceacrossall 107 classesthe differencebetweenthe
cross-generalizatioandbaselineROC curveswascalculatedfor eachclass. This differ-
enceis acurvewhich, for everyfalsealarmrate,givesthe differenceof hit rates.Positve
differenceindicatesadvantageof cross-generalizationl he differencecurvesof the 107
classewereaveraged. Theaveragedifferencecurveis showvn in Figure2(c).

Theaverageperformancenamgin of cross-generalizatioalgorithmin this experiment
was0:52 0:02. Onaveragethemamin of cross-generalizationas38% 10% higher
thanthatof the baselinealgorithm. Thedifferences highly signi cant (pairedt test,p <
0:001). Theconclusionis thatcross-generalizatiosigni cantly outperformshebaseline
algorithm.

5 Discussion

We have describedan objectclassi cationschemen which the pasteffort expendedor
learningis reusedto facilitate learningof novel classes.This approachs called cross-
generalizationandit allows to obtain useful classi cation performancefrom a single
training example. The implementationof the proposedschemeis particularly simple
becauseeachfamiliar classi er is treatedas a black box and only the outputvaluesof
theseclassi ersareused.

Thesimilarity betweerthenovel classandthefamiliar classe$n the proposednethod
canbeevaluatedusingawide varietyof existingclassi cationschemesCross-generalization
canthereforecombinethe meritsof mary differentclassi cation methods.Despitethis
generalitythe schemds competitive with highly classi er-speci ¢ methods.

A limitation of the proposedschemas its inherentslowvdown causedy usingmulti-
pleclassi ers.Whenl06familiar classi ersareused(sectiord.2),it takes 1:8 seconds
to classifyanimageon a 1:5 GHz Centrinolaptop. If only a single classi er wasused,
the classi cationtime would reduceto 0:025 seconds However, it shouldbe notedthat
theindividual classi ersusedin theschemedo notinteract,andthereforethe schemecan
easily be implementedon massiely parallelarchitectures.In particulay biological im-
plementatiorseemsplausible.In thefuture,we planto investigatéhow thecomputational
compleity of the schemecould be reduced.Onepossibledirectionis to selectonly the
mostrelevantfamiliar classi ersanddiscardtherest. Preliminaryresultsindicatethat 10



familiar classi ersare sufcient to obtain performancecomparablgo usingall 106 fa-
miliar classi ers. Alternatively, the computationatomplexity of theensemblef familiar
classi erscouldbereducedy sharingfeaturesamongdifferentfamiliar classi ers[10].
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