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Abstract

We considervisual category recagnition in the frame-
work of measuringsimilarities, or equivalentlyperceptual
distancesto prototypeexamplesof categyories. This ap-
proach is quite exible, and permitsrecaynition basedon
color, texture, and particularly shape in a homaeneous
framavork. While nealestneighborclassi ers are natural
in this setting they sufer fromthe problemof high variance
(in bias-variancadlecompositionin the caseof limited sam-
pling. Alternatively onecouldusesupportvectormadines
but they involvetime-consumingptimizationandcomputa-
tion of pairwisedistances.

We proposea hybrid of thesetwo methodswhich deals
naturally with the multiclasssetting hasreasonablecom-
putationalcomplexity bothin training andat run time, and
yieldsexcellentresultsin practice Thebasicideaisto nd
closeneighbosto a querysampleandtrain alocal support
vectormadine that preserveghe distancefunctionon the
collectionof neighbos.

Our methodcanbeappliedto large, multiclassdatasets
for which it outperformsneasestneighborand supportvec-
tor madines,and remainsefcient whenthe problembe-
comesintractable for supportvector madines. A wide
variety of distancefunctionscan be usedand our exper
imentsshow state-of-the-arperformanceon a numberof
bendimark data setsfor shapeand texture classi cation
(MNIST USPS,CUReT)and objectrecanition (Caltech-
101). On Caltech-101we achieveda correctclassi cation
rate of 59:05%( 0:56%) at 15 training images per class,
and66:23%( 0:48%) at 30trainingimages.

1. Intr oduction

While the eld of visual category recognitionhasseen
rapid progressin recentyears,much remainsto be done
to reachhumanlevel performance. The bestcurrentap-
proachesandealwith 1000r socatgories,e.g.theCUReT
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dataseffor materials,and the Caltech-101datasetfor ob-
jects;thisis still alongway from thethe estimateof 30,000
or so categoriesthathumanscandistinguish. Anothersig-
ni cant featureof humanvisualrecognitionis thatit canbe
trainedwith very few examples,cf. machinelearningap-
proachedo digits and facescurrently require hundredsif

notthousandsf examples.

Ourthesisis thatscalabilityon thesedimensionsanbe
bestachiezed in the framewvork of measuringsimilarities,
or equialently perceptuatlistancesto prototypeexamples
of cateyories. The original motivation comesfrom studies
of humanperceptiorby Roschandcollaboratord32] who
arguedthat catgyoriesare not de ned by lists of features,
ratherby similarity to prototypes.Froma computervision
perspectie, the mostimportantaspectof this framewvork
is that the emphasison similarity, ratherthan on feature
spacesgivesus a more e xible framevork. For example,
shapdifferencecouldbecharacterizethy normsof trans-
formationsneededo deformoneshapeo anotheywithout
explicitly realizinga nite dimensionafeaturespace.

In this frameawork, scalingto a large numberof cat-
egories doesnot require adding new features?, because
the perceptualdistancefunction needonly be de ned for
similar enoughobjects. Whenthe objectsbeingcompared
aresufciently differentfrom eachother mosthumanob-
senerswould simply assign“entirely different’(1 ) to the
distanceneasuregr, asD'Arcy Thompsorguoteq37], het-
erogena compaari non possunt Training with very few
examplesis madepossible,becausdnvarianceto certain
transformation®r typical intra-classvariation,canbe built
in to the perceptualdistancefunction. Goldmeiers [13]
studyof the humannotionof shapesimilarity, e.g.the priv-
ileging of structuralchangessuggestseveral suchcharac-
teristics.

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

1Thoughonecould amguethatfeaturesharingkeepsthis problemman-
ageabld39]



cal evidencethat for mostwell-studiedvisual recognition
datasetsthe humblenearesnheighborclassi er with a well

choserdistancefunction hasoutperformedther consider

ably moresophisticatedapproachesExamplesaretangent
distanceon the USPSzip codedatase{(Simard,LeCuné&

Denler [35]), shapecontet baseddistanceonthe MNIST

digit datase{Belongie ,Malik & Puzichd1]), distancebe-
tweenhistogramsf textonson the CUReTdataset(Leung
andMalik [22], VarmaandZissermarj40]), andgeometric
blur baseddistancesn Caltech-101(Berg, Berg & Malik

[3]).

We notesomepleasantispectof the the nearesheigh-
bor (NN) classi er: (1) Many othertechniquegsuchasde-
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 objectrecognitioneffortlessly (3)
Fromatheoreticapointof view, it hastheremarkablgrop-
erty thatundervery mild conditions,the error rate of a K-
NN classi er tendsto the Bayesoptimal asthe samplesize
tendsto in nity [8].

Despiteits bene ts, thereis room for improvementson
the NN classi er. In the practicalsettingof alimited num-
berof samplesthe densesamplingrequiredby the asymp-
totic guaranteés not present.In thesecasesthe NN clas-
si er often suffersfrom the often obsered “jig-jag” along
the decisionboundary In otherwords, it suffersfrom high
variationcausedy nite samplingn termsof bias-\ariance
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
distancametricbasednsay50nearesheighborsDomeni-
coniandGunopulog11] alsodeformsthe metricby feature
weighting, however the weightsareinferred from training
anSVM ontheentiredataset.In VincentandBengio[41],
thecollectionof 15-70nearesheighbordrom eachclassis
usedto spana linear subspacéor thatclass,andthenclas-
si cation is donebasedhot ondistanceto prototypeshut on
distanceo thelinearsubspacegwith theintuition thatthose
linear subspace effect generatenary “f antasy”training
examples).

Insteadof distortingthe distancemetric, we would like
to bypasshis cumbersometepandarrive at classi cation
in onestep. Herewe proposeto train a supportvectorma-
chine(SVM) on the collection of nearesineighbors. This
approachs well supportedby ingredientsn the practiceof
visual objectrecognition.

1. Thecarefully designedistancefunction,usedby the
NN classi er, canbe transformedn a straightforvard way
to the kernelfor the SVM, via the “kerneltrick” formula:
K(Gy) = hoyi = Lhoxi+ hyyi o y;xo yi) =

%(d(x; 0) + d(y;0) d(x;y)) whered is the distance
function, and the location of the origin(0) doesnot affect
SVM([33]). Variousotherwaysof transforminga distance
functioninto akernelarepossibletoo?.

2. SVMs operateon the kernelmatrix without reference
to theunderlyingfeaturespacebypassinghefeaturespace
operation®f previousapproachege.g.in DANN [16], fea-
turevectorsin R" have to bede ned andtheir covariances
have to be computedeforeclassifyinga query seeFig. 1.)
In pratice,this translatesnto our capabilityto usea wide
variety of distancefunctionswhereasprevious approaches
werelimited to L , distance.

3. In practice trainingan SVM on the entiredatasetis
slow andthe extensionof SVM to multiple classeds not
asnaturalasNN. However, in the neighborhoodf a small
numberof examplesanda smallnumberof classesSVMs
oftenperformbetterthanotherclassi cationmethods.

4. It is obseredin psychoplgsicsthathumancanper
form coarsecategyorizationquite fast: whenpresentedvith
animage,humanobsenrerscananswercoarsejueriessuch
aspresencer absencef ananimalin aslittle as150ms,
and of coursecan tell what animal it is given enough
time [38]. This processof a coarseand quick categoriza-
tion, followedby successie ner but slowerdiscrimination,
motivatedour approacho modelsuchprocessn thesetting
of machinelearning.We useNN asaninitial pruningstage
and perform SVM on the smallerbut morerelevant set of
examplegthatrequirecarefuldiscrimination.

We term our method“SVM-KNN” (whereK signi es
themethods dependencen choiceof thenumberof neigh-
bors).

(@) (b)

Figure 1. DifferencebetweenDANN and our methodon a two

classproblem(“o” vs “x”): (a) DANN deformsthe metric based
on 50 nearesheighbors(denotedby a dottedcircle), on several

query positions,thenclassi esusingNN basedon the nev met-

ric; (b) our methodtrainsan SVM on the same50 nearesheigh-
bors(preservinghe original distancemetric),anddirectly obtains
local decisionboundary

2For example,take K (x; y) to beexp( d(x; y)= 2), in aradialba-
sis kernel fashion. However, we found no advantageof more comple
transformationin our experimentshencewe stick with the simplesttrans-
formationsoasto retaintheintuitive interpretation.



The philosoply of our work is similar to thatof “Local
Learning”,by BottouandVapnik[6], in whichthey pursued
the samegeneralideaby usingK-NN followed by a linear
classi er with ridge regularizer However, by usingonly a
L, distancetheir work wasnot driven by the constraintto
adaptto acomple distanceunction.

The rest of the paperis organizedas follows: in sec-
tion 2, we describeour methodin detail andview it from
differentperspecties; section3 introducesa numberof ef-
fective distancefunctions,sectiord shavs the performance
of ourmethodappliedto thosedistancdunctionsin various
benchmarldatasets;we concludein section5.

2. SVM-KNN

A naive versionof the SVM-KNN is: for aquery

1. computedistancesf the queryto all training exam-
plesandpick thenearesK neighbors;

2. if theK neighborshave all thesameéabels,thequery
is labeledandexit; else,computethe pairwisedistancede-
tweentheK neighbors;

3. corvert the distancematrix to a kernel matrix and
apply multiclassSVM,;

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 small numberof sampledrom our
datasets.They produceroughlythe samequality of classi-
ers andthe DAGSVM([31]) is choserfor its betterspeed.

Thenavwe versionof SVM-KNN is slow mainly because
it hasto computethe distancesof the queryto all train-
ing examples.Herewe again borrow theinsightfrom psy-
choplysicsthathumanscanperformfastpruningof visual
objectcateyories.In oursetting thistranslatesnto theprac-
tice of computinga “crude” distance(e.g. L, distance)to
prunethe list of neighborsbheforethe more costly “accu-
rate” distancecomputation.Thereasoris simply thatif the
crudedistances big enouglthenit is almostcertainthatthe
accuratedistancewill not be small. This ideaworks well
in the sensethat the performanceof the classi er is often
unafectedwhereaghe computatioris orders-of-magnitude
faster Earlierinstance®f thisideain computervision can
befoundin Simardetal. [36] andMori etal. [25]. Weterm
thisidea“shortlisting”.

An additionaltrick to speedup thealgorithmis to cache
thepairwisedistancematrixin step2. Thisfollowsfromthe
obsenationthatthosetraining exampleswho participatein
the SVM classi cationlie closelyto the decisionboundary
andarelikely to beinvokedrepeatedlyduringquerytime.

After the precedingdeasareincorporatedthe stepsof
the SVM-KNN are:for aquery

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

2. Computehe“accurate”distanceunction(e.g. tangent
distance)on the K5y samplesand pick the K nearest
neighbors;

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

4. Corvertthe pairwisedistancematrixinto akernelma-
trix usingthe“kerneltrick”;

5. Apply DAGSVM on the kernel matrix and label the
gueryusingtheresultingclassi er.

Sofartherearetwo perspectiesto look at SVM-KNN:
it canbe viewed asanimprovementover NN classi er, or
it canbe viewed asa model of the discriminative process
plausiblein biologicalvision. Fromamachindearningper
spectve, it canalsobeviewedasancontinuumbetweerNN
andSVM: whenK is smalle.g. K = 5), thealgorithmbe-
haveslik e a straightforvardK -NN classi ers. To the other
extreme,whenK = n our methodreducesto an overall
SVM.

Note, for alarge dataset,or whenthe distancefunction
is costlyto evaluate thetrainingof DAGSVM becomesn-
tractableeven with state-of-the-artechniquessuchas se-
guentialminimal optimization(SMO)Platt[30]) becausé
needsto evaluateO(n?) pairwise“accurate”distances.In
contrastSVM-KNN is still feasibleaslongasonecaneval-
uatethe “crude” distancefor the nearestneighborsearch
andtrainthelocal SVM within reasonabléme. A compar
isonin time compleity is summarizedn Tablel.

DAGSVM SVM-KNN
Training | O(Caccun?) none
Query O(Caccu#SV) | O(Ceruge N+ Caccu (Kl + K 2))

Tablel. Comparisorof time compleity, wheren is thenumberof

trainingexamples #SV the numberof supportvectors,Caccu and
Ccruge the costfor computingaccurateand crudedistancesK g

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

3. Shapeand texture distances

In applying SVM-KNN, we focusour efforts on classi-
fying basedon the two major cuesin visual objectrecog-
nition: shapeand texture. We introduce several well-
performingdistancedunctionsasfollows:

3.1. 2distancefor texture

Following LeungandMalik [22], animageof texturecan
be mappedo a histogramof “textons”, which captureghe



distribution of differenttypesof texture elementsThedis-
tanceis de ned asthePearsors ? teststatistic[5] between
thetwo texton histograms.

3.2.Mar ginal distancefor texture

Froma statisticalperspectie, the 2 distanceabove for
texture canbe viewed asmeasuringhe differencebetween
two joint distributionsof texture responsesa pieceof tex-
tureis passedhroughabankof lters, thejoint distribution
of responsearevectorquantizednto textons,andthe his-
togramof textonsare compared.Levina et al. [23] found
that the joint distribution can often be well distinguished
from eachotherby simply looking at the differencein the
maiginals (namely the histogramof each lter response).
Therefore,anotherdistancefunction for texture is to sum
upthedistancedetweerresponsdistogramsrom eachl-
ter. Thisis usedin our experimentsfor real-world images
that may containtoo mary typesof textonsto be reliably
guantized.

3.3.Tangentdistance

De ned on apair of gray-scalémagesof digits, tangent
distancd36] is de ned asthesmallestlistancebetweertwo
linear subspacegin the pixel domainR" wheren is the
numberof pixels), derived from the imagesby including
perturbationgrom smallaf ne transformatiorof thespatial
domainandchangdn thethicknessof pen-strole (forming
a7-dimensionalinearspace).

3.4. Shapecontextbaseddistance

The basicidea of shapecontet [1] is asfollows: The
shapeis representedby a point set, with a descriptorat a
control point to capturethe “landscape”aroundthat point.
Thosedescriptorsareiteratively matchedusinga deforma-
tion model. And the distanceis derived from the discrep-
ang leftin the nal matchedshapesndascorethatdenotes
how farthedeformations from anafne transformation.

3.5.Geometricblur baseddistance

A numberof shapedescriptorcanbe de ned onagray
scaleimage, for instancethe shapecontet descriptoron
theedgemapg.g. [26]), or the SIFT descriptor([29), or the
geometricblur descriptor([4]). In our experimentswe fo-
cusonthegeometricblur descriptor Usuallyde ned onan
edgepoint, thegeometrichblur descriptorappliesa spatially
varying blur on the surroundingpatch of edgeresponses.
Pointsfurther from the centerare blurred more to re ect
their spatialuncertaintyunderdeformation.After this blur-
ring, the descriptorsare normalizedto have L, norm 1.
They areusedin two kindsof distancesn sectior4.4.

3.6.Kernelizing the distance

Asymmetry: (of shapecontet baseddistanceandgeo-
metric blur baseddistance)We simply de ne a symmetric
distanced(x; y) + d(y; x), becausén practicethediscrep-
ang/ jd(x;y)  d(y; x)j issmall.

Triangle Inequality: (of tangentdistanceshapecontext
basedlistanceandgeometricblur baseddistanceNamely
theinequalityd(x; y) + d(y;z)  d(x; z) doesnot hold at
all times,which preventsthe distancefrom translatinginto
apositive-de nite kernel. A numberof solutionshave been
suggestedor this issue[29]. Here,we computethe small-
esteigervalueof the kernelmatrix andif it is negative, we
addits absolutevalueto the diagonalof the kernelmatrix.
Intuitively, if we view the kernelmatrix asa kind of “sim-
ilarity measure”addinga positive constanto the diagonal
meansstrengtheningelf-similarity, which shouldnotaffect
the senseof expressedsimilarity amongthe examples.

4. Performanceon benchmark data sets
4.1.MNIST

The MNIST data set of handwritten digits contains
60,000examplesfor training and 10,000for test: eachset
containsequal numberof digits from two distinct popu-
lations: CensusBureauemplo/eesand high school stu-
dents[20]. Eachdigit is a 28x28image,exceptfor shape
context computationwhereeachdigit is resizedto 70x70
image. Someexampledigits from the testsetareshavn in
Fig. 2(a). A numberof state-of-the-arélgorithmsperform
under1% error rate,amongwhich a shapecontet based
methodperformsat.67%.

Two distancesreusedin this experiment:L , andshape
contet distance For shapecontet, sinceits errorratemay
be closeto the Bayesoptimal, we useonly the rst 10,000
training examplesso asto leave room of improvement(on
the10,000exampleswe performa 10fold crossvalidation).
To rely purely on shapecontet andnot on imageintensi-
ties,we alsodropthe“appearancetermin [1].

A summaryof resultsis in Table 2. Note that while
L, distanceis straightforvard for our method,a number
of workaroundaverenecessarjor the shapecontext based
distance Still, in bothcaseghe performancemprovessig-
ni cantly.

Lo SC(limited training)
SVM-KNN | 1.66(K = 80) | 1.67( 0:49) (K = 20
NN 287K =3) | 22( 077 (K = 1)

Table 2. errorrateon MNIST (in percent):the parameteK for
eachalgorithmis selectedaccordingto bestperformance(imange
of [1,10] for NN and[5, 10, .., 100] for SVM-KNN). In SVM-
KNN, theparameteK sy 10K, largerK s doesnt improve the
empiricalresults.
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Figure2. Datasets:(a) MNIST (b) USPS(c) CUReT(d) Caltech-101

4.2.USPS

The USPS data set contains 9298 handwritten digits
(7291 for training, 2007 for testing), collectedfrom mail
ervelopesin Buffalo [19]. Eachdigit is a 16x16image. A
collectionof randomtestsampless shavnin Fig. 2(b). It is
known thatthe USPStestsetis ratherdif cult: the human
errorrateis 2.5%[7].

We try two typesof distancesl , andtangentdistance.
(Shapecontet is not tried becausdghe imageis too small
to containenoughdetailsfor estimatingdeformation).For
tangentdistance geachimageis smoothedvith a Gaussian
kernelof width = 0:75to obtainmorereliabletangents.

L, tangentdistance
SVM-KNN | 4.285(K = 10) 259(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 parameteiK for
SVM-KNN andNN is choseraccordingto bestperformancere-
spectvely.

Table3 shavsthatin thel , casetheerrorratesof SVM-
KNN and DAGSVM aresimilar. However, SVM-KNN is
muchfasterto train becauseeachSVM only involvesa lo-
cal neighborhooaf 10 samplesandthe numberof classes
rarely exceeds4 within the neighborhood.(In our exper
iments, the costof training 10 examplesfrom 4 classess
much smallerthan the cost of the usualnearesteighbor
search.) In contrast, DAGSVM involvestraining a SVM
on all 45(=10x9/2)pairsof differentclassesandcomputa-
tion of pairwisedistance®nall trainingexamples With the
morecostly tangentdistancefunction, DAGSVM becomes
intractableto train in our experiment,whereaghe optimal

SVM-KNN (whereK = 8) isalmostasfastastheusualNN
classi er becaus¢headditionalcostof traininganSVM on
8 examplesis ngyligible. This re ects the comparisonof
asymptoticcompleity in section2.

Also in the L, case,anotheradaptve nearesneighbor
technigueHKNN(Vincentetal. [41]), performsquitewell.
Unfortunately it operatesn the input spaceandtherefore
cannotbe extendedo a distancgunctionotherthanL ».

In the tangentdistancecase,it is quite remarkablethat
SVM-KNN canimprove on the performanceof NN with
very small additional cost, even thoughthe latter is per
forming very well already(in comparisorto humanperfor
mance). We are thereforeencouragedo think that SVM-
KNN is anidealclassi cationmethodwhenthe proper‘in-
variance”structureof the underlyingdatasetis capturedn
the distanceunction.

4.3.CUReT

CUReT(Danaet al. [10]) containsimagesof 61 real
world texturesg.g. leather rabbitfur, spongeseeFig. 2(c))
photographedindervarying illumination and viewing an-
gle. Following [40], a collectionof 92 images(wherethe
viewing angleis nottoo oblique)arepickedfrom eachcat-
egory, amongwhich half arerandomlyselectedastraining
andtherestastest.

From[40], we take the variantof the texton methodthat
achivesthebestperformancen CUReTandsubstitutehe
laststepof NN classi er with our method:

In termsof error rate, asin the caseof USPS,SVM-
KNN hasaslightadvantageover DAGSVM, bothof which
aresigni cantly betterthanthe state-of-the-agperformance
reportedn [40]. However, DAGSVM (equialently, SVM-
KNN whenK = n)wasveryslow: atotalof 61x60/2=1830
pairwise classi ers to train (15130 CPU secs), whereas
SVM-KNN is fasterandoffersatrade-of betweertime and



2
SVM-KNN | 1.73( 0:24) (K = 70)
NN 2.53( 0:28) (K = 3) [40]
DAGSVM | 1.75( 0:25)

Table4. errorrateon CUReT (in percent):error rateandstd dev
obtainedfrom 5 times2 fold crossvalidation. The parameteK
for SVM-KNN andNN is choseraccordingto bestperformance,
respectiely.

performancéFig. 3).
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Figure3. Trade-of betweerspeedandaccurag of SVM-KNN in
the caseof texture classi cation

4 .4.Caltech-101

The Caltech-101data set (collectedby L. Fei-Fei et
al. [12)) consistof imagesfrom 101 objectcateyoriesand
an additionalbackgroundclass, making the total number
of classesl02. The signi cant variationin color, poseand
lighting makes this dataset quite challenging. A number
of previously publishedpapershave reportedresultson this
dataset,e.gBerg etal. [3], GraumarandDarrell [14], and
Holub etal. [17]. Ber etal. [3] constructeda correspon-
denceprocedurefor matchinggeometricblur descriptors
anduseit to de ne adistancdunctionbetweertwo images,
theresultingdistanceds usedin aNN classi er. In Grauman
andDarrell[14],asetof localimagefeaturesarematchedn
anefcient way usinga pyramidof histogramsTheresult-
ing matchingscoreforms a kernelthatis usedin an SVM
classi er. In Holubetal. [17], Fisherscoreson eachimage
areobtainedby ageneratie modelof the objectcateyories.
An SVM is trainedon a Fisherkernelbasednthesescores.
In theseproceedingsa numberof groups[18, 27, 15, 42],
in additionto our paper have demonstratedesultson this
datasetisingacommonmethodology

We presentwo algorithmson this data. The difference
liesin the choiceof thedistanceunction.

A. Algorithm A

Unlikethepreviousdatasets,n this settingwe have both
shapeandtexture. For the shapepart, geometricblur fea-

turessampledchtasubsetf edgepoints( Section3.5,details
in [3]) areused.For thetexture part, the mamginal distance
for texture (seesection3.2)is used wherethe lter bankis

Leung-Malik[22]. Thedistancdunctionis de ned as:

A | — ixn ; L R2
DAL ! Ir)= “min KkF, Fk
m i=1j=1::n
DA(IL;1g) = DA(IL ! 1)+ DA(IR! 1) (1)
Nt
+ khk hEkLl
k=1

HereD” (I ;1Rr) is thedistancebetweereft andright im-
ages.The computationis basedon geometricblur features
F.- (denotingi'th featurein theleft image respectiely for
F?) andtexture histogramsh, (denotingthe histogramof
thek's Iter outputon theleft image,respectiely for hY).
Note that the texture histogramsare normalizedto sumto
1. Ratherlarge scalegeometricblur descriptorsare used,
(radius 70pixels),and = % is setbasedn experiments
with asmallcollectionof imagesfrom about10 classes.

To stayascloseto the paradignmof the previouswork on
this dataseusinggeometricblur featureswe followedthe
methodologyof Berg et al. [3], randomly picking 30 im-
agesfrom eachclassandsplitting theminto 15 for training
and15for test. We alsoreversetherole of trainingandtest.
The correctnessateis the average. Table 5 shows there-
sultswhich canbecomparedo [3] (45%)and[2] (52%),all
correspondingo 15trainingimageserclass.Comparedo
the baselineclassi ers (NN and SVM), SVM-KNN hasa
statisticallysigni cant gain.

Algo. A
SVM-KNN | 59.0§ 0:37) (K = 300
NN 40.98( 0:47) (K = 1)
DAGSVM | 56.40( 0:36)

Table5. Correctnesgate (=1-errorrate)of Algorithm A with 15

trainingimagesper class(in percentageandstddev.). Parameter
K for SVM-NN andfor NN arechoserrespectiely accordingto

bestperformance.

B. Algorithm B

In our previous work on Caltech-101(Berg, Berg and
Malik [3]), we soughtto nd shapecorrespondencen a
deformabldemplateparadigm However, dueto thespecial
characterof the Caltech-101dataset (objectsare oftenin
the centerof image,andthe scaledoesnot vary much),a
crudeway of incorporatingspatialcorrespondencis to add
a rst-order geometriadistortiontermwhengeometricblur
featuresare being comparedwhere position is measured
from centerof image(cf. a more generalapproachbased
on secondorder geometricdistortion, comparingpairs of
pointsin [3]).



In this case theoverall distanceunctionis

—krk

1
DB, ! Ig)= =
(I R) - 0

DB (I ;1r) = DB(IL !

min kRt FRKZ+
j=1:n
Ir)+ DB(Ir! 1)

2

andrt denoteghe pixel coordinateof thei'th geometric
blur featureon the left image,w.r.t. the imagecenter(re-
spectvely for rjR). ro = 270is theaverageimagesize.We
useda mediumscaleof geometrichlur(radius 42 pixels),
and = I.

Algorithm B is testedwith the benchmarkmethodology
of Graumanand Darrell [15], wherea number(say 15) of
imagesaretakenfrom eachclassuniformly atrandomasthe
trainingimage andtherestof thedatasetis usedastestset.
The “meanrecognitionrate per class”is usedsothatmore
populous(andeasier)classesarenot favored. This process
is repeatedLO timesandthe averagecorrectnessateis re-
ported. Our experimentsusethe DAGSVM classi er. (We
have yet to run SVM-KNN in this settingbut the perfor
manceof SVM-KNN canonly bebetterbecausdt includes
DAGSVM asaspecialcasefor K = n.). 3

The performancefor Algorithm B is plottedin Fig. 4,
alongsideother currenttechniquegpublishedor in press),
in the sameformatasthatof GraumarnandDarrell [15]. It
is notevorthy that Algorithm B aswell asthe techniques
of Wanget al andLazebniket al, have attainedcorrectness
ratesin the neighborhoodf 60%, a signi cant improve-
ment over the rst reportedresult of 17% only a couple
of yearsago. Numbersfor the 15 and 30 training images
casescanbefoundin table6. The confusionmatrix for 15
trainingimagess in Fig. 5.

Ommerand Buhmann [28] useda differentevaluation
methodologyfor which our correctnessateis 63%, com-
paredto 57.8%of [28]

# trainAlgo. B
15
30

[18] [2] [27][15] [42]
59.05( 0:56)56.4 52 551 49.504
66.23( 0.48)64.6( 0:8)N/AB6 [58.253

Table6. Corr ectnesgate with 15 or 30 trainingimagesperclass
on Caltech-10Xin percentageandstddev. whereavailable)

5. Conclusion

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

3In our experimentswe have foundvirtually no differenceunderthis
evaluationmethodologys thatof Berg etal. [3].
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Figure4. Corr ectnesgate of Algorithm B (plottedthe samefor-
matasin [42] and [15]), bestviewed in color, Resultsfrom
this work andothers:Lazebnik,Schmid& Ponce[18], Berg [2],
Mutch & Lowe [27], Grauman& Darrell [15], Berg, Berg &
Malik [3], Wang,Zhang& Fei-Fei[42], Holub, Welling & Per
ona[17], Serre, Wolf & Poggio [34], andFei-Fei,Fergus& Per
ona[12].

Algorithm B confusion matrix with train=15 per class

Figure 5. Confusion matrix of Algorithm B with 15 training
images per class, where the rows denotetrue label and the
columns denotereportedlabel. The most confusedpairs are
(schooneketch), (waterlily,lotus), (platypus,may y), (octopus,
star sh).
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