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Abstract

In thispaperweproposeandevaluateanalgorithmthat
learnsa similarity measure for comparingnever seenob-
jects.Themeasure is learnedfrompairs of training images
labeled“same” or “dif ferent”. This is far lessinformative
thanthecommonlyusedindividual image labels(e.g. “car
modelX”), but it is cheaperto obtain. The proposedal-
gorithmlearnsthecharacteristicdifferencesbetweenlocal
descriptors sampledfrompairs of “same” and“dif ferent”
images. Thesedifferencesare vectorquantizedby an en-
sembleof extremelyrandomizedbinary trees,andthesimi-
larity measure is computedfromthequantizeddifferences.
Theextremelyrandomizedtreesarefastto learn,robustdue
to theredundantinformationthey carry andthey havebeen
provedto be very goodclusterers. Furthermore, the trees
ef�ciently combinedifferent feature types(SIFTandgeom-
etry). We evaluateour innovative similarity measure on
four verydifferentdatasetsandconsistantlyoutperformthe
state-of-the-artcompetitiveapproaches.

1. Intr oduction

Humanseasily recognizeobjectseven thoseseenonly
once. Onecanrecognizea personseenonly once,despite
changesin dressing,haircut,glasses,expression,etc. One
canrecognizea carmodelseenonly once,despitechanges
in pose,light, color, etc (see�gure 1). This is becausewe
have a knowledgeaboutour environment,and aboutper-
sonsandcarsin particular, thusa singleview of a new ob-
jectof aknown category is enoughfor recognition.

Comparingtwo images– andmoregenerallycomparing
two examples– heavily relieson the de�nition of a good
similarity function. Standardfunctions(e.g. theEuclidean
distancein theoriginal featurespace)areoftentoo generic
andfail to encodedomainspeci�c knowledge; this is why
we proposeto learna similarity measurethat embedsdo-
mainspeci�c knowledge.
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Figure1. Our knowledgeof carsallows usto recognizea new car
model that we have never seenbefore,despitechangesin pose,
light andclutter. This paperproposesanalgorithmthatperforms
suchavisualidenti�cation for never seenobjects.

Moreover, we proposeto learnthis measurefrom equiv-
alenceconstraints. Equivalenceconstraintsconsideredin
this paperarepairsof trainingexamplesrepresentingsimi-
lar or differentobjects.A pair of imagesis not labeled“car
modelX andcarmodelY”, but only “same”or “dif ferent”.
The latter is much more dif�cult becauseit containsless
information: sameor differentpairscanbeproducedfrom
fully labeledexamples,not vice versa. For many applica-
tions,equivalenceinformationis cheaperto obtainthanla-
bels,e.g. for retrieval systems.It is indeedeasierto know
whethertwo documentsaresimilaror not ratherthanto ob-
tain their truelabels,becausethespaceof potentiallabelsis
very large(e.g.all carmodels)anddif�cult to de�ne.

We usethis similarity measurefor visual identi�cation
of never seenobjects. Givena trainingsetof pairslabeled
“same”or “dif ferent”, we have to decideif two never seen
objectsarethesameor not (see�gure 2).
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Figure2. Givenpairslabeled“same”or “dif ferent”, canwe learn
asimilarity measurethatdecidesif two imagesrepresentthesame
object?Thesimilarity measureshouldberobust to modi�cations
in pose,backgroundandlighting conditions,andabove all should
dealwith never seenobjects.

1.1.RelatedWorks

Learningeffective functionsto compareexamplesis an
active topic which received muchattentionduring the last
years.Mostof thecontributionsconsistin �nding afunction
mappingthe featurespaceinto a target spacesuchthat a
simpledistancecaneventuallybeusedin thetargetspace.

This function is generallyinspiredby the Mahanalobis
distance,of the form d(x; y) = (x � y) t A(x � y), like
in [14] or more recently[21, 11, 19, 1, 10, 20]. Various
optimizationschemesarepossibleto estimateA, depend-
ing on theobjective function to besatis�ed. Theobjective
functionplaysa key role in thede�nition of themetric. In
[21, 11] the objective function tries to collapseall exam-
plesof the sameclassandto separateexamplesof differ-
ent classes.In [11], a stochasticvariantof the leave-one-
out k-NN scoreis maximized. In [20], theobjective func-
tion tries to separateexamplesfrom differentclassesby a
largemargin, in ak-NN framework. In [19], themargin be-
tweenpositive pairsandnegative pairsis to bemaximized.
In [1], A is directlycomputedfrom theso-calledchunklets,
whicharethesetsof equivalencerelationsprovidedastrain-
ing data.Themappingcanalsobelearnedwithout explicit
functions,like in [3] whereaconvolutionalnetwork is used
for its robustnessto geometricdistortions.Whenconsider-
ingdistancebetweenimages,morespeci�c functionscanbe
used,embeddingexpecteddeformationsof objectappear-
ances[16, 6, 13].

Unfortunately, noneof thesemethodsis perfectlysuited
for visual identi�cation in images. Unlike traditionalpat-
tern recognitionproblems,informationincludedin images
is subjectto complex transformationssuchas occlusions,
poseandscalechanges,etc.,thatcannotbemodeledeasily
by any kind of linear, quadratic,or otherpolynomialtrans-
formations.

Theusualway to facetheseproblemsis to representim-
agesas a collection of lose scaleinvariant local informa-
tion (gray-scalepatches,SIFT [15] descriptorsor others),
sothatat leastseveralpartsof theimagearenotaffectedby
thesetransformations.This kind of strategy hasbeenused

in [4, 5]; in this case,the key idea is to learnwhat char-
acterizesfeatures(local descriptors)thatareinformative in
distinguishingoneobject instancefrom another. Thereis
alsoanapproachbasedon chopping[7]. However, this ap-
proach,whichreliesonrandombinarysplitschosento keep
imagesof thesameobjecttogether, requiresto have all the
training imagesfully labeledandthereforeit is not usable
in our context. Finally, the recentapproachof Fromeet
al. [8] learnsadistancefunctionfor eachindividual training
imageasacombinationof elementarydistancesbetweenvi-
sualfeatures.Their approachis basedon tripletsof images
(F; I 1; I 2) with F moresimilar to I 1 thanI 2.

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

Ourapproachis alsoinspiredby therecentwork of [17].
Severalkey componentsareresponsiblefor its goodperfor-
mance.First, a bag-of-wordslike modelmakesit robust to
occlusionsandvariousimagetransformations;second,the
useof anensembleof extremely-randomizedtreesmakesit
veryfast(bothfor trainingandtesting)andgivesgoodprop-
ertieswhendealingwith high-dimensionalfeatures(image
patches).

The paper is organizedas follows. In section2 we
presentour approachandin section3 we show experimen-
tal resultsobtainedon differentdatasets.We alsocompare
our resultswith thoseobtainedby severalrecentcompeting
approaches(section3.3).

2. Building a similarity measure fr om patch
correspondences

As explainedearlier, our objective is to build a similar-
ity measurefor decidingwhethertwo imagesrepresentthe
sameobject instanceor not, despiteview point changes,
occlusionsandotherimagetransformations(see�gure 2).
This measureis expectedto give goodresultswhentheob-
jectsinvolved in the comparisonhave never beenseenbe-
fore. Furthermore,thesystemis designedto betrainedfrom
pairs of “same” and “dif ferent” objects,without knowing
their labels:weassumehaving no informationaboutwhich
objectsarein thetrainingpairs.

2.1.Quantizing local differ ences

As in [5], weproposeto observecorrespondinglocal re-
gions sampledfrom pairs of images,but we do not limit
our observationto thedistancebetweentheregion descrip-
tors,we alsowantto describehow theregionsdiffer. Thus,
we proposeto characterizethe differencein appearance
of correspondinglocal regions. Comparingtwo patchesis



Figure3. Similarity computation.(a) Detectcorrespondingpatch
pairs.(b) Quantizethem,i.e. assignthemto clustersvia extremely
randomizedtrees.(c) Thesimilarity is a linearcombinationof the
clustermemberships.

achievedby clusteringthelocal differenceswith anensem-
bleof extremelyrandomizedtrees.

We couldcomputea codebookof patches[18], �nd the
closestcodeword to eachof the two patcheswe want to
compare,andthendecidebasedonthetwo codewordsif the
patchescomefrom similar or differentobjects. The prob-
lem of this approachis that �ne differencesare lost from
thevery �rst step(eachlocal descriptoris quantized).Fine
differencesarenot importantfor genericimagecategoriza-
tion,but they playakey rolefor objectinstancerecognition.
Thus,we decide(1) to computepreciseinformationon the
two patches(e.g. comparingthesameSIFT histogrambin
of thetwo patchesto a threshold),andthen(2) to quantize
thatinformationwith extremely-randomizedtrees.The�rst
stepcharacterizes�ne differences,andthe secondstepre-
ducesthefeaturespacecomplexity. Thissectiondetailshow
wecomputethesequantizeddifferencesof localregions,i.e.
how webuild avocabularyof visualdifferences.

2.2.Overview

Thecomputationof thesimilarity measureis athreestep
processillustratedon �gure 3. (a) Several pairsof corre-
spondinglocal regions(patches)aresampledfrom apairof
images.(b) Eachpatchpair is quantized,i.e. it is assigned
to severalclusterswith anensembleof extremelyrandom-
izeddecisiontrees. (c) Theclustermembershipsarecom-
binedto make a global decisionaboutthe pair of images.
Thesestepsaredetailedbelow.

Figure4. Patchpairssampledon a toy car dataset.Eachimage
pairshows: arandompatchin image1, thesearchregion in image
2 and the bestmatchin the searchregion. All imagepairs are
positive (sameobject)exceptthelastone(differentobjects).

2.3.Computing the similarity of two images

Samplingcorrespondingpatch pairs. Eachpatchpair is
producedasfollows. A patchp1 of a randomsizeis chosen
at a randomposition(x; y) in the �rst imageI 1. The best
normalizedcrosscorrelationmatchp2 is looked for in the
secondimageI 2, in theneighborhoodof (x; y). Theprocess
is illustratedon �gure 4.

Quantizing the spaceof patch pairs. Eachpatchpair
sampledfrom an imagepair is assignedto several clusters
via an ensembleof extremelyrandomizedbinary decision
trees.How we build themis detailedin section2.4. Each
patchpair is input in therootnodeof all trees(see�gure 3).
For eachtree,the patchpair goesfrom the root nodeto a
leaf,at eachnodetheleft or right child nodeis selectedac-
cordingto theevaluationof a simpleteston thepatchpair.
Whenapatchpair reachesa leaf, thecorrespondingleaf la-
bel (i.e. the id of the leaf in theforest)is setto 1. If a leaf
is never reached,it is setto 0. Thus,animagepair is trans-
formedinto a binary vectorx (of sizethe total numberof
leaves),eachdimensionindicatingif a patchpair sampled
fromtheimagepairhasreachedthecorrespondingleaf. The
useof binaryrepresentationto indicateclustermembership
hasbeensuggestedby [17].

The similarity measure. Thelearnedtreesperfectlydis-
criminatethe patchpairs they were trainedon sincethey
weretrainedto do so. However, we arenot usingthetrees
asclassi�ers,but asquantizers,soweconsiderwhichleaves
arereachedby thepatchpairsanddiscardthepredictionof
thedecisiontrees.

The similarity measureis a simple linear combination
of thebinaryfeaturevectorindicatingclustermembership:
Sl in (I 1; I 2) = ! > x, where! containsweightsoptimized
suchthathigh valuesof Sl in correspondto similar images.
In practice,! is the hyperplanenormalof a binary linear
SVM trainedon positive andnegative imagepair represen-
tations.

The weightsarea very convenientway to expresshow
useful a leaf (i.e. cluster) is. Intuitively, a leaf which is
equallyprobablein positiveandnegativeimagepairsshould



not weightmuchbecauseit is not informative. On thecon-
trary, a leafwhichoccursonly in positiveor negative image
pairsshouldweightmore.

2.4.Learning the extremelyrandomized tr ees

All treesarelearnedindependently, accordingto aproce-
duresuggestedby Geurts[9] which is a PerturbandCom-
bine paradigm[2] appliedto decisiontrees. We samplea
largenumberof patchpairsfrom positiveimagepairs(same
object) and negative imagepairs (different objects). We
thencreatea treewith a uniquenode,the root node,that
containsthesepositive andnegative patchpairs. We recur-
sively split thenodesandtheirassociatedpatchpairsto cre-
atea tree: we assigna randombooleansplit conditionto a
node,createtwo sub-nodes,onewith patchesfor which the
conditionis true,theotheronewith theremainingpatches;
we repeatthis procedureaslong asthe sub-nodescontain
positiveandnegativepatchpairs.

Thebooleansplit conditions(detailedin thenext section)
areparametrizedfunctionsevaluatedon thepatchpair. We
generateasmallsetof split conditionswith randomparam-
eters,andkeepthe onewith the highestinformationgain:
I G = H � (n1H1 + n2H2)=n whereH (resp.H 1, H2) and
n (resp.n1, n2) aretheentropy andthenumberof patches
of theparent(resp.�rst child, secondchild).

Weareusingasetof extremelyrandomizedbinarydeci-
siontreesfor severalreasons.First, learningthetreesis fast
becauseunlike boostingor ID3, we arenot looking for op-
timal parametervalues,we areonly selectingthebestones
outof a randomlycreatedsmallset.Second,theuseof sev-
eralextremelyrandomizedtreesdecreasestherisk of over-
�tting, becauseit makesthetreeslesscorrelated[2]. Third,
suchtreeshave beenprovedto provide an interestingclus-
teringof thefeaturespace[17].

2.5.Multi­modal split­conditions

Weproposeandcombinetwodifferentkindsof split con-
ditions. The �rst kind usespixel information, the second
oneusesgeometryinformation.For theformer, we consid-
eredgraylevel pixel values,gradientnormandorientation,
andSIFT descriptors.As SIFT descriptorsalwaysoutper-
form the otheronesin our experiments,we only focuson
SIFTdescriptorsin thispaper.

SIFT basedsplit-conditions. GiventheSIFTdescriptors
S1 andS2 of two patches,thesplit conditionis trueif

k(S1(i ) � d) > 0 ^ k(S2(i ) � d) > 0 (1)

wherei; d; k areparameters.i is theSIFT dimensionunder
observation,d is a threshold,andk = 1 or k = � 1 encodes
if the measuredvalue shouldbe higher or lower than the
threshold.

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

kx (x � dx ) > 0 ^ ky (y � dy ) > 0 ^ ks(s � ds) > 0 (2)

wheredx ; dy ; ds; kx ; ky ; ks are parameters.kx ; ky ; ks are
equalto 1 or � 1 andencodeif thevaluesshouldbeabove
or below thethresholdsdx ; dy ; ds. This split conditioncan
encodecomplex concepts,for examplea largepatchin the
bottomleft cornerof animagemaybe

� 1� (x � 0:25) > 0 ^ 1� (y� 0:75) > 0 ^ 1� (s� 0:5) > 0

For eachtreenode,wegeneraterandombooleantestsof
any type (SIFT/geometry):�rst we randomlydraw a type,
thenwe randomlydraw theparametersit requires.The in-
formationgain is computedfor all thesebooleantests,and
thebestoneis assignedto thenode.

3. Experimental results

We evaluateour similarity measureon four different
datasets:a small datasetof toy carsand threeotherpub-
licly availabledatasets,makingcomparisonswith competi-
tiveapproachespossible.For eachdataset,theobjectsof in-
terestfully occupy theimagesandwehavepairsmarkedas
positive(sameobject)or negative(differentobjects).Those
setsaresplit into a training setanda testset. Obviously,
thetestsetdoesnotcontainany imagefrom thetrainingset,
but it doesnot containany objectof the trainingseteither.
Thesimilarity measureis evaluatedonly on never seenob-
jects(notonly neverseenimages).Thedatasetsaredetailed
below, andthey areillustratedon �gure 5.

The toy carsdataset1 contains225imagesof 14 differ-
entobjects(carsandtrucks).Thetrainingsetcontains1185
positive and 7330 negative imagepairs of 7 different ob-
jects.Thetestsetcontains1044positiveand6337negative
imagepairsof the7 other(new) objects.

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

The Jain facesdataset[12] is a subsetof “Facesin the
news”2 andcontains500positive and500negative pairsof
faces,andwe measureour accuracy like theauthorsby 10
fold crossvalidation. Thatdatasetis built from facessam-
pled“in thenews”, hencetherearevery largedifferencesof
resolution,light, appearance,expression,pose,noise,etc.

The Coil-100 datasetusedby Fleuret& Blanchard[7]
has 10 different con�gurations, each con�guration uses
1000positive and1000negative pairsfrom 80 objectsfor
trainingand250positiveand250negativepairsfrom there-
maining20 (new) objectsfor testing.This datasetis highly

1http://lear.inrialpes.fr/people/nowak
2Wethanktheauthorsfor providing ustheprecisesubset



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 similarand“Same”pairsmaylook differentandtestset
objectsarenever seen,our similarity measureobtainsa very high
performanceonall thesedatasets(seesection3.3).

heterogeneous,asit containscategoriessuchasbins,toma-
toes,boxes,medicine,puppets,mugs,bottles,...

In all experiments,gray-scaleandcolor imagesareall
consideredgray-scale. All datasetshave image pairs of
slightly differentorientations,exceptCoil-100thathasvery
differentorientations.

To evaluatethe performance,we computea Precision-
RecallEqualError Rate(EER PR) scoreon the similarity
measureevaluatedon the test set imagepairs. For each
testsetimagepair, a similarity scoreSl in is computed.A
thresholdt is de�ned to decideif thetwo imagesrepresent
the sameobject instanceor not: Sl in > t means“same”
object,Sl in � t means“dif ferent” objects.ThePrecision-
Recallcurve is obtainedby varyingthethresholdt.

3.1.Parametric evaluation

Wehaveevaluatedthein�uence of all theparametersin-
volved in the similarity measureusingthe toy car dataset.
Figure6 showstheeffectof in�uential parameters.Eachex-
perimentplotsthePrecision-RecallEqualErrorRate(EER-
PR) w.r.t. a parameter. We give the EER-PRof our simi-
larity measureSl in aswell astheEER-PRof a simplevote
basedsimilarity measureSvote thatusesthetreesasclassi-
�ers andnotclusterers,andthuscountsthenumberof patch
pairspredictedas“same”.

We �rst noticethatthelinearsimilarity measureSl in al-
waysoutperformsthesimplesimilarity Svote , whichproves
that treesare more useful as clusterersinsteadof classi-
�ers. Second,let us discussthe different parametersone
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Figure6.Precision-RecallEqualErrorRatefor thetoy cardataset,
with a simplesimilarity measureSv ote andour linear similarity
measureSlin .

by one. The �rst curve shows that the searchregion size
shouldnot be too small (otherwiseit is impossibleto �nd
theexpectedmatch)nor too large(leadingto toomany mis-
leadingmatches).Moreover, if thesecondpatchis selected
randomly, theperformanceis very bad(42.7%,not shown
on thegraph). This shows how crucial thecomputationof
goodpatchpairsis. Thesecondcurve shows that themore
trees,the higherthe performance.This is becausewe ob-
tain moreclusters,andbecausethe clustersarenot corre-
lateddueto the randomnessof the treecomputation.The
third curve shows that the morepatchpairssampledin an
imagepair the higher the performance.We �rst believed



Toy cars Ferencz Faces Coil 100
T+W T T+W T T+W T T+W T

Ferencz 28.0 4.5 0 0 49.2 23.5 35.8 10.1
Coil100 10.0 1.6 9.0 2.4 13.2 2.8 0 0

Table1. Trees(T) andweights(W) arelearnedby our algorithm.
This tableshows the decreaseof EER-PRevaluatedon the Fer-
enczandCoil100datasetswhenthe trees(T) or the treesandthe
weights(T+W) arelearnedonotherdatasets.

that samplingmorewindows increaseschancesto sample
relevant information. But if it weretrue, only Sl in would
progressbecauseit is able to separaterelevant and irrele-
vant information. However, Svote alsoincreases,andthat
measuremakesno differencebetweenrelevant and irrele-
vant information.This meansthatany “weak” information
alsoimprovesthe performance,which con�rms our previ-
ousworks[18] aboutsamplingstrategies.

Also, on average,usingSIFT andgeometryis 1% better
thanusingSIFT only. The increaseis surprisinglylow as
somecategorieshave stronggeometricstructures.But this
is notnegligible.

3.2.Genericversusspeci�c knowledge

Our algorithmlearnstwo typesof informationfrom the
training data: the treesand the weightsof the similarity
measure.It is interestingto investigatehow muchcategory
speci�c knowledge is embeddedduring training. Doesthe
algorithmlearngenericrules,or doesit useheuristicsspe-
ci�c to thedatasetit is trainedon? Elementsof theanswer
arepresentedin Table1. It shows,for two datasets,how the
EER-PRdecreaseswhenotherdatasetsareusedfor learn-
ing. Whentestingonadataset,anotherdatasetmaybeused
to learnthe treesandtheweights(T+W), or the treesonly
(T), in which casethe weightsare learnedon the training
setof thegooddataset.

First, we observe that the bestperformanceis achieved
whentraining andtestareperformedon the samedataset,
whichmeansthatcategoryspeci�c knowledgeis embedded
duringlearning.Second,learningthetreesandtheweights
on anotherdatasetis alwaysmuchworsethanlearningthe
treesonly. It meansthat theweightsallow to useany clus-
terer, althoughtheperformanceis betterwhenthebestclus-
tereris used.Third, it is moreimportantto usetheappro-
priatedatasetto learnthetreesfor theFerenczdatasetthan
for the Coil 100 dataset.This is becauseCoil 100 images
mayhaveany orientationandany shape,andthey represent
verydifferentobjects,whereastheFerenczdatasetcontains
alignedimagesof carsseenfrom pro�le, which makes it
easierto learnveryspeci�c (anduseful)information.

Method Toy cars Ferencz Faces Coil 100
Others - 84.9[4] 70.0[12] 88.6� 4 [7]
Ours 85.9� 0.4 91.0� 0.6 84.2� 3.1 93.0� 1.9

Gain - 6.1 14.2 4.4

Table2. PR-EERon differentdatasets.Our methodclearly out-
performstheothers.

Method Recall40% Recall60% Recall80%
Jain[12] 93.0� 6.3 78.9� 8.2 60.1� 7.0

Ours 99.0� 1.9 97.8� 2.5 86.3� 7.6

Table3. Precisionon theJainfacesdatasetfor givenrecall.

3.3.Performanceandcomparisonwith state­of­the­
art competitiveapproaches

Wereporttheperformanceof ouralgorithmandcompare
ourresultswith stateof theartmethodsonthefour datasets.
For eachdataset,the experimentsarecarefully performed
with thesameprotocolastheoneusedin themethodcom-
paredto. Resultsaresummarizedin Table2.

For all theseexperimentson the differentdatasets,we
usethesameparameters:thenumberof positive andnega-
tive patchpairssampledto learnthetreesis setto 105, the
numberof randomsplit conditionsamongwhich the best
oneis selectedis 103, the numberof treesin the forest is
50, thenumberof patchpairssampledto computethesimi-
larity is 103, thesecondpatchsearchregionsizeis increased
of 1 time the sizeof the patchin all directions,leadingto
a searchregion 9 times larger than the original patch,the
minimum patchsamplingsize is set to 15x15pixels, and
the maximumis set to one half of the imageheight. On
average,theproducedtreeshave20 levels.

Toy car dataset. On our toy car dataset,we obtain a
precision-recallequalerror rate (EER PR) of 85.9%� 0.4
measuredon 5 runs. Using a simple NormalizedCross-
Correlation (NCC) as a similarity measureleads to an
EERPRof 51.1%.This is anew datasetfor whichnoother
resultsarepublishedyet.

Ferencz & Malik dataset. On the Ferencz& Malik
dataset,we obtainanEER-precisionof 91.0%� 0.6,where
Ferencz& Malik [4] get 84.9%. Figure7 shows pairsof
carsrankedby similarity.

Facesin thenewsdataset.Jain[12] greatlyoutperforms
the top performerin theFERETfacerecognitioncompeti-
tion on their facedataset,andwe largely outperformtheir
results.TheEER-PRreportedin Table2 (70%)is approxi-
matesincewehaveestimatedit from acurve in theirpaper,
thuswe alsoprovide a comparisonwith thesamemetricas
they use,theprecisionscorefor givenrecallvalues,seeTa-
ble3. Wealwaysoutperformtheirresults,andareeven26%
betterfor a 80%recall. Moreover, Jainis working on face
imagesrecti�ed to frontal pose,whereaswe are working
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Figure 7. Test set image pairs from Ferencz& Malik dataset,
line 1: the two most similar pairs, line 2: the two leastsimilar
pairs, line 3: the two leastdifferentpairs, line 4: the two most
differentpairs(accordingto thelearnedsimilarity measure).
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Figure 8. Test set facepairs ranked by our similarity measure:
line 1: two very similar pairs, line 2: two similar pairs, line 3:
two differentpairs,line 4: two verydifferentpairs.

on theoriginal faceimages.Figure8 shows pairsof faces
rankedby similarity.

Coil-100 dataset. On theCoil-100dataset,we have an
EER-PRof 93.0%� 1.9whereFleuret& Blanchard[7] have
88.6%� 4. Moreover, themethodof FleuretandBlanchard
usesthe information of the real object categories during
training, whereaswe only know if two imagesbelongto
thesamecategoryor not.

Figure 9. 2D multidimensionalscaling representationof never
seentoy car images. Top: similarity measurebasedon bag-of-
words representationandEuclideandistance.Bottom: our sim-
ilarity measure,that perfectly groupsthe different views of the
sameobject.

3.4.Visualizing the similarities

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

Thereforewe computea 2D mappingof imagesusing
the learnedsimilarity function by applyinga multidimen-
sional scalingtechnique(MDS). It computesthe 2D pro-
jection preservingasmuchaspossibleall pairwiseimage
similarities(Sammonmapping).This mappingcanbeseen
on Figure9, bottom. It is surprisingto seehow well dif-
ferentviews of sameobjectsaregroupedtogetherdespite
largeintra-classvariations,high inter-classsimilaritiesand
despitethe fact that thesecarsarevery different from the
onesusedto learnthedistance.Thetopof the�gure shows
the samemappingusingonly bag-of-word representations
of imagesandtheEuclideandistance.



Figure10.All positive patchpairscontainedin a nodeduringtree
learningon thefacedataset.

4. Discussionand Conclusion

Weareaddressingtheproblemof predictinghow similar
two imagesof never seenobjectsare,given a setof simi-
lar anddifferenttrainingobjectpairs. We proposea novel
methodconsistingin (a)�nding correspondinglocalregions
in a pair of images(b) quantizing(clustering)themwith an
ensembleof extremelyrandomizedtreesand(c) combining
theclustermembershipsof thelocalregionpairsto compute
aglobalsimilarity measurebetweenthetwo images.

Our algorithm automaticallyselectsand combinesge-
ometryandSIFT features.We have shown that it doesnot
performagenericsimilarity computation,but thatit embeds
knowledgespeci�c information,via theconstructionof the
treesandthecomputationof theoptimalweights.

Our experimentsshow thatour approachgivesexcellent
resultson thefour datasetsusedfor evaluation.We greatly
outperformthe latestresultsof Ferenczet al. [4], Vidit et
al. [12] andFleuretetal. [7], andobtainahighaccuracy on
ourown dataset.

We are currently extendingour approachto recognize
similar objectcategoriesfrom a trainingsetof equivalence
constraints.Positive imagepairsmaycontaintwo different
modelsof bikes,cars,motorbikes,etc.Thisis moredif�cult
thandealingwith positivepairsof thesamemodel,because
it is harderto obtaintwo local regionsthatmatchfrom im-
agesof two differentmodels,moreover if the objectsmay
haveany orientationandscale.

The toy car dataset,binariesandother informationare
availableathttp://lear.inrialpes.fr/people/nowak.
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