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Abstract

Objectidenti�cation (OID) is specializedrecognitionwhere
the category is known(e.g. cars) and the algorithm recog-
nizesan object's exact identity(e.g. Bob'sBMW).Two spe-
cial challengescharacterizeOID. (1) Inter-classvariationis
oftensmall(manycarslookalike)andmaybedwarfedbyil-
luminationor posechanges.(2) Theremaybemanyclasses
but few or just onepositive“tr aining” examplesper class.
Due to (1), a solution must locate possiblysubtleobject-
speci�c salientfeatures(a door handle)while avoidingdis-
tractingones(a specularhighlight). However, (2) rulesout
direct techniquesof feature selection. We describean on-
line algorithm that takes one model image from a known
categoryandbuildsanef�cient “same” vs.“dif ferent” clas-
si�cation cascadebypredictingthemostdiscriminativefea-
ture setfor that object. Our methodnot only estimatesthe
saliencyandscoringfunctionfor eachcandidatefeature, but
also modelsthe dependencybetweenfeatures,building an
orderedfeature sequenceuniqueto a speci�c modelimage,
maximizingcumulativeinformationcontent.Learnedstop-
ping thresholdsmake the classi�er very ef�cient. To make
this possible, category-speci�c characteristicsare learned
automaticallyin anoff-line trainingprocedure fromlabeled
image pairs of thecategory, withoutprior knowledge about
thecategory. Ourmethod,usingthesamealgorithmfor both
carsandfaces,outperformsa widevarietyof othermethods.

1. Intr oduction
Objectidenti�cation is specializedobjectrecognitionwhere
thecategory is known (e.g.facesor cars)andonemustrec-
ognizethe exact identity of objects. The classesto be dis-
tinguishedarenot categories,e.g.carsversusnon-cars(the
problemof Object Categorization),but ratherspeci�c ob-
jects,like Bob's BMW or Jen's Ford. The hierarchicalna-
ture of categoriessuggestsa continuumbetweenthesetwo
problems:vehiclesto carsto sedansto Phil's sedan.In this
paper, we focuson theidenti�cation endof this continuum,
wheretheObjectIdenti�cation (OID) problemposesdiffer-

Figure 1: An Identi�cation Problem: Which cars match?
Thetwo carson theleft werephotographedfrom camera1.
Which of the four imageson the right, taken by camera2,
matchthecarson theleft?

entchallengesthanits coarsercousin,ObjectCategorization
(OC).Speci�cally, in OID problems(1) theinter-classvari-
ation is often small (many carslook alike), andthis varia-
tion is often dwarfedby illumination or posechanges(see
Fig. 1); and(2) therearemany classes(eachobjectis a sep-
arateclass)but few (in our casejust one) positive “train-
ing” examplesperclass(e.g.oneimagerepresenting“Bob's
BMW”).

Peopleare good at identifying individual objectsfrom
familiar categoriesafter seeingthemonly once. Consider
faces. We zero in on discriminative featuresfor a person
suchasa prominentmoleor unusuallythick eyebrows, yet
arenotdistractedby equallyunusualbut non-repeatablefea-
turessuchasamessystrandof hairor illuminationartifacts.
Domainspeci�c expertisemakesthis possible:having seen
many facesonelearnsthata messystrandof hair is not of-
tena reliablefeature.Humanvision researchersreportthat
acquisitionof this expertiseis accompaniedby signi�cant
behavioral andphysiologicalchanges.Diamondet al. [3]
showed that dog expertsperform dog identi�cation differ-
entlythannonexperts;Tarretal. [12] arguedthatthebrain's
fusiform faceareadoesvisual processingof categoriesfor
whichexpertisehasbeengained.

The processesthat occur during Object Categorization
(OC) andObjectIdenti�cation (OID) canbeformally char-
acterized.In functionalnotation,thestagesfor OCare

1. (Off-line) trainerTcat : classtrainingimages7! Ccat ,
2. (On-line)classi�er Ccat : testimage7! classlabel.
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Thereis nothingnovel here,just the standardparadigmof
statisticallearning.It reliesimplicitly onhaving enoughex-
amplesof eachclassto learndiscriminative features.

For OID, weassumeoff-line accessto plentyof examples
of thecategory(cars,dogs,faces).Wethenmustdevelopan
on-line classi�er for a future imageof Bob's BMW, given
only oneexampleof it. We decomposetheon-lineprocess
into two stages:(a) producingan “identi�er”, a classi�er
specializedto reidentify a speci�c objectbasedon a single
exampleof it, and(b) runningthe“identi�er” on theincom-
ing datastream. Theseon-line stagesareprecededby the
off-line processof learningcategoryspeci�c characteristics,
resultingin an“identi�er generator”.Thus,thethreestages
for OID are

1. (Off-line) trainerTid : categorytrainingimages7! H id ,
2. (On-line)identi�er generatorH id : objectimage7! Cid ,
3. (On-line) classi�er Cid : test image7! f same,differ-

entg.
We stressthatstep1 learnscategoryspeci�c characteris-

tics, while step2 createsan objectspeci�c classi�er. Now
weaddressdetails.

First we needto pick a family of classi�ers Cid . Moti-
vatedby thesuccessof patch(a.k.a.partor fragment)based
representations([13, 14]) for OC, we usethemfor OID as
well. Speci�cally, we develop an OID systemwhosegen-
eratedclassi�er Cid (step3) is a patch-basedclassi�cation
cascadesimilar to that of Vidal-Naquetet al. [13], where
evidencefrom featuresis accumulatedincrementallyuntil a
“same”or “dif ferent”decisioncanbemade.Thetricky part
is to giveH id theability to pick outobjectspeci�c discrim-
inative features(e.g.a prominentdoor handlein onecar, a
roof rack in another). But how canwe know that a patch
containinga prominentdoorhandleis discriminative,based
on a singleimage, whenwe have never seena doorhandle
exactly like it before?

Thecoreof our approachis to usehyper-features, which
are generic position and appearancecharacteristicsof a
patch. Examplesincludelocationof a patch,edgecontrast
in thepatchandthedominantorientedenergy in thepatch.
We might, in the processof becominga car identi�cation
expert,expectto learnthatpatchesabouthalf-way up with
strongedgecontrastanda dominanthorizontalorientation
are particularly informative. When given the speci�c ex-
ampleof Bob's BMW, the identi�er generatorH id could
producean object-speci�ccascadewith the �rst testbased
on thepatchcontainingthedoorhandle.Whereasfor Jen's
Ford,thesamesetof hyper-featureswill resultin adifferent
orderingof salientpatches,resultingin a differentclassi�-
cationcascadewith the�rst testusingapatchcontainingthe
roof rack(seeFig. 3).

More precisely, to instantiateCid (step2), the function
H id is givena singleimageof theobject(e.g.Bob'sBMW)
andproducesasequenceof patchesorderedfrommostinfor-

mative to least,thatmaximizesthe cumulative information
content.This sequenceis object-speci�c,andmay empha-
sizedifferentpartsof eachobject.

The off-line training Tid (step 1), given a set of im-
agepairs from the category, eachpair labeled“same” or
“dif ferent,” producesa class-speci�cH id by learning(a) a
saliency andscoringmodelfor imagepatchesasa function
of patchcharacteristicslikepositionandappearance(hyper-
features), (b) a dependency modelbetweenimagepatches
basedon similarity of their hyper-features,and(c) a setof
thresholdsfor thecascade.Thespeci�c hyper-featuresused
are themselves automaticallyselectedduring this training
stepfrom a largepool of candidatepatchcharacteristics.

In contrastto someother“one-shot”learningalgorithms
[11, 4], whereoff-line training involves�nding priors for a
�x edmodel,our Tid actuallylearnshow to identify anarbi-
trary numberof goodfeaturesfor thegivencategory. Thus
our �nal classi�er Cid , while always a cascadeof image
patchestaken from the modelobject,will have a different
setof patches(in size,location,andcount)for eachobject.
To scorea patchfrom a modelimageandits correspondent
in a testimage,our techniqueusesgeneralizedlinearmod-
els (GLMs) to estimatea generative modelfor thedissimi-
larity betweenpatchpairs.“Same”and“dif ferent”distribu-
tionsbasedon thehyper-featuresof thepatchareestimated.
Thesedistributionsareusedbothto estimatethesaliency of
a patch(by computingtheexpectedmutualinformationbe-
tweenthedissimilarityanddecisionvariables)andto score
apatchpairby comparingthelikelihoodunderthesameand
differentdistributions. By estimatingbivariate“same” and
“dif ferent” distributionsfor neighboringpatches,we model
thedependency relationships,allowing us to computea se-
quenceof patcheswith high joint informationcontent.

Section2 summarizesour previously publishedwork on
usinghyper-featuresfor visual identi�cation [5]. Thatwork
hada seriouslimitation: it assumedthat the patcheswere
independent. This assumptionis clearly false, especially
for nearbyandoverlappingpatches.To make that system
work, we allowedonly a singlepatchsizeandaddeda sim-
ple penaltytermfor a patchthatwasnot a local maximum.
Herewe allow thesystemto pick patchesof varyingsizes,
forcing us to model the patchdependencies.This model
andits estimationfrom thetrainingdatais describedin Sec-
tion 3. With thisdependency model,webuild thecascadein
Section4 by �nding stoppingthresholdsfor making“same”
or “dif ferent” decisions.Section5 detailsour extensive ex-
perimentsoncarandfacedatasets.

2. Learning Hyper-Features
We begin by outlining thebasiccomponentsof our system,
someof which werepreviouslydetailedin [5]. As themain
focusof thispaperis modelingpatchdependency (Section3)
andbuilding theclassi�cationcascade(Section4), we only
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summarizethesecomponentsandaskthereaderto refer to
[6] for additionaldetailsand motivationsfor our choices.
We describethe training (Tid ), identi�er generating(H id ),
and classi�cation (Cid ) functionsin reverseorder, starting
with the �nal form of the object-speci�cclassi�er. In the
following, we assumethatall imagesareknown to contain
objectsof the given category (e.g. carsor faces)andhave
beenbroughtinto roughcorrespondence(seeSection5 for
details).

2.1. Classi�er Cid

Theclassi�er Cid decidesif a test(a.k.a.right) imageI R is
thesame(C = 1) or different(C = 0) thanthemodel(a.k.a.
left) imageI L it wastrainedfor.

Patches. Our classi�er consistsof a sequenceof im-
agepatchesfrom the probeimageI L anddenotedF L

j for
1 � j � m. Unlike our previousalgorithmfrom [5], these
patchescan have different sizesand resolutions(by using
different levels of a Gaussianpyramid). Generallyspeak-
ing, largerpatchesaresampledat lowerresolutions,keeping
thecomplexity of thepatchesapproximatelyconstant.The
gray-scale(we currentlydon't usecolor information)pix-
els of the patchare encodedby applyinga �rst derivative
Gaussianodd-symmetric�lter at four orientations(horizon-
tal, vertical,andtwo diagonal),giving four signednumbers
perpixel.

Matching. Each encodedpatch F L
j is matchedto an

equally sizedareain the test imageI R , by searchingfor
the most similar patch F R

j within somesmall neighbor-
hoodaroundtheexpectedlocation(accordingto thecoarse
alignment). The distancefunction that this searchmini-
mizesis one minus the normalizedcorrelationdj = 1 �
CorrCoef(F L

j ; F R
j ) betweentheencodedpatches.The ap-

pearancedistancedj is usedasevidencefor decidingif I L

andI R arethesame(C = 1) or different(C = 0).
Lik elihood Ratio Score. To convert dj to a score,

Cid stores probability distributions P(D j jC = 1) and
P(D j jC = 0) for eachpatchandcomputesthe log likeli-
hoodratio. (Note:dj refersto thespeci�c measureddistance
for a givenmodelandtestimage,while D j denotestheran-
domvariablefrom which dj is a sample).After m patches
have beenmatched,assumingindependence,we scorethe
matchbetweenimagesI L andI R usingthesumof log like-
lihoodratiosof matchedpatches:

R =
mX

j =1

log
P(D j = dj jC = 1)
P(D j = dj jC = 0)

: (1)

To computethis, we mustevaluateP(D j = dj jC = 1)
and P(D j = dj jC = 0). In our system,both of these
will take the form of gammadistributions�( dj ; � C =1

j ) and
�( dj ; � C =0

j ), wheretheparameters� C =1
j and� C =0

j arede-
�ned aspart of theclassi�er Cid for eachpatchandareset

by H id basedonhyper-features.
Making a Decision. In [5], Cid matcheda �x ednumber

of patches(m), computedthe scoreR by Eq. 1, andcom-
paredit to a threshold� . R > � meantthat I L and I R

arethesame.Otherwisethey aredeclareddifferent.In Sec-
tion 4 of this paper, we de�ne a cascadefrom thesequence
of patchesby applyingthresholdsaftereachpatchhasbeen
matched.

To summarize,theclassi�er Cid is de�ned by a sequence
of patchesof varying sizes(denotedF L

j ) taken from the
probeimageI L . Additionally, a pair of parameters� C =1

j

and� C =0
j that de�ne the distributionsP(D j jC = 1) and

P(D j jC = 0) areassociatedwith eachpatch.

2.2. Classi�er Generator H id

Theclassi�er generatorH id musttake in asinglemodelim-
ageI L of a new object from the given category and pro-
duce a sequenceof patchesF L

1 ; :::; F L
m and their associ-

atedgammadistribution parameters,� C =1
1 ; :::; � C =1

m and
� C =0

1 ; :::; � C =0
m , for scoringbasedon the appearancedis-

tancemeasurementdj (which is measuredwhenthe patch
F L

j is matchedto a locationin a testimageI R ).
Estimating � C =1

j and � C =0
j . Sincebeing able to es-

timatea good� C =1
j and� C =0

j for any patchj is alsothe
key to picking goodpatches,we startwith this step. Con-
ceptually, we want � C

j to be in�uenced by what patchF L
j

looks like andwhereit is on the object(seethe discussion
of hyper-featuresin Section1). First, we extract a prede-
�ned set of hyper-featuresfrom the patchsuchas [x pos,
x pos2, size, resolution , contrast3, vertical energy, ...].
LetZ j = [Z1; :::; Z l ]

T beavectorof thesehyper-featuresfor
patchj , andlet � C

j beparameterizedas� = f � j ; 
 j g. Now
we de�ne a generalizedlinear model (GLM) [10], which
links thesehyper-featuresZ to thegammadistribution(�())
modelfor P(D j jC = 1) andP(D j jC = 0):

P(D j jZ; C) = �( dj ; � �
C � Z j ; � 


C � Z j ); (2)

wherethe secondand third argumentsto �() are mean
� and shape
 parameters. Each � (there are four of
these� �

C =0 ; � 

C =0 ; � �

C =1 ; � 

C =1 ) is a vectorof parameters

of length l that weightseachhyper-featuremonomialZ i .
Thekey point to noticeis thatgivena hyper-featureencod-
ing (thede�nition of which patchcharacteristicsto extract)
andthe linear weights� , we canestimatethe distributions
P(D j jC = 1) andP(D j jC = 0) for any probeimagepatch
F L

j , basedon its positionandappearance.
Estimating Saliency. If wede�ne thesaliency of apatch

as the amountof information about the decisionC likely
to be gainedif the patch were to be matched,then it is
straightforward to estimatesaliency given P(D j jC = 1)
and P(D j jC = 0). Intuitively, if P(D j jC = 1) and
P(D j jC = 0) are similar distributions, we don't expect
muchuseful informationfrom a valueof dj . On the other
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hand,if thedistributionsarevery different,thendj cantell
us a greatdeal aboutour decision. Formally, this can be
measuredas the mutual information betweenthe decision
variableC andtherandomvariableD j . Formally, this can
bemeasuredasthemutualinformationbetweenthedecision
variableC andthe randomvariableD j (we assumeequal
priorsonC, P(C = 0) = P(C = 1) = 0:5):

I (D j ; C) = H (D j ) � H (D j jC):

HereH () is Shannonentropy. The key fact to noticeis
that this measurecanbe computedjust from the estimated
distribution of D j (which, in turn, wereestimatedfrom the
positionandappearanceof themodelpatchF L

j ) beforethe
patchhasbeenmatched.

Finding Good Patches. The above mutual information
formulaallowsustoestimatethesaliency of any patch.Thus
de�ning a sequenceof patchesto examinein order, from
amongall candidatepatches,is straightforward: for each
candidatepatchestimatethedistributionsP(D j jC) from the
hyper-features;computethe mutual informationI (D j ; C);
sort the patchesby I (D j ; C); andtake the top m patches.
Theproblemwith this procedureis that thepatchesarenot
independent:oncewehavematchedapatchF L

j , theamount
of additional information we are expectedto derive from
matchingapatchF L

i thatoverlapsF L
j is lessthenI (D i ; C)

wouldsuggest.Wediscussasolutionto thisproblemin Sec-
tion 3.

However, assumingthatthis dependency problemcanbe
solved, we have a completealgorithm for generatingthe
classi�er Cid from a singleimage,givena de�nition of the
hyper-featuresto extract(thepatchstatisticsZ) andthelin-
earweights� .

2.3. Off-line Training Tid

The task of the off-line training step Tid is to de�ne the
hyper-featureencodingZ and to learn the weights � that
link this encodingto the distributions P(D j jC = 1) and
P(D j jC = 0). Thisstepis givenalargecollectionof image
pairsfrom thecategory, whereeachleft-right imagepair is
labeledas“same”or “dif ferent”. A largenumberof patches
F L

j are sampledfrom the left imagesand matchedto the
right images(by �nding thebestmatchingF R

j ) in thesame
manneras during classi�cation Cid (seeMatching in Sec-
tion 2.1), and the appearancedistancedj is recorded.For
eachpatch,a large setof candidatehyper-featuresarealso
extractedfrom thepositionandappearanceof theleft patch
F L

j . This datagivesrise to 2 generalizedlinear regression
problems:onefor the “same” (C = 1) setandonefor the
“dif ferent” (C = 0) set. Our solution involves(1) a fea-
tureselectionstepwhich �nds a hyper-featureencoding(Z)
by choosinga smallsubsetfrom thecandidatesetof hyper-
features,and(2) amaximumlikelihoodestimationstepto �t
� �

C =1 ; � 

C =1 and� �

C =0 ; � 

C =0 .

Figure2: Patch Correlations.Oneachimage,thepatchesmost
correlatedwith the white-circledpatchareshown. Notice that in
theleft image,wherethepatchsitsin anareawith a highly visible
horizontalstructure,the mostcorrelatedpatchesall lie along the
horizontalfeatures. Contrastthis with the right image,showing
correlationof patcheswith a patchsitting on a wheel,wherethe
most correlatedpatchesare thosethat strictly overlap the white-
circledpatch.

Figure3: TheTenMost InformativePatches.Thetenrectan-
glesoneachobjectshow thetoptenpatchesouralgorithmselected
for theclassi�cationcascadefor thatobject. Thefacemodelseems
to preferfeaturesaroundtheeyes,while thecarmodelstendto like
wheels.Notice,however, thatevenwithin a category eachcascade
is unique,highlightinginterestingappearancefeaturesfor thatob-
ject. The patchesarecolor codedaccordingto their order, from
darkred(1) to darkblue(10).

3. Modeling Pairwise Relationships
BetweenPatches

In Section2, we describedour model to scorea probeim-
agepatchF L

j andits bestmatchF R
j by modelingthedistri-

bution of their distancein appearance,D j , conditionedon
the matchvariableC. Furthermore,in Section2.2, we de-
scribedhow to infer thesaliency of thepatchF L

j for match-
ing basedonthesedistributions.As wenotedin thatsection,
this works for picking the �rst patch,but is not optimal for
picking subsequentpatches:oncewe have alreadymatched
andrecordedthe scoreof the �rst patch,the amountof in-
formationgainedfrom a nearbypatchis likely to besmall,
becausetheir scoresarelikely to be correlated.Intuitively,
thenext chosenpatchwould ideallybeahighly salientpatch
whoseinformation aboutC is as independentas possible
from the �rst patch. Similarly, the third patchshouldcon-
siderboththe�rst andthesecondpatches.

Let F L
(k) representthe kth patchpicked for the cascade

and let F L
(1 :::n ) denotethe �rst n of thesepatches. As-
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sumewe have alreadypickedpatchesF L
(1 :::n ) andwe wish

to choosethe next one,F L
(n +1) , from the remainingsetof

F L
j 's. We would like to pick the one that maximizesthe

informationgain or theconditionalmutualinformation:

I (D (n +1) ; CjD (1 :::n ) ) = I (D (1 :::n +1) ; C) � I (D (1 :::n ) ; C):

This quantity is dif�cult to estimate,dueto the needto
model the joint distribution of all D (1 :::n ) patches. How-
ever, notethattheinformationgainof anew featureis upper
boundedby the informationgain of that featurerelative to
any singlefeaturethathasalreadybeenchosen.Thatis,

I (D (n +1) ; CjD (1 :::n ) ) � min
1� i � n

I (D (n +1) ; CjD ( i ) ): (3)

Thus,ratherthanmaximizingthe full informationgain,
we selectthenew featurethatmaximizesthis upperbound
on theamountof “new” information:

argmax
j

min
i

I (D j ; CjD ( i ) ); (4)

where i variesover the alreadychosenpatches,and j
variesover theremainingpatches.This formulation(Eq.4)
followsthatof Vidal-Naquetet al. [13].

3.1. DependencyModel
To compute(4), we needto estimateconditionalmutualin-
formationsof theform

I (D j ; CjD ( i ) ) = I (D j ; D ( i ) ; C) � I (D ( i ) ; C):

In Section2.2, we showed that we can determinethe
secondterm, I (D ( i ) ; C), from the estimatedgammadis-
tributions for P(D ( i ) jC = 1) andP(D ( i ) jC = 0). Sim-
ilarly, to calculate I (D j ; D ( i ) ; C), we need an estimate
of the bivariatedistributions for P(D ( i ) ; D j jC = 1) and
P(D ( i ) ; D j jC = 0). If the D ( i ) andD j are independent
conditionedonC, thenthesearestraightforwardto compute
from the known marginal distribution parametersfor D ( i )

andD j . To modelthedependentcase,we employ Kibble's
bivariategammadistribution[8], whichhasfour parameters:
K (� 1; � 2; 
 ; � ), 0 < � < 1. � 1 and� 2 aremeanparameters
for the marginals,and
 is a dispersionparameterfor both
marginals(the formulationrequirestheseto beequal). � is
thecorrelationbetweenD ( i ) andD j , andvariesfrom 0, in-
dicatingfull independenceof themarginals,to 1, in which
themarginalsarecompletelycorrelated.

To make this formulationwork, themarginaldistribution
parametersmustbeconstrainedto beequal(� C =1

j = � C =1
( i ) ,

aswell as
 C =1
j = 
 C =1

( i ) )1. Therefore,for thecomputation
of theconditionalmutualinformationof D j conditionedon

1Morepreciselythe
 's mustbeequal(this is arequirementof Kibble's

formulation),while the� 's mustsatisfy
� C =1

j

� C =1
( i )

=
� C =0

j

� C =0
( i )

D ( i ) , we forcethemarginal distribution of thealreadycho-
senpatch(D ( i ) ) to be equalto themarginal distribution of
the patchcurrentlybeingconsidered(D j ). Given that our
methodfor comparingall patchesis thesame,namelynor-
malizedcorrelation,this usually meansa very minor per-
turbationto theestimateddistribution of D ( i ) whenthetwo
patchesarestronglycorrelated.Ontheotherhand,whenthe
marginalsareoriginally fairly different,thetwo patchestend
to be uncorrelated.In this case,the exact shapesof D ( i ) 's
distributionsarelessrelevantto thecomputationof Eq. (4).
Sincewe arealwayssettingthe�rst two parametersof Kib-
ble'sdistribution to bethesame,we will henceforthwrite it
with threeparameters(e.g.K (� C =0

j ; 
 C =0
j ; � )).

3.2. Predicting Patch Corr elations fr om
Hyper-Feature Differences

Giventheabove formulation,we have reducedtheproblem
of �nding the next bestpatch,F L

(n +1) , to the problemof
estimatingthecorrelationparameter� of Kibble's bivariate
gammadistributionfor any pairof patchesF L

( i ) (oneof then
patchesalreadyselected)andF L

j (a candidatefor F L
(n +1) ).

Theintuition is thatpatchesthatarenearbyandoverlapping
or thatlie on thesameunderlyingimagefeatures(for exam-
ple thehorizontalline on thesideof thecarin Figure2) are
likely to behighly correlated,whereastwo patchesthatare
of differentsizesandfarawayfrom oneanotherarelikely to
belessso.

We model � , the last parameterof K (� C =1
j ; 
 C =1

j ; � )
andK (� C =0

j ; 
 C =0
j ; � ), similarly to our GLM estimateof

its other parameters(seeSection2.2): we let � be a lin-
ear function of the differenceof varioushyper-featuresof
the two patches,F L

( i ) and F L
j . Clear candidatesfor these

covariatesare the differencein position and size of the
two patches,aswell assomeimage-basedfeaturessuchas
the differencein the amountof contrastwithin eachpatch.
To ensure0 < � < 1, we use a sigmoid link function
� = (1 � exp(� � Y )) � 1, whereY is our vectorof hyper-
featuredifferencesand� is theGLM parametervector.

Givenadatasetof patchpairsF L
( i ) andF L

j andassociated
distancesd( i ) anddj (foundby matchingthe“left” patches
to a “right” imageof thesameor of a differentobject),we
estimatethe linear coef�cients � . This is doneby maxi-
mizingthelikelihoodof K (� C =1

j ; 
 C =1
j ; � ) usingdatataken

from imagepairsthatareknownto bethe“same”(� C =1
j and


 C =1
j areestimatedfrom F L

j by themethodof Section2.3
andare�x edfor this optimization).andK (� C =0

j ; 
 C =0
j ; � )

using datataken from “dif ferent” imagepairs. Also sim-
ilarly to Section2.3, we choosethe encodingof Y auto-
matically, by the methodof forward featureselection[7]
over candidatehyper-featuredifferencevariables.As antic-
ipated,thetoprankedvariablesencodeddifferencesin posi-
tion, size,contrast,andorientationenergy. Our �nal model
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usesthetop10variables.

4. Building the Cascade
Now thatwehaveamodelfor patchdependence,wecancre-
atea sequenceof patchesF L

j (seeSection2.2) that, when
matched,collectively capturethe maximumamountof in-
formationaboutthe decisionC (sameor different?). The
sequenceis orderedsothat the �rst patchis themostinfor-
mative, thesecondslightly lesssoandsoon. The�nal step
of creatinga cascadeis to de�ne early stoppingthresholds
on the log likelihoodratio sumR that canbe appliedafter
eachpatchin the sequencehasbeenmatchedandits score
addedto R (seeSection2.1).

We assumethat we aregiven a global threshold� (see
Section2.1) thatde�nesa globalchoicebetweenselectivity
and sensitivity. What remainsis the de�nition of thresh-
oldsat eachstep,� C =1

(k) and� C =0
(k) , which allow thesystem

to accept(declare“same”) if R > � C =1
(k) or reject(declare

“dif ferent”) if R � � C =1
(k) , otherwisecontinueby matching

patchk+ 1. To learnthesethresholds,werunH id ontheleft
imagesandtheresultingclassi�er Cid ontheright imagesof
our trainingdataset.Thiswill produceaperformancecurve
for eachchoiceof k, thenumberof patchesincludedin the
classi�cationscore,includingk = m, thesumfor which� is
de�ned. Ourgoalfor thecascadeis for it to makedecisions
asearlyaspossible(tight thresholds)but, onthetrainingset,
nevermakea mistake on any pair which wascorrectlyclas-
si�ed usingall m patchesandthe threshold� . Thesetwo
constraintsexactlyde�ne thethresholds� C =1

(k) and� C =0
(k) .

5. Resultsand Conclusion
Thegoalof this work wasto createanidenti�cation system
thatcouldbeappliedto differentcategories,wherethealgo-
rithm would automaticallylearn(basedon off-line training
examples)how to selectcategory-speci�c salient features
from anew image.In thissection,wedemonstratethatafter
category training,our algorithmis in factabletake a single
imageof anovelobjectandsolelybasedonit createahighly
effective“same”vs. “dif ferent”classi�cationcascadeof im-
agepatches.Speci�cally, we wish to show that for visual
identi�cation eachof thefollowing leadsto animprovement
in performancein termsof accuracy and/orcomputational
ef�ciency:

1. breakingthe objectup into patches(a.k.aparts,frag-
ments),matchingeachoneseparatelyandcombining
theresults,

2. differentiating patchesby estimating a scoring and
saliency function for eachpatch(basedon its hyper-
features),

3. modelingthe dependency betweenpatchesto createa
sequenceof patchesto beexaminedin order, and

Figure4: ExampleModel-TestClassi�cations. Eachpair of
imagesshows a modelanda testimage,whichhasbeenlabeledas
“same”or “dif ferent”by ouralgorithm.Thepatchesthatwereused
in thecascadefor thattestimageareindicatedfor eachpair, where
the order is color codedfrom red to blue. The �rst 3 rows show
correctclassi�cation results. For cars, false-negative errors(not
shown) primarily occurwith darker carswherethemainsourceof
featuresaretheilluminationartifactsthatcanvarygreatlybetween
theimages,while false-positive errorstendto involve very similar
vehicles(e.g. samemake andmodel). Two typical faceerrorsare
shown in the last row: the large variationsin pose,lighting, ex-
pressionandimageresolutionmake thefacedatasetverydif�cult.
Note: themodelfor thepersonwearingsunglassesin the last row
is theonly onewhose�rst patchin thecascadeis noton theeye.

4. applyingearly terminationthresholdsto the patchse-
quenceto createthecascade.

We testedour algorithmon two differentdatasets: (1)
carsfrom 2 cameraswith signi�cant posedifferential,and
(2) facesfrom newsphotographs.Examplesfrom thesetwo
datasetsareshownin Figure3,with thetop10patchesof the
classi�cationcascade,andFigure4, with model-testclassi-
�cation results.For eachdataset,a differentautomaticpre-
processingstepwasappliedto detectobjectsandapproxi-
matelyalign them. After this, thesameidenti�cation algo-
rithm wasappliedto both sets. For lack of space,we de-
tail our experimentson dataset1, andonly summarizethe
resultsfor dataset2. Qualitatively, our resultsareconsis-
tent in showing that eachof the above aspectsof our sys-
tem improvesthe performance,andthat the overall system
is bothef�cient andeffective. In the last section,we com-
pareoursystemto Lowe'stechnique[9], whichdoesnotuse
category-speci�c learning.

5.1. Cars
358uniquevehicles(179 training,179 test)wereextracted
usinga blob tracker from 1.5hoursof videofrom two cam-
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Figure5: Precisionvs. RecallUsing Different Numbers of
Patches.Theseareprecisionvs. recall curvesfor our full model.
Eachcurve representstheperformancetradeoff betweenprecision
andrecall,whenthe systemusesa �x ed numberof patches.The
lowestcurveusesonly thesinglemostinformativepatch,while the
top curve usesup to 100patches.The85% recall rate,wherethe
differentmodelsof Figure6 arecompared,is notedby a vertical
blackdashedline. A magentaX, at recall = 84.9andprecision=
84.8,markstheperformanceof thecascademodel.

eraslocatedoneblock apart.Theposeof thecamerasrela-
tive to the road(seeFigure1) wasknown from staticcam-
eracalibration,andalignmentincludedwarpingthesidesof
thevehiclesto beapproximatelyparallelto theimageplane.
Within training and testingsets,about2685 pairs (true to
falseratio of 1:15) of mismatchedcarswere formed from
non-correspondingimages,one from eachcamera. These
includedonly thosecar pairs that were super�cially simi-
lar in intensityandsize. Using thebestwhole imagecom-
parisonmethodwe could �nd (normalizedcorrelationon
blurred �lter outputs)on this setproduces14% falsepos-
itives at a 15% miss rate. This dataset is available from
www.cs.berkeley.edu/ � ferencz/vi d.

Figure6 comparesseveralversionsof ourmodelby plot-
ting thefalse-positive rate(y-axis)with a �x edmissrateof
15%(85%recall),for a�x edbudgetof patches(x-axis).The
85%recallpointwasselectedbasedonFigure5, by picking
the equalerror point given the 1 to 15 true-to-falseratio.
TheRandomOrder curve usesour hyper-featuremodelfor
scoring,but choosesthe patchesrandomly. By comparing
this curve to its neighbors,noticetheperformancegainas-
sociatedwith differentiatingpatchesbasedonhyper-features
bothfor scoring(NoHyper-Featuresvs. RandomOrder) and
for patchselection(RandomOrdervs. Mutual Information).
ComparingMutual Informationvs. ConditionalMI shows
that modelingpatchdependenceis importantfor choosing
a small numberof patches(seerange5-20) that together
have high informationcontent(Section3). ComparingPo-
sition Only (which only usespositionalhyper-features)vs.

RecallRate 60% 70% 80% 90%
PCA+ MahCosine 82% 73% 62% 59%
Filter + NormCor 83% 73% 67% 57%

No Hyper-Features 86% 73% 68% 62%
Random10Patches 79% 71% 64% 60%
Top1 CMI Patch 86% 76% 69% 63%

Top50CMI Patches 92% 84% 75% 67%
CMI Cascade 92% 84% 76% 66%

Table1: Precisionvs.Recallfor Faces.
Eachcolumndenotesthe precisionassociatedwith a given recall
ratealongtheP-Rcurve. PCA+ MahCosineandFilter + NormCor
arewhole facecomparisontechniques.PCA + MahCosineis the
bestcurve producedby [2], which implementsPCA andLDA al-
gorithmswith face-speci�cpreprocessing.Filter + NormCoruses
thesamerepresentationandcomparisonmethodasourpatches,but
appliedto thewholeface.Thelast4 all useourpatchbasedsystem
with hyper-features.The last 3 usesconditionalmutual informa-
tion basedpatchselection,wherethenumberof patchesallowedis
setto 1, 50,andvariable(cascade),respectively.

ConditionalMI (which usesbothpositionalandappearance
hyper-features)shows thatpatchappearancecharacteristics
aresigni�cant for bothscoringandsaliency estimation.Fi-
nally, thecascadeperforms(1.02%error, with meanof 4.3
patchesused)aswell asthe full modelandbetterthanany
of theothers,evenwhenthesearegivenanunlimitedcom-
putationbudget.

Figure5 showsanotherwayto look attheperformanceof
our full modelgivena�x edpatch(computation)budget(the
ConditionalMI curveof Figure6 representstheintersection
of thesecurveswith the85%recall line). Thecascadeper-
formanceis alsoplottedhere(follow theblackarrow).

5.2. Faces
We useda subsetof the “Facesin the News” datasetde-
scribedin [1], wherethe faceshave beenautomaticallyde-
tectedfrom news photographsandregisteredby their algo-
rithm. Ourtrainingandtestsetseachused103differentpeo-
ple, with two imagesper person.This is an extremelydif-
�cult datasetfor any identi�cation algorithm,astheseface
imageswerecollectedin a completelyuncontrolledmanner
(newsphotographs).Table1 summarizesourresultsfor run-
ning thesamealgorithmasaboveon thisset.Notethesame
patternasabove: the patchbasedsystemgenerallyoutper-
formswholeobjectsystems(herewe compareagainststate
of theart PCA andLDA algorithmswith facespeci�c pre-
processingusingCSU's implementation[2]); estimatinga
scoringandsaliency functionthroughhyper-featuresgreatly
improves the performanceof the patchbasedsystem;the
cascades,usinglessthan6 patcheson average,performsas
well asalwaysusingthebest50patches(performanceactu-
ally declinesabove50patches).
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Figure6: ComparingPerformanceof DifferentModels.The
curvesplot theperformanceof variousmodels,asmeasuredby the
false-positive rate(fractionof differentpairslabeledincorrectlyas
same),at a �x ed recall rate of 85%. The y-axis shows the log
error rate, while the x-axis plots the log numberof patchesthe
modelswereallowed to use(up to a maxof 100). As thenumber
of patchesincreases,theperformanceimprovesuntil a point, after
which it levelsoff and,for themodelsthatorderpatchesaccording
to informationgain,evendecreases(whennon-informativepatches
begin topollutethescore).The(red)modelthatdoesnotusehyper-
features(i.e. usesthesamedistributionsfor all patches),performs
verypoorlycomparedto thehyper-featureversions,evenwhenit is
allowedto use100patches.Thesecondcurvefrom thetopusesour
hyper-featuremodelto scorethepatches,but randomselectionto
pick thepatchorder. Thepositiononly modelusesonly position-
basedhyper-featuresfor selectingpatchorder (i.e. it computesa
�x edpatchorderfor all cars). The light bluemodelsortspatches
by mutualinformation, withoutconsideringdependencies.Thelast
curve shows our full modelbasedon selectingpatchesaccording
to their conditionalmutualinformation, usingbothpositionaland
image-basedhyper-features.Finally, themagentaX at 4.3patches
and1.02%errorshows theperformanceof thecascademodel.

5.3. Comparison to SIFT

In the previous sections,we have shown that eachstepof
our algorithmimprovestheclassi�cationperformance.But
how doesour systemcomparewith otherleadingmethods?
While an in-depthcomparisonis beyond the scopeof this
paper, we comparedour resultsto David Lowe's technique
appliedto ourcaridenti�cation problem.We useda version
of his algorithmdescribedin [9] with no category-speci�c
learning. At the 85% recall point, that algorithmproduced
a false-positiveerrorrateof over20%onour dataset(com-
paredto our 1.02%). Limiting the areaandrotationof the
matchingSIFT featuresgiven the approximatealignment
that is usedin our algorithmdid not improve theseresults
signi�cantly. In addition to the obvious lack of category-
speci�c training,thepoorperformanceof Lowe'salgorithm

on this datamaybe dueto thedesignof theSIFT features.
Speci�cally, we foundthatdueto thenatureof theproblem,
wheredistinctobjectscanlook verysimilarexceptfor a few
subtledifferences,featuresthatweredevelopedto berobust
to smalldifferences(suchasSIFT)donotperformwell.
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