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Abstract

We considervisual category recognition in the frame-
work of measuringsimilarities, or equivalentlyperceptual
distances,to prototypeexamplesof categories. This ap-
proach is quite �exible, and permitsrecognition basedon
color, texture, and particularly shape, in a homogeneous
framework. While nearestneighborclassi�ers are natural
in thissetting, they suffer fromtheproblemof highvariance
(in bias-variancedecomposition)in thecaseof limitedsam-
pling. Alternatively, onecouldusesupportvectormachines
but they involvetime-consumingoptimizationandcomputa-
tion of pairwisedistances.

We proposea hybrid of thesetwo methodswhich deals
naturally with the multiclasssetting, hasreasonablecom-
putationalcomplexity bothin training andat run time, and
yieldsexcellentresultsin practice. Thebasicideais to �nd
closeneighbors to a querysampleandtrain a local support
vectormachine that preservesthedistancefunctionon the
collectionof neighbors.

Our methodcanbeappliedto large, multiclassdatasets
for which it outperformsnearestneighborandsupportvec-
tor machines,and remainsef�cient whenthe problembe-
comesintractable for support vector machines. A wide
variety of distancefunctionscan be usedand our exper-
imentsshowstate-of-the-artperformanceon a numberof
benchmark data setsfor shapeand texture classi�cation
(MNIST, USPS,CUReT)and object recognition (Caltech-
101). On Caltech-101weachieveda correctclassi�cation
rate of 59:05%(� 0:56%) at 15 training imagesper class,
and66:23%(� 0:48%) at 30 training images.

1. Intr oduction

While the �eld of visual category recognitionhasseen
rapid progressin recentyears,much remainsto be done
to reachhumanlevel performance. The bestcurrentap-
proachescandealwith 100orsocategories,e.g.theCUReT

datasetfor materials,and the Caltech-101datasetfor ob-
jects;this is still a longwayfrom thetheestimateof 30,000
or socategoriesthathumanscandistinguish.Anothersig-
ni�cant featureof humanvisualrecognitionis thatit canbe
trainedwith very few examples,cf. machinelearningap-
proachesto digits and facescurrently requirehundredsif
not thousandsof examples.

Our thesisis thatscalabilityon thesedimensionscanbe
bestachieved in the framework of measuringsimilarities,
or equivalently, perceptualdistances,to prototypeexamples
of categories. The original motivation comesfrom studies
of humanperceptionby Roschandcollaborators[32] who
arguedthat categoriesarenot de�ned by lists of features,
ratherby similarity to prototypes.Froma computervision
perspective, the most importantaspectof this framework
is that the emphasison similarity, rather than on feature
spaces,givesus a more�e xible framework. For example,
shapedifferencescouldbecharacterizedby normsof trans-
formationsneededto deformoneshapeto another, without
explicitly realizinga �nite dimensionalfeaturespace.

In this framework, scaling to a large numberof cat-
egories doesnot require adding new features1, because
the perceptualdistancefunction needonly be de�ned for
similar enoughobjects.Whentheobjectsbeingcompared
aresuf�ciently differentfrom eachother, mosthumanob-
serverswould simply assign“entirely different”(1 ) to the
distancemeasure,or, asD'Arcy Thompsonquotes[37], het-
erogena comparari non possunt. Training with very few
examplesis madepossible,becauseinvarianceto certain
transformationsor typical intra-classvariation,canbebuilt
in to the perceptualdistancefunction. Goldmeier's [13]
studyof thehumannotionof shapesimilarity, e.g.thepriv-
ileging of structuralchanges,suggestsseveralsuchcharac-
teristics.

For readerswho may or may not be swayed by the
philosophicalargumentsabove, we also note the histori-

1Thoughonecouldarguethatfeaturesharingkeepsthis problemman-
ageable[39]



cal evidencethat for mostwell-studiedvisual recognition
datasets,thehumblenearestneighborclassi�er with a well
chosendistancefunctionhasoutperformedother, consider-
ably moresophisticated,approaches.Examplesaretangent
distanceon the USPSzip codedataset(Simard,LeCun&
Denker [35]), shapecontext baseddistanceon theMNIST
digit dataset(Belongie,Malik & Puzicha[1]), distancesbe-
tweenhistogramsof textonson theCUReTdataset(Leung
andMalik [22], VarmaandZisserman[40]), andgeometric
blur baseddistanceson Caltech-101(Berg, Berg & Malik
[3]).

We notesomepleasantaspectsof thethenearestneigh-
bor (NN) classi�er: (1) Many othertechniques(suchasde-
cision treesand linear discriminants)require the explicit
constructionof a featurespace,which for somedistance
functionsis intractable(e.g. beinghigh or in�nite dimen-
sional) (2) The NN classi�er dealswith the hugely mul-
ticlassnatureof visual object recognitioneffortlessly. (3)
Fromatheoreticalpointof view, it hastheremarkableprop-
erty thatundervery mild conditions,theerror rateof a K-
NN classi�er tendsto theBayesoptimalasthesamplesize
tendsto in�nity [8].

Despiteits bene�ts, thereis room for improvementson
theNN classi�er. In thepracticalsettingof a limited num-
berof samples,thedensesamplingrequiredby theasymp-
totic guaranteeis not present.In thesecases,theNN clas-
si�er oftensuffers from theoftenobserved “jig-jag” along
thedecisionboundary. In otherwords,it suffers from high
variationcausedby �nite samplingin termsof bias-variance
decomposition.Variousattemptshave beenmadeto rem-
edy this situation,notably DANN [16], LFM-SVM [11],
HKNN [41]. Amongthose,HastieandTibshirani[16] car-
ries out a local linear discriminantanalysisto deformthe
distancemetricbasedonsay50nearestneighbors.Domeni-
coniandGunopulos[11] alsodeformsthemetricby feature
weighting,however the weightsareinferredfrom training
anSVM on theentiredataset.In VincentandBengio[41],
thecollectionof 15-70nearestneighborsfrom eachclassis
usedto spana linearsubspacefor thatclass,andthenclas-
si�cation is donebasednotondistanceto prototypesbut on
distanceto thelinearsubspaces(with theintuition thatthose
linearsubspacesin effect generatemany “f antasy”training
examples).

Insteadof distortingthe distancemetric,we would like
to bypassthis cumbersomestepandarrive at classi�cation
in onestep.Herewe proposeto train a supportvectorma-
chine(SVM) on the collection of nearestneighbors. This
approachis well supportedby ingredientsin thepracticeof
visualobjectrecognition.

1. Thecarefullydesigneddistancefunction,usedby the
NN classi�er, canbetransformedin a straightforwardway
to the kernel for the SVM, via the “kernel trick” formula:
K (x; y) = hx; yi = 1

2 (hx; xi + hy; yi � hx � y; x � yi ) =

1
2 (d(x; 0) + d(y; 0) � d(x; y)) where d is the distance
function, and the locationof the origin(0) doesnot affect
SVM([33]). Variousotherwaysof transforminga distance
functioninto akernelarepossible,too 2.

2. SVMs operateon thekernelmatrix without reference
to theunderlyingfeaturespace,bypassingthefeaturespace
operationsof previousapproaches(e.g.in DANN [16], fea-
turevectorsin Rn have to bede�ned andtheir covariances
have to becomputedbeforeclassifyingaquery, seeFig. 1.)
In pratice,this translatesinto our capability to usea wide
variety of distancefunctionswhereasprevious approaches
werelimited to L 2 distance.

3. In practice,traininganSVM on theentiredatasetis
slow and the extensionof SVM to multiple classesis not
asnaturalasNN. However, in theneighborhoodof a small
numberof examplesanda smallnumberof classes,SVMs
oftenperformbetterthanotherclassi�cationmethods.

4. It is observed in psychophysicsthat humancanper-
form coarsecategorizationquite fast: whenpresentedwith
animage,humanobserverscananswercoarsequeriessuch
aspresenceor absenceof an animal in as little as150ms,
and of coursecan tell what animal it is given enough
time [38]. This processof a coarseandquick categoriza-
tion, followedby successive�ner but slowerdiscrimination,
motivatedourapproachto modelsuchprocessin thesetting
of machinelearning.We useNN asaninitial pruningstage
andperformSVM on the smallerbut morerelevant setof
examplesthatrequirecarefuldiscrimination.

We term our method“SVM-KNN” (whereK signi�es
themethod'sdependenceonchoiceof thenumberof neigh-
bors).

(a) (b)
Figure 1. DifferencebetweenDANN and our methodon a two
classproblem(“o” vs “x”): (a) DANN deformsthe metric based
on 50 nearestneighbors(denotedby a dottedcircle), on several
querypositions,thenclassi�esusingNN basedon the new met-
ric; (b) our methodtrainsanSVM on thesame50 nearestneigh-
bors(preservingtheoriginal distancemetric),anddirectly obtains
localdecisionboundary.

2For example,take K (x; y) to beexp(� d(x; y)=� 2 ), in a radialba-
sis kernel fashion. However, we found no advantageof more complex
transformationin our experiments,hencewestick with thesimplesttrans-
formationsoasto retaintheintuitive interpretation.



Thephilosophy of our work is similar to thatof “Local
Learning”,by BottouandVapnik[6], in whichthey pursued
thesamegeneralideaby usingK-NN followedby a linear
classi�er with ridge regularizer. However, by usingonly a
L 2 distance,their work wasnot drivenby theconstraintto
adaptto acomplex distancefunction.

The rest of the paperis organizedas follows: in sec-
tion 2, we describeour methodin detail andview it from
differentperspectives;section3 introducesa numberof ef-
fectivedistancefunctions,section4 shows theperformance
of ourmethodappliedto thosedistancefunctionsin various
benchmarkdatasets;weconcludein section5.

2. SVM-KNN

A naive versionof theSVM-KNN is: for aquery,
1. computedistancesof thequeryto all trainingexam-

plesandpick thenearestK neighbors;
2. if theK neighborshave all thesamelabels,thequery

is labeledandexit; else,computethepairwisedistancesbe-
tweentheK neighbors;

3. convert the distancematrix to a kernel matrix and
applymulticlassSVM;

4. usetheresultingclassi�er to labelthequery.
To implement multiclass SVM in step 3, three vari-

ants from the statisticsand learning literature have been
tried([21], [9], [31]) on smallnumberof samplesfrom our
datasets.They produceroughlythesamequality of classi-
�ers andtheDAGSVM([31]) is chosenfor its betterspeed.

Thenaiveversionof SVM-KNN is slow mainlybecause
it has to computethe distancesof the query to all train-
ing examples.Herewe again borrow the insight from psy-
chophysicsthathumanscanperformfastpruningof visual
objectcategories.In oursetting,thistranslatesinto theprac-
tice of computinga “crude” distance(e.g. L 2 distance)to
prunethe list of neighborsbeforethe more costly “accu-
rate”distancecomputation.Thereasonis simply thatif the
crudedistanceis big enoughthenit is almostcertainthatthe
accuratedistancewill not be small. This ideaworks well
in the sensethat the performanceof the classi�er is often
unaffectedwhereasthecomputationis orders-of-magnitude
faster. Earlier instancesof this ideain computervision can
befoundin Simardetal. [36] andMori etal. [25]. Weterm
this idea“shortlisting”.

An additionaltrick to speedup thealgorithmis to cache
thepairwisedistancematrixin step2. Thisfollowsfrom the
observationthatthosetrainingexampleswho participatein
theSVM classi�cationlie closelyto thedecisionboundary
andarelikely to beinvokedrepeatedlyduringquerytime.

After the precedingideasareincorporated,the stepsof
theSVM-KNN are:for aquery,

1. Find a collectionof K sl neighborsusinga crudedis-
tancefunction(e.g. L 2);

2. Computethe“accurate”distancefunction(e.g. tangent
distance)on the K sl samplesandpick the K nearest
neighbors;

3. Compute(or readfrom cacheif possible)thepairwise
“accurate”distanceof the union of the K neighbors
andthequery;

4. Convert thepairwisedistancematrix into akernelma-
trix usingthe“kerneltrick”;

5. Apply DAGSVM on the kernel matrix and label the
queryusingtheresultingclassi�er.

Sofar therearetwo perspectivesto look at SVM-KNN:
it canbeviewed asan improvementover NN classi�er, or
it canbe viewed asa modelof the discriminative process
plausiblein biologicalvision. Fromamachinelearningper-
spective,it canalsobeviewedasancontinuumbetweenNN
andSVM: whenK is small(e.g. K = 5), thealgorithmbe-
haveslike a straightforwardK -NN classi�ers.To theother
extreme,when K = n our methodreducesto an overall
SVM.

Note,for a largedataset,or whenthedistancefunction
is costlyto evaluate,thetrainingof DAGSVM becomesin-
tractableeven with state-of-the-arttechniquessuchas se-
quentialminimaloptimization(SMO)(Platt[30]) becauseit
needsto evaluateO(n2) pairwise“accurate”distances.In
contrast,SVM-KNN is still feasibleaslongasonecaneval-
uatethe “crude” distancefor the nearestneighborsearch
andtrain thelocalSVM within reasonabletime. A compar-
isonin timecomplexity is summarizedin Table1.

DAGSVM SVM-KNN
Training O(Caccu n2) none
Query O(Caccu #SV) O(Ccrude n + Caccu (K sl + K 2))

Table1.Comparisonof timecomplexity, wheren is thenumberof
trainingexamples,#SV thenumberof supportvectors,Caccu and
Ccrude the costfor computingaccurateandcrudedistances,K sl

thelengthof theshortlist,andK thelengthof thelist participating
in SVM classi�cation.

3. Shapeand texturedistances

In applyingSVM-KNN, we focusour efforts on classi-
fying basedon the two major cuesin visual object recog-
nition: shapeand texture. We introduce several well-
performingdistancesfunctionsasfollows:

3.1. � 2 distancefor texture

FollowingLeungandMalik [22], animageof texturecan
bemappedto a histogramof “textons”, which capturesthe



distribution of differenttypesof textureelements.Thedis-
tanceis de�nedasthePearson's� 2 teststatistic[5] between
thetwo textonhistograms.

3.2.Mar ginal distancefor texture

Froma statisticalperspective, the � 2 distanceabove for
texturecanbeviewedasmeasuringthedifferencebetween
two joint distributionsof texture responses:a pieceof tex-
tureis passedthroughabankof �lters, thejoint distribution
of responsesarevector-quantizedinto textons,andthehis-
togramof textonsarecompared.Levina et al. [23] found
that the joint distribution can often be well distinguished
from eachotherby simply looking at the differencein the
marginals (namely, the histogramof each�lter response).
Therefore,anotherdistancefunction for texture is to sum
upthedistancesbetweenresponsehistogramsfrom each�l-
ter. This is usedin our experimentsfor real-world images
that may containtoo many typesof textons to be reliably
quantized.

3.3.Tangentdistance

De�ned on a pair of gray-scaleimagesof digits, tangent
distance[36] isde�nedasthesmallestdistancebetweentwo
linear subspaces(in the pixel domainRn wheren is the
numberof pixels), derived from the imagesby including
perturbationsfrom smallaf�ne transformationof thespatial
domainandchangein thethicknessof pen-stroke (forming
a7-dimensionallinearspace).

3.4. Shapecontextbaseddistance

The basicideaof shapecontext [1] is as follows: The
shapeis representedby a point set,with a descriptorat a
control point to capturethe “landscape”aroundthatpoint.
Thosedescriptorsareiteratively matchedusinga deforma-
tion model. And the distanceis derived from the discrep-
ancy left in the�nal matchedshapesandascorethatdenotes
how far thedeformationis from anaf�ne transformation.

3.5.Geometricblur baseddistance

A numberof shapedescriptorscanbede�ned on a gray
scaleimage, for instancethe shapecontext descriptoron
theedgemap(e.g. [26]), or theSIFTdescriptor([24]), or the
geometricblur descriptor([4]). In our experiments,we fo-
cuson thegeometricblur descriptor. Usuallyde�ned on an
edgepoint, thegeometricblur descriptorappliesa spatially
varying blur on the surroundingpatchof edgeresponses.
Pointsfurther from the centerare blurred more to re�ect
their spatialuncertaintyunderdeformation.After this blur-
ring, the descriptorsare normalizedto have L 2 norm 1.
They areusedin two kindsof distancesin section4.4.

3.6.Kernelizing the distance

Asymmetry: (of shapecontext baseddistanceandgeo-
metric blur baseddistance)We simply de�ne a symmetric
distance:d(x; y) + d(y; x), becausein practicethediscrep-
ancy jd(x; y) � d(y; x)j is small.

Triangle Inequality : (of tangentdistance,shapecontext
baseddistanceandgeometricblur baseddistance)Namely,
the inequalityd(x; y) + d(y; z) � d(x; z) doesnot hold at
all times,which preventsthedistancefrom translatinginto
a positive-de�nite kernel.A numberof solutionshave been
suggestedfor this issue[29]. Here,we computethesmall-
esteigenvalueof thekernelmatrix andif it is negative, we
addits absolutevalueto thediagonalof thekernelmatrix.
Intuitively, if we view thekernelmatrix asa kind of “sim-
ilarity measure”,addinga positive constantto thediagonal
meansstrengtheningself-similarity, whichshouldnotaffect
thesenseof expressedsimilarity amongtheexamples.

4. Performanceon benchmark data sets

4.1.MNIST

The MNIST data set of handwritten digits contains
60,000examplesfor training and10,000for test: eachset
containsequal numberof digits from two distinct popu-
lations: CensusBureauemployeesand high school stu-
dents[20]. Eachdigit is a 28x28image,exceptfor shape
context computationwhereeachdigit is resizedto 70x70
image.Someexampledigits from thetestsetareshown in
Fig. 2(a). A numberof state-of-the-artalgorithmsperform
under1% error rate, amongwhich a shapecontext based
methodperformsat .67%.

Two distancesareusedin thisexperiment:L 2 andshape
context distance.For shapecontext, sinceits errorratemay
becloseto theBayesoptimal,we useonly the �rst 10,000
trainingexamplessoasto leave roomof improvement(on
the10,000examplesweperforma10fold crossvalidation).
To rely purely on shapecontext andnot on imageintensi-
ties,wealsodropthe“appearance”termin [1].

A summaryof resultsis in Table 2. Note that while
L 2 distanceis straightforward for our method,a number
of workaroundswerenecessaryfor theshapecontext based
distance.Still, in bothcasestheperformanceimprovessig-
ni�cantly.

L 2 SC(limited training)
SVM-KNN 1.66(K = 80) 1.67(� 0:49) (K = 20)
NN 2.87(K = 3) 2.2(� 0:77) (K = 1)

Table2. error rateon MNIST (in percent):the parameterK for
eachalgorithmis selectedaccordingto bestperformance(inrange
of [1,10] for NN and [5, 10, .., 100] for SVM-KNN). In SVM-
KNN, theparameterK sl � 10K , largerK sl doesn't improve the
empiricalresults.



(a)

(b) (c)

(d)

Figure2. Datasets:(a)MNIST (b) USPS(c) CUReT(d) Caltech-101

4.2.USPS

The USPS data set contains9298 handwrittendigits
(7291 for training, 2007 for testing),collectedfrom mail
envelopesin Buffalo [19]. Eachdigit is a 16x16image.A
collectionof randomtestsamplesis shown in Fig.2(b). It is
known that theUSPStestsetis ratherdif�cult: thehuman
errorrateis 2.5%[7].

We try two typesof distances:L 2 andtangentdistance.
(Shapecontext is not tried becausethe imageis too small
to containenoughdetailsfor estimatingdeformation).For
tangentdistance,eachimageis smoothedwith a Gaussian
kernelof width � = 0:75 to obtainmorereliabletangents.

L 2 tangentdistance
SVM-KNN 4.285(K = 10) 2.59(K = 8)
NN 5.53(K = 3) 2.89(K = 1)
DAGSVM 4.4(Plattetal. [31]) intractable
HKNN 3.93(Vincentetal. [41]) N/A

Table 3. error rate on USPS(in percent): the parameterK for
SVM-KNN andNN is chosenaccordingto bestperformance,re-
spectively.

Table3showsthatin theL 2 case,theerrorratesof SVM-
KNN andDAGSVM aresimilar. However, SVM-KNN is
muchfasterto train becauseeachSVM only involvesa lo-
cal neighborhoodof 10 samples,andthenumberof classes
rarely exceeds4 within the neighborhood.(In our exper-
iments,the costof training 10 examplesfrom 4 classesis
much smaller than the cost of the usualnearestneighbor
search.) In contrast,DAGSVM involves training a SVM
on all 45(=10x9/2)pairsof differentclasses,andcomputa-
tion of pairwisedistancesonall trainingexamples.With the
morecostly tangentdistancefunction,DAGSVM becomes
intractableto train in our experiment,whereastheoptimal

SVM-KNN (whereK = 8) is almostasfastastheusualNN
classi�er becausetheadditionalcostof traininganSVM on
8 examplesis negligible. This re�ects the comparisonof
asymptoticcomplexity in section2.

Also in the L 2 case,anotheradaptive nearestneighbor
technique,HKNN(Vincentetal. [41]), performsquitewell.
Unfortunately, it operatesin the input spaceandtherefore
cannotbeextendedto adistancefunctionotherthanL 2.

In the tangentdistancecase,it is quite remarkablethat
SVM-KNN can improve on the performanceof NN with
very small additionalcost, even though the latter is per-
formingvery well already(in comparisonto humanperfor-
mance). We arethereforeencouragedto think that SVM-
KNN is anidealclassi�cationmethodwhentheproper“in-
variance”structureof theunderlyingdatasetis capturedin
thedistancefunction.

4.3.CUReT

CUReT(Danaet al. [10]) containsimagesof 61 real
world textures(e.g. leather, rabbitfur, sponge,seeFig. 2(c))
photographedundervarying illumination andviewing an-
gle. Following [40], a collectionof 92 images(wherethe
viewing angleis not too oblique)arepickedfrom eachcat-
egory, amongwhich half arerandomlyselectedastraining
andtherestastest.

From[40], we take thevariantof thetexton methodthat
achievesthebestperformanceonCUReTandsubstitutethe
laststepof NN classi�er with ourmethod:

In termsof error rate, as in the caseof USPS,SVM-
KNN hasaslightadvantageoverDAGSVM , bothof which
aresigni�cantly betterthanthestate-of-the-artperformance
reportedin [40]. However, DAGSVM (equivalently, SVM-
KNN whenK = n) wasveryslow: atotalof 61x60/2=1830
pairwise classi�ers to train (15130 CPU secs),whereas
SVM-KNN is fasterandoffersatrade-off betweentimeand
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SVM-KNN 1.73(� 0:24) (K = 70)
NN 2.53(� 0:28) (K = 3) [40]
DAGSVM 1.75(� 0:25)

Table4. error rateon CUReT(in percent):error rateandstddev
obtainedfrom 5 times2 fold crossvalidation. The parameterK
for SVM-KNN andNN is chosenaccordingto bestperformance,
respectively.

performance(Fig. 3).
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Figure3. Trade-off betweenspeedandaccuracy of SVM-KNN in
thecaseof textureclassi�cation

4.4.Caltech­101

The Caltech-101data set (collected by L. Fei-Fei et
al. [12]) consistsof imagesfrom 101objectcategoriesand
an additionalbackgroundclass,making the total number
of classes102. Thesigni�cant variationin color, poseand
lighting makes this datasetquite challenging. A number
of previouslypublishedpapershave reportedresultson this
dataset,e.gBerg et al. [3], GraumanandDarrell [14], and
Holub et al. [17]. Berg et al. [3] constructeda correspon-
denceprocedurefor matchinggeometricblur descriptors
anduseit to de�ne adistancefunctionbetweentwo images,
theresultingdistanceis usedin aNN classi�er. In Grauman
andDarrell[14],asetof local imagefeaturesarematchedin
anef�cient way usinga pyramidof histograms.Theresult-
ing matchingscoreforms a kernelthat is usedin an SVM
classi�er. In Holub et al. [17], Fisherscoreson eachimage
areobtainedby agenerativemodelof theobjectcategories.
An SVM is trainedonaFisherkernelbasedonthesescores.
In theseproceedings,a numberof groups[18, 27, 15, 42],
in additionto our paper, have demonstratedresultson this
datasetusingacommonmethodology.

We presenttwo algorithmson this data. Thedifference
lies in thechoiceof thedistancefunction.

A. Algorithm A
Unlikethepreviousdatasets,in thissettingwehaveboth

shapeandtexture. For the shapepart, geometricblur fea-

turessampledatasubsetof edgepoints( Section3.5,details
in [3]) areused.For thetexturepart, themarginal distance
for texture(seesection3.2) is used,wherethe�lter bankis
Leung-Malik[22]. Thedistancefunctionis de�ned as:

D A (I L ! I R ) =
1
m

mX

i =1

min
j =1 ::n

kF L
i � F R

j k2

D A (I L ; I R ) = D A (I L ! I R ) + D A (I R ! I L )

+ �
n�ltX

k=1

khL
k � hR

k kL1

(1)

HereD A (I L ; I R ) is thedistancebetweenleft andright im-
ages.Thecomputationis basedon geometricblur features
F L

i (denotingi ' th featurein theleft image,respectively for
F R

j ) andtexturehistogramshL
k (denotingthehistogramof

thek's �lter outputon the left image,respectively for hR
k ).

Note that the texture histogramsarenormalizedto sumto
1. Ratherlarge scalegeometricblur descriptorsareused,
(radius� 70pixels),and� = 1

8 is setbasedonexperiments
with asmallcollectionof imagesfrom about10classes.

To stayascloseto theparadigmof thepreviouswork on
this datasetusinggeometricblur features,we followed the
methodologyof Berg et al. [3], randomlypicking 30 im-
agesfrom eachclassandsplitting theminto 15 for training
and15for test.Wealsoreversetheroleof trainingandtest.
The correctnessrateis the average.Table5 shows the re-
sultswhichcanbecomparedto [3] (45%)and[2] (52%),all
correspondingto 15trainingimagesperclass.Comparedto
the baselineclassi�ers (NN andSVM), SVM-KNN hasa
statisticallysigni�cant gain.

Algo. A
SVM-KNN 59.08(� 0:37) (K = 300)
NN 40.98(� 0:47) (K = 1)
DAGSVM 56.40(� 0:36)

Table5. Corr ectnessrate (=1-errorrate)of Algorithm A with 15
training imagesperclass(in percentage,andstddev.). Parameter
K for SVM-NN andfor NN arechosenrespectively accordingto
bestperformance.

B. Algorithm B
In our previous work on Caltech-101(Berg, Berg and

Malik [3]), we soughtto �nd shapecorrespondencein a
deformabletemplateparadigm.However, dueto thespecial
characterof the Caltech-101dataset (objectsareoften in
the centerof image,andthe scaledoesnot vary much),a
crudewayof incorporatingspatialcorrespondenceis to add
a �rst-order geometricdistortiontermwhengeometricblur
featuresare being compared,whereposition is measured
from centerof image(cf. a moregeneralapproachbased
on secondorder geometricdistortion, comparingpairs of
pointsin [3]).



In thiscase,theoverall distancefunctionis

D B (I L ! I R ) =
1
m

mX

i =1

min
j =1 ::n

�
kF L

i � F R
j k2 +

�
r 0

kr L
i � r R

j k
�

D B (I L ; I R ) = D B (I L ! I R ) + D B (I R ! I L )
(2)

andr L
i denotesthe pixel coordinatesof the i ' th geometric

blur featureon the left image,w.r.t. the imagecenter(re-
spectively for r R

j ). r 0 = 270is theaverageimagesize.We
useda mediumscaleof geometricblur(radius� 42 pixels),
and� = 1

4 .
Algorithm B is testedwith thebenchmarkmethodology

of GraumanandDarrell [15], wherea number(say15) of
imagesaretakenfromeachclassuniformlyatrandomasthe
trainingimage,andtherestof thedatasetis usedastestset.
The“meanrecognitionrateperclass”is usedsothatmore
populous(andeasier)classesarenot favored.This process
is repeated10 timesandtheaveragecorrectnessrateis re-
ported.Our experimentsusetheDAGSVM classi�er. (We
have yet to run SVM-KNN in this settingbut the perfor-
manceof SVM-KNN canonly bebetterbecauseit includes
DAGSVM asaspecialcasefor K = n. ). 3

The performancefor Algorithm B is plotted in Fig. 4,
alongsideothercurrenttechniques(publishedor in press),
in thesameformatasthatof GraumanandDarrell [15]. It
is noteworthy that Algorithm B as well as the techniques
of Wanget al andLazebniket al, have attainedcorrectness
ratesin the neighborhoodof 60%, a signi�cant improve-
ment over the �rst reportedresult of 17% only a couple
of yearsago. Numbers,for the 15 and30 training images
cases,canbefoundin table6. Theconfusionmatrix for 15
trainingimagesis in Fig. 5.

OmmerandBuhmann [28] useda differentevaluation
methodology;for which our correctnessrateis 63%,com-
paredto 57.8%of [28]

# trainAlgo. B [18] [2] [27][15] [42]
15 59.05(� 0:56)56.4 52 51 49.5244
30 66.23(� 0:48)64.6(� 0:8)N/A56 58.2363

Table6. Corr ectnessrate with 15 or 30 trainingimagesperclass
onCaltech-101(in percentage,andstddev. whereavailable)

5. Conclusion

In this paperwe proposeda hybrid of SVM and NN,
which dealsnaturallywith multiclassproblems.We show
excellent resultsusing a variety of distancefunctionson
severalbenchmarkdatasets.

3In our experiments,we have foundvirtually no differenceunderthis
evaluationmethodologyvs thatof Berg etal. [3].
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Algorithm B confusion matrix with train=15 per class
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Figure 5. Confusion matrix of Algorithm B with 15 training
images per class, where the rows denote true label and the
columns denotereportedlabel. The most confusedpairs are
(schooner,ketch), (waterlily,lotus), (platypus,may�y), (octopus,
star�sh).
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