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Abstract

In this paperwe proposeandevaluatean algorithmthat
learnsa similarity measue for comparingnever seenob-
jects. Themeasue is learnedfrom pairs of training images
labeled“same” or “dif ferent”. Thisis far lessinformative
thanthe commonlyusedindividual image labels(e.g. “car
modelX”), but it is cheaperto obtain. The proposedal-
gorithmlearnsthe characteristicdifferencesbetweerocal
descriptos sampledrom pairs of “same” and “dif ferent”
images. Thesedifferencesare vector quantizedby an en-
sembleof extremelyrandomizedinary trees,andthe simi-
larity measue is computedrom the quantizeddifferences.
Theextremelyrandomizedreesare fastto learn, robustdue
to theredundaninformationthey carry andthey havebeen
provedto be very goodclusteers. Furthermoe, thetrees
efciently combinedifferentfeature types(SIFT and geom-
etry). We evaluate our innovative similarity measue on
four verydifferentdatasetsand consistantlyoutperformthe
state-of-the-artompetitiveappmoaches.

1. Intr oduction

Humanseasily recognizeobjectseven thoseseenonly
once. Onecanrecognizea personseenonly once,despite
changesn dressinghaircut,glassesgxpressiongtc. One
canrecognizea car modelseenonly once,despitechanges
in pose,light, color, etc (see gure 1). Thisis becauseave
have a knowledgeaboutour ernvironment,and aboutper
sonsandcarsin particulay thusa singleview of a new ob-
jectof aknown cateyory is enoughfor recognition.

Comparingwo images- andmoregenerallycomparing
two examples— heavily relieson the de nition of a good
similarity function. Standardunctions(e.g. the Euclidean
distancein the original featurespace)reoftentoo generic
andfail to encodedomainspeci c knowledg; this is why
we proposeto learna similarity measurehat embedsdo-
mainspeci ¢ knowledge.
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Figiﬁrel. Ourknowledgeof carsallows usto recognizeanew car
modelthat we have never seenbefore,despitechangesn pose,
light andclutter This paperproposesan algorithmthatperforms

suchavisualidenti cation for never seernobjects.

Moreover, we proposedo learnthis measurdrom equiv-
alenceconstaints Equivalenceconstraintsconsideredn
this paperarepairsof training examplesrepresentingimi-
lar or differentobjects.A pair of imagesis notlabeled car
modelX andcarmodelY”, but only “same”or “dif ferent”.
The latter is much more dif cult becausét containsless
information: sameor differentpairscanbe producedrom
fully labeledexamples,not vice versa. For mary applica-
tions, equivalenceinformationis cheapeto obtainthanla-
bels,e.qg. for retrieval systems.lt is indeedeasierto know
whethertwo documentsresimilar or notratherthanto ob-
taintheirtruelabels,becaus¢he spaceof potentiallabelsis
very large (e.g.all carmodels)anddif cult to de ne.

We usethis similarity measureor visual identi cation
of never seenobjects Givenatraining setof pairslabeled
“same” or “dif ferent”, we have to decideif two never seen
objectsarethe sameor not (see gure 2).



Figure2. Givenpairslabeled‘same” or “different”, canwe learn
asimilarity measurehatdecidesf two imagesepresenthesame
object? The similarity measureshouldbe robustto modi cations
in pose backgroundandlighting conditions,andabove all should
dealwith never seenobjects.

1.1.RelatedWorks

Learningeffective functionsto compareexamplesis an
active topic which receved muchattentionduring the last
years.Mostof thecontributionsconsisin nding afunction
mappingthe featurespaceinto a target spacesuchthat a
simpledistancecaneventuallybe usedin thetargetspace.

This function is generallyinspiredby the Mahanalobis
distance,of the form d(x;y) = (x  y)'A(x ), like
in [14] or morerecently[21, 11, 19, 1, 10, 20]. Various
optimizationschemesre possibleto estimateA, depend-
ing on the objective functionto be satis ed. The objective
functionplaysa key role in the de nition of the metric. In
[21, 11] the objective function tries to collapseall exam-
plesof the sameclassandto separateexamplesof differ-
entclasses.In [11], a stochasticvariantof the leave-one-
out k-NN scoreis maximized. In [20], the objective func-
tion tries to separateexamplesfrom differentclassedy a
largemamgin, in ak-NN framework. In [19], themargin be-
tweenpositive pairsandnegative pairsis to be maximized.
In [1], A is directly computedrom the so-calledchunklets
whicharethesetsof equivalencerelationsprovidedastrain-
ing data. The mappingcanalsobe learnedwithout explicit
functionslikein [3] wherea cornvolutionalnetwork is used
for its robustnesgo geometricdistortions.Whenconsider
ing distancebetweerimagesmorespeci ¢ functionscanbe
used,embeddingexpecteddeformationsof objectappear
anceq16, 6, 13].

Unfortunately noneof thesemethodss perfectlysuited
for visualidenti cation in images. Unlike traditional pat-
ternrecognitionproblems,informationincludedin images
is subjectto comple transformationsuchas occlusions,
poseandscalechangesetc.,thatcannotbe modeledeasily
by ary kind of linear, quadratic,or otherpolynomialtrans-
formations.

Theusualway to facetheseproblemss to represenim-
agesas a collection of lose scaleinvariantlocal informa-
tion (gray-scalepatches SIFT [15] descriptorsor others),
sothatatleastseveralpartsof theimagearenot affectedby
thesetransformations.This kind of strategy hasbeenused

in [4, 5]; in this case,the key ideais to learnwhat char
acterizedeatureqlocal descriptorsthatareinformative in
distinguishingone objectinstancefrom another Thereis
alsoanapproactbasedon chopping[7]. However, this ap-
proachwhichrelieson randombinarysplitschoserto keep
imagesof the sameobjecttogetherrequiresto have all the
trainingimagesfully labeledandthereforeit is not usable
in our context. Finally, the recentapproachof Fromeet
al.[8] learnsadistancdunctionfor eachindividual training
imageasacombinatiorof elementargistancebetweervi-
sualfeatures.Their approachs basedon triplets of images
(F;11;12) with F moresimilarto | ; thanl ,.

Inspired by the work proposedin these related ap-
proachesand more particularly in [5], we proposea new
learningmethodfor measuringsimilarity betweentwo im-
agef neverseerobjects usinginformationextractedfrom
pairs of similar and different objectsof the samegeneric
cateyory.

Ourapproachs alsoinspiredby therecentwork of [17].
Severalkey componentareresponsibldor its goodperfor
mance.First, a bag-of-wods like modelmalesit robustto
occlusionsandvariousimagetransformationssecondthe
useof anensemblef extremely-randomizetteesmakesit
veryfast(bothfor trainingandtesting)andgivesgoodprop-
ertieswhendealingwith high-dimensionafeaturegimage
patches).

The paperis organizedas follows. In section2 we
presenbur approachandin section3 we shov experimen-
tal resultsobtainedon differentdatasetsWe alsocompare
our resultswith thoseobtainedby severalrecentcompeting
approachessection3.3).

2. Building a similarity measure from patch
correspondences

As explainedearliet our objectve is to build a similar-
ity measurdor decidingwhethertwo imagesrepresenthe
sameobjectinstanceor not, despiteview point changes,
occlusionsand otherimagetransformationgsee gure 2).
This measurés expectedo give goodresultswhenthe ob-
jectsinvolvedin the comparisorhave never beenseenbe-
fore. Furthermorethesystenis designedo betrainedfrom
pairs of “same” and “dif ferent” objects,without knowing
theirlabels:we assuméraving no informationaboutwhich
objectsarein thetrainingpairs.

2.1.Quantizing local differences

As in [5], we proposeo obsene correspondindpcal re-
gions sampledfrom pairs of images,but we do not limit
our obsenationto the distancebetweerthe region descrip-
tors,we alsowantto describehow theregionsdiffer. Thus,
we proposeto characterizethe differencein appearance
of correspondindocal regions. Comparingtwo patchess
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Figure3. Similarity computation.(a) Detectcorrespondingpatch
pairs.(b) Quantizehem.,i.e. assigrthemto clustersvia extremely
randomizedrees.(c) Thesimilarity is alinearcombinationof the
clustermemberships.

achievedby clusteringthelocal differenceswith anensem-
ble of extremelyrandomizedrees.

We could computea codebookof patcheq18], nd the
closestcodevord to eachof the two patcheswe want to
compareandthendecidebasednthetwo codevordsif the
patchescomefrom similar or differentobjects. The prob-
lem of this approachis that ne differencesarelost from
thevery rst step(eachlocal descriptoiis quantized) Fine
differencesarenotimportantfor genericimagecateoriza-
tion, butthey play akey rolefor objectinstanceecognition.
Thus,we decide(1) to computepreciseinformationon the
two patchege.g. comparingthe sameSIFT histogrambin
of thetwo patchego athreshold) andthen(2) to quantize
thatinformationwith extremely-randomizettees.The rst
stepcharacterizesme differencesandthe secondstepre-
duceghefeaturespacecompleity. Thissectiondetailshow
we computehesequantizedifferencesf localregions,i.e.
how we build avocalulary of visualdifferences.

2.2.0verview

Thecomputatiorof thesimilarity measurés athreestep
procesdllustratedon gure 3. (a) Several pairsof corre-
spondingocal regions(patchespresampledrom a pair of
images.(b) Eachpatchpair is quantizedj.e. it is assigned
to several clusterswith anensembleof extremelyrandom-
ized decisiontrees. (c) The clustermembershipsrecom-
binedto malke a global decisionaboutthe pair of images.
Thesestepsaredetailedbelow.

Figure 4. Patch pairs sampledon a toy car dataset.Eachimage
pairshovs: arandompatchin imagel, thesearctregionin image
2 andthe bestmatchin the searchregion. All image pairsare
positive (sameobject)exceptthelastone(differentobjects).

2.3.Computing the similarity of twoimages

Sampling correspondingpatch pairs. Eachpatchpairis

producedasfollows. A patchp; of arandomsizeis chosen
at a randomposition(x; y) in the rst imagel ;. Thebest
normalizedcrosscorrelationmatchp, is lookedfor in the

secondmagel ,, in theneighborhoof (x; y). Theprocess
is illustratedon gure 4.

Quantizing the spaceof patch pairs. Eachpatch pair
sampledirom animagepair is assignedo several clusters
via an ensembleof extremely randomizedbinary decision
trees. How we build themis detailedin section2.4. Each
patchpairis inputin therootnodeof all trees(see gure 3).
For eachtree, the patchpair goesfrom the root nodeto a
leaf, at eachnodetheleft or right child nodeis selectedac-
cordingto the evaluationof a simpleteston the patchpair.
Whena patchpairreaches leaf, the correspondindeafla-
bel (i.e. theid of theleafin the forest)is setto 1. If aleaf
is neverreachedit is setto 0. Thus,animagepairis trans-
formedinto a binary vectorx (of sizethe total numberof
leaves),eachdimensionindicatingif a patchpair sampled
fromtheimagepairhasreachedhecorrespondindgaf. The
useof binaryrepresentatioto indicateclustermembership
hasbeensuggestetby [17].

The similarity measure. Thelearnedtreesperfectlydis-
criminatethe patch pairs they weretrainedon sincethey
weretrainedto do so. However, we arenot usingthetrees
asclassi ers,but asquantizerssowe considemwhichleaves
arereachedy the patchpairsanddiscardthe predictionof
thedecisiontrees.

The similarity measures a simple linear combination
of the binaryfeaturevectorindicatingclustermembership:
Siin (I1;12) = ! > x, where! containsweightsoptimized
suchthathigh valuesof S, correspondo similarimages.
In practice,! is the hyperplanenormalof a binary linear
SVM trainedon positive andnegative imagepair represen-
tations.

The weightsare a very corvenientway to expresshow
usefula leaf (i.e. cluster)is. Intuitively, a leaf which is
equallyprobablan positive andnegativeimagepairsshould



notweightmuchbecausét is notinformative. Onthecon-
trary, aleafwhich occursonly in positive or negativeimage
pairsshouldweightmore.

2.4.Learning the extremelyrandomizedtr ees

All treesarelearnedndependentlyaccordingo aproce-
duresuggestedby Geurts[9] which is a PerturbandCom-
bine paradigm[2] appliedto decisiontrees. We samplea
largenumberof patchpairsfrom positiveimagepairs(same
object) and negative image pairs (different objects). We
then createa tree with a uniquenode,the root node, that
containsthesepositive andnegative patchpairs. We recur
sively split thenodesandtheir associategatchpairsto cre-
ateatree: we assigna randombooleansplit conditionto a
node createtwo sub-nodespnewith patchegor whichthe
conditionis true,the otheronewith theremainingpatches;
we repeatthis procedureaslong asthe sub-nodegontain
positive and negative patchpairs.

Theboolearsplit conditiongdetailedn thenext section)
areparametrizedunctionsevaluatedon the patchpair. We
generate smallsetof split conditionswith randomparam-
eters,and keepthe one with the highestinformation gain:
IG=H (niHi+ nyH,)=nwhereH (resp.H, H,) and
n (resp.ny, ny) arethe entropy andthe numberof patches
of theparent(resp. rst child, seconcchild).

We areusinga setof extremelyrandomizedinarydeci-
siontreesfor severalreasonsFirst, learningthetreesis fast
becauseainlike boostingor ID3, we arenotlooking for op-
timal parametewalues,we areonly selectingthe bestones
out of arandomlycreatedsmallset. Secondthe useof sev-
eralextremelyrandomizedreesdecreasetherisk of over
tting, becaus& malesthetreeslesscorrelated?2]. Third,
suchtreeshave beenprovedto provide aninterestingclus-
teringof thefeaturespacd17].

2.5.Multi-modal split-conditions

We proposeandcombinetwo differentkindsof split con-
ditions. The rst kind usespixel information, the second
oneusesgeometryinformation. For the former, we consid-
eredgraylevel pixel values,gradientnorm andorientation,
andSIFT descriptors.As SIFT descriptorsalwaysoutper
form the otheronesin our experimentswe only focuson
SIFT descriptorsn this paper

SIFT basedsplit-conditions. Giventhe SIFT descriptors
S; andS; of two patchesthe split conditionis trueif

k(S (i)

wherei; d; k areparametersi. is the SIFT dimensionunder
obsenation,d is athresholdandk = 1ork = 1encodes
if the measuredsalue shouldbe higheror lower thanthe

threshold.

d)> 0" k(Sy(i) d)>0 1)

Geometry based split-conditions. Given the position
andscale(x; y; s) of the patchfrom the rst image thesplit
conditionis trueif

ke(X  d) > 0" ky(y dy)>0" ks(s ds)> 0 (2)

wheredy; dy; ds; ke ; Ky; Ks are parameters.ky; ky; ks are
equalto 1 or 1 andencodeif the valuesshouldbe above
or below thethresholdgl, ; dy; ds. This split conditioncan
encodecomple conceptsfor examplea large patchin the
bottomleft cornerof animagemaybe

1(x 025>0"1(y 075>0"1(s 05 >0

For eachtreenode,we generategandombooleantestsof
ary type (SIFT/geometry): rst we randomlydraw a type,
thenwe randomlydrav the parameter# requires.Thein-
formationgain is computedor all thesebooleantests,and
thebestoneis assignedo thenode.

3. Experimental results

We evaluate our similarity measureon four different
datasets:a small datasetof toy carsand threeother pub-
licly availabledatasetsmakingcomparisonsvith competi-
tive approachepossible For eachdatasetthe objectsof in-
terestfully occupy theimagesandwe have pairsmarledas
positive (sameobject)or negative (differentobjects).Those
setsare split into a training setand a testset. Olviously,
thetestsetdoesnotcontainary imagefrom thetrainingset,
but it doesnot containary objectof the training seteither
The similarity measurds evaluatedonly on never seenob-
jects(notonly never seerimages).Thedatasetsiredetailed
below, andthey areillustratedon gure 5.

The toy cars dataset contains225imagesof 14 differ-
entobjects(carsandtrucks). Thetrainingsetcontainsl 185
positive and 7330 negative image pairs of 7 differentob-
jects. Thetestsetcontainsl044positive and6337negative
imagepairsof the 7 other(new) objects.

The Ferencz& Malik cars dataset[5] contains2868
training pairs (180 positive, 2688 negative) andthe testset
contains2860pairs.

The Jain facesdataset[12] is a subsebf “Facesin the
news”? andcontains500 positive and500 negative pairsof
faces,andwe measureour accuray like the authorsby 10
fold crossvalidation. That datasets built from facessam-
pled“in thenews”, hencetherearevery largedifferenceof
resolution Jight, appearancesxpressionpose noise,etc.

The Coil-100 datasetusedby Fleuret& Blanchard[7]
has 10 different con gurations, each con guration uses
1000 positive and 1000 negative pairsfrom 80 objectsfor
trainingand250positive and250negative pairsfrom there-
maining20 (new) objectsfor testing. This datasets highly

Ihttp://learinrialpes.fr/people/nwak
2We thankthe authorsfor providing usthe precisesubset



Figure5. Two “Same”andtwo “Dif ferent” pairsfrom all datasets.
Line 1: Ferenczcars,Line 2: our toy cars,Line 3 left: Faces
in the News, Line 3 right: Coil 100. Although “Dif ferent” pairs
maylook similar and“Same”pairsmaylook differentandtestset
objectsarenever seenour similarity measurebtainsa very high
performancen all thesedatasetgseesection3.3).

heterogeneoussit containscategyoriessuchasbins,toma-
toes,boxes,medicine puppetsmugs,bottles,...

In all experiments,gray-scaleand color imagesareall
consideredgray-scale. All datasetshave image pairs of
slightly differentorientationsexceptCoil-100thathasvery
differentorientations.

To evaluatethe performancewe computea Precision-
RecallEqual Error Rate(EER PR) scoreon the similarity
measureevaluatedon the test setimage pairs. For each
testsetimagepair, a similarity scoreS,j, is computed.A
thresholdt is de ned to decideif thetwo imagesrepresent
the sameobjectinstanceor not: S;j, > t means‘same”
object,Sin t means'dif ferent” objects. The Precision-
Recallcurve is obtainedby varyingthethreshold.

3.1.Parametric evaluation

We have evaluatedthein uence of all theparametern-
volved in the similarity measureusingthe toy car dataset.
Figure6 shavstheeffectof in uential parametersEachex-
perimentplotsthePrecision-RecakEqualError Rate(EER-
PR)w.r.t. a parameter We give the EER-PRof our simi-
larity measureS;j, aswell asthe EER-PRof a simplevote
basedsimilarity measures, o thatusesthetreesasclassi-

ers andnotclusterersandthuscountsthenumberof patch
pairspredictedas“same”.

We rst noticethatthelinearsimilarity measures;;, al-
waysoutperformghesimplesimilarity Sy ote , Which proves
that treesare more useful as clusterersinsteadof classi-

ers. Secondlet us discussthe differentparameterone
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Figure6. Precision-RecaltqualError Ratefor thetoy cardataset,
with a simple similarity measureS, e andour linear similarity
measureSyn .

by one. The rst curve shavs that the searchregion size
shouldnot be too small (otherwiseit is impossibleto nd
theexpectedmatch)nortoolarge (leadingto too mary mis-
leadingmatches)Moreover, if the secondoatchis selected
randomly the performances very bad (42.7%,not shavn
on the graph). This shons how crucial the computationof
goodpatchpairsis. The secondcurve shavs thatthe more
trees,the higherthe performance.This is becausave ob-
tain more clusters,and becausehe clustersare not corre-
lated dueto the randomnes®f the tree computation. The
third curve shaws thatthe more patchpairs sampledn an
image pair the higherthe performance.We rst believed



Tablel. Trees(T) andweights(W) arelearnedby our algorithm.
This table shavs the decreas®f EER-PRevaluatedon the Fer
enczandCoil100 datasetsvhenthe trees(T) or thetreesandthe
weights(T+W) arelearnedon otherdatasets.

that samplingmore windows increaseshancego sample
relevantinformation. But if it weretrue, only S;i, would
progresshecausat is ableto separateelevantandirrele-
vantinformation. However, S,qe alsoincreasesandthat
measuremakes no differencebetweenrelevantandirrele-
vantinformation. This meanghatary “weak” information
alsoimprovesthe performancewhich con rms our previ-

ousworks[18] aboutsamplingstrateies.

Also, on average usingSIFT andgeometryis 1% better
thanusing SIFT only. Theincreaseis surprisinglylow as
somecatejorieshave stronggeometricstructures.But this
is not neggligible.

3.2.Genericversusspeci ¢ knowledge

Our algorithmlearnstwo typesof informationfrom the
training data: the treesand the weightsof the similarity
measurelt is interestingto investicatehow muchcategory
speci ¢c knowledg is embeddedluring training. Doesthe
algorithmlearngenericrules,or doesit useheuristicsspe-
ci ¢ tothedatasett is trainedon? Elementsf theanswer
arepresentedh Tablel. It shows, for two datasetshow the
EER-PRdecreasewhenotherdatasetare usedfor learn-
ing. Whentestingon adatasetanothemdatasemaybeused
to learnthe treesandthe weights(T+W), or the treesonly
(T), in which casethe weightsare learnedon the training
setof thegooddataset.

First, we obsene thatthe bestperformances achieved
whentraining andtestare performedon the samedataset,
whichmeanghatcateyory speci ¢ knowledgeis embedded
duringlearning.Second]earningthetreesandthe weights
on anotherdataseis always muchworsethanlearningthe
treesonly. It meanghatthe weightsallow to useary clus-
terer althoughthe performances betterwhenthebestclus-
tereris used. Third, it is moreimportantto usethe appro-
priatedataseto learnthetreesfor the Ferencalatasethan
for the Coil 100 dataset.This is becauseCoil 100images
may have ary orientationandary shapeandthey represent
very differentobjects whereaghe Ferenczalatasetontains
alignedimagesof carsseenfrom pro le, which makesit
easielto learnvery speci ¢ (anduseful)information.

Toy cars Ferencz Faces Coil 100 Method || Toy cars | Ferencz| Faces Coil 100
THW | T | T+W | T || T+W | T W T Others || - 84.9[4] | 70.0[12] | 88.6 4[7]
Ferencz|| 28.0 | 45| 0 | O || 49.2 | 235 358 | 10.1 | "Qurs 85.9 0« | 91.0 05 | 842 51 | 93.0 1o
Coil100 100 | 1.6 9.0 2.4 13.2 2.8 0 0 Gain N 6.1 14.0 44

Table 2. PR-EERon differentdatasets.Our methodclearly out-

performsthe others.
Method || Recall40% | Recall60% | Recall80%
Jain[12] 93.0 63 78.9 s 60.1 70
Ours 99.0 19 97.8 25 86.3 76

Table3. Precisionon the Jainfacesdatasefor givenrecall.

3.3.Performanceand comparisonwith state-of-the-
art competitive approaches

Wereportthe performancef ouralgorithmandcompare
ourresultswith stateof theart methodonthefour datasets.
For eachdatasetthe experimentsare carefully performed
with the sameprotocolasthe oneusedin the methodcom-
paredto. Resultsaresummarizedn Table2.

For all theseexperimentson the different datasetswe
usethe sameparametersthe numberof positve andnega-
tive patchpairssampledo learnthetreesis setto 10°, the
numberof randomsplit conditionsamongwhich the best
oneis selecteds 10°, the numberof treesin the forestis
50, thenumberof patchpairssampledo computethe simi-
larity is 10%, theseconcpatchsearctregionsizeisincreased
of 1 time the size of the patchin all directions,leadingto
a searchregion 9 times larger thanthe original patch,the
minimum patchsamplingsizeis setto 15x15 pixels, and
the maximumis setto one half of the imageheight. On
averagetheproducedreeshave 20 levels.

Toy car dataset. On our toy car datasetwe obtaina
precision-recallequalerror rate (EER PR) of 85.9% 0.4
measuredn 5 runs. Using a simple NormalizedCross-
Correlation (NCC) as a similarity measureleadsto an
EERPRof 51.1%.Thisis a new datasefor whichno other
resultsarepublishedyet.

Ferencz & Malik dataset. On the Ferencz& Malik
datasetwe obtainan EER-precisiorof 91.0% 0.6, where
Ferencz& Malik [4] get84.9%. Figure7 shaws pairs of
carsrankedby similarity.

Facesin the newsdataset.Jain[12] greatlyoutperforms
the top performerin the FERET facerecognitioncompeti-
tion on their facedatasetandwe largely outperformtheir
results.The EER-PRreportedn Table2 (70%)is approxi-
matesincewe have estimatedt from a curve in their paper
thuswe alsoprovide a comparisorwith the samemetricas
they use theprecisionscorefor givenrecallvalues seeTa-
ble 3. We alwaysoutperforntheirresultsandareeven26%
betterfor a 80%recall. Moreover, Jainis working on face
imagesrecti ed to frontal pose,whereaswe are working



Figure 7. Test setimage pairs from Ferencz& Malik dataset,
line 1: the two mostsimilar pairs, line 2: the two leastsimilar
pairs, line 3: the two leastdifferentpairs, line 4: the two most
differentpairs(accordingto thelearnedsimilarity measure).

A

Figure 8. Test set face pairs ranked by our similarity measure:
line 1: two very similar pairs, line 2: two similar pairs, line 3:
two differentpairs,line 4: two very differentpairs.

on the original faceimages. Figure 8 shavs pairsof faces
ranked by similarity.

Coil-100 dataset. On the Coil-100 datasetwe have an
EER-PRof 93.0% 1.9whereFleuret& Blanchard7] have
88.6% 4. Moreover, the methodof FleuretandBlanchard
usesthe information of the real object cateyories during
training, whereaswe only know if two imagesbelongto
thesamecategory or not.

Figure 9. 2D multidimensionalscaling representatiorof never
seentoy carimages. Top: similarity measurebasedon bag-of-
words representatiomnd Euclideandistance. Bottom: our sim-
ilarity measurethat perfectly groupsthe different views of the
sameobject.

3.4.Visualizing the similarities

The previous sectionshaws that our similarity measure
outperformsthe onesthat achieve the beststateof the art
performanceSince“a pictureis worth athousandvords”,
we alsocomputea 2D visualizationof the similarity mea-
suresevaluatedon the never seenimagesof the toy car
dataset.

Thereforewe computea 2D mappingof imagesusing
the learnedsimilarity function by applying a multidimen-
sional scalingtechnique(MDS). It computesthe 2D pro-
jection preservingas much as possibleall pairwiseimage
similarities(Sammormapping).This mappingcanbe seen
on Figure9, bottom. It is surprisingto seehow well dif-
ferentviews of sameobjectsare groupedtogetherdespite
large intra-classvariations high inter-classsimilaritiesand
despitethe fact that thesecarsare very differentfrom the
onesusedto learnthe distance Thetop of the gure shawvs
the samemappingusing only bag-of-word representations
of imagesandthe Euclideardistance.



Figurel0. All positive patchpairscontainedn anodeduringtree
learningon thefacedataset.

4. Discussionand Conclusion

We areaddressingheproblemof predictinghow similar
two imagesof never seenobjectsare, given a setof simi-
lar anddifferenttraining objectpairs. We proposea novel
methodconsistingn (a) nding correspondingpcalregions
in a pair of images(b) quantizing(clustering)themwith an
ensemblef extremelyrandomizedreesand(c) combining
theclustermembershipsf thelocalregion pairsto compute
aglobalsimilarity measurdetweerthetwo images.

Our algorithm automaticallyselectsand combinesge-
ometryand SIFT features.We have shawvn thatit doesnhot
performagenericsimilarity computationput thatit embeds
knowledgespeci ¢ information,via the constructiorof the
treesandthe computatiorof the optimalweights.

Our experimentsshov thatour approaclgivesexcellent
resultson the four datasetsisedfor evaluation.We greatly
outperformthe latestresultsof Ferenczet al. [4], Vidit et
al. [12] andFleuretetal. [7], andobtainahigh accurag on
ourown dataset.

We are currently extending our approachto recognize
similar objectcategoriesfrom a training setof equivalence
constraints Positve imagepairsmay containtwo different
modelsof bikes,cars,motorbikes,etc. Thisis moredif cult
thandealingwith positive pairsof the samemodel,because
it is harderto obtaintwo local regionsthat matchfrom im-
agesof two differentmodels,morewer if the objectsmay
have ary orientationandscale.

The toy car datasetbinariesand otherinformationare
availableat http://learinrialpes.fr/people/ngak.
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