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Abstract

Objectidenti�cation (OID) is specializedrecognition where
the category is known(e.g. cars) and the algorithm recog-
nizesan object's exact identity (e.g. Bob's BMW).Two spe-
cial challengescharacterizeOID. (1) Inter-classvariation is
oftensmall(manycars lookalike)andmaybedwarfedby il-
luminationor posechanges. (2) There maybemanyclasses
but few or just onepositive“tr aining” examplesper class.
Due to (1), a solution must locate possiblysubtle object-
speci�c salientfeatures(a door handle)while avoidingdis-
tracting ones(e.g. specularhighlights). However, (2) rules
out direct techniquesof feature selection. We describean
on-line algorithmthat takesonequeryimage from a known
categoryandbuilds an ef�cient “same” vs.“dif ferent” clas-
si�cation cascadeby predictingthemostdiscriminativefea-
ture set for that object. Our methodnot only estimatesthe
saliencyandscoringfunctionfor each candidatefeature, but
also modelsthe dependencybetweenfeatures, building an
ordered feature sequenceuniqueto a speci�c query image,
maximizingcumulativeinformationcontent. Learnedstop-
pingthresholdsmaketheclassi�er veryef�cient. To makethis
possible, category-speci�ccharacteristicsare learnedauto-
matically in an off-line training procedure from labeledim-
agepairs of thecategory, withoutprior knowledgeaboutthe
category. Our method,using the samealgorithm for 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
problem of Object Categorization), but rather speci�c ob-
jects,likeBob'sBMW or Jen'sFord. Thehierarchicalnature
of categoriessuggestsa continuumbetweenthesetwo prob-
lems:vehiclesto carsto sedansto Phil'ssedan.In thispaper,
we focuson the identi�cation endof this continuum,where

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

theObjectIdenti�cation (OID) problemposesdifferentchal-
lengesthan its coarsercousin,ObjectCategorization(OC).
Speci�cally, in OID problems(1) the inter-classvariationis
oftensmall(many carslook alike),andthis variationis often
dwarfedby illuminationor posechanges(seeFig. 1); and(2)
therearemany classes(eachobject is a separateclass)but
few (in our casejust one) positive “training” examplesper
class(e.g.oneimagerepresenting“Bob'sBMW”).

Peoplearegoodat identifying individual objectsfrom fa-
miliar categoriesafterseeingthemonlyonce.Considerfaces.
We zeroin on discriminative featuresfor a personsuchasa
prominentmoleor unusuallythick eyebrows,yetarenotdis-
tractedby equallyunusualbut non-repeatablefeaturessuch
asa messystrandof hair or illumination artifacts. Domain
speci�c expertisemakes this possible: having seenmany
facesone learnsthat a messystrandof hair is not often a
reliablefeature.Humanvision researchersreportthatacqui-
sition of this expertiseis accompaniedby signi�cant behav-
ioral andphysiologicalchanges.Diamondet al. [4] showed
that dog expertsperformdog identi�cation differently than
nonexperts;Tarr et al. [11] arguedthat thebrain's fusiform
faceareadoesvisualprocessingof categoriesfor which ex-
pertisehasbeengained.

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

1. (Off-line) trainerTcat : classtrainingimages7! Ccat ,
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2. (On-line)classi�er Ccat : testimage7! classlabel.
Thereis nothing novel here, just the standardparadigmof
statisticallearning.It reliesimplicitly on having enoughex-
amplesof eachclassto learndiscriminative features.

For OID, weassumeoff-line accessto plentyof examples
of the category (cars,dogs, faces). We then must develop
anon-lineclassi�er for a futureimageof Bob'sBMW, given
only oneexampleof it. We decomposethe on-line process
into two stages:(a)producingan“identi�er”, aclassi�erspe-
cializedto reidentifyaspeci�c objectbasedonasingleexam-
pleof it, and(b) runningthe“identi�er” ontheincomingdata
stream.Theseon-linestagesareprecededby theoff-line pro-
cessof learningcategoryspeci�c characteristics,resultingin
an“identi�er generator”.Thus,thethreestagesfor OID are

1. (Off-line) trainerTid : category trainingimages7! H id ,
2. (On-line)identi�er generatorH id : objectimage7! Cid ,
3. (On-line)classi�er Cid : testimage7! f same,differentg.
We stressthat step1 learnscategory speci�c characteris-

tics,while step2 createsanobjectspeci�c classi�er. Now we
addressdetails.

Firstweneedto pick afamily of classi�ersCid . Motivated
by thesuccessof patch(a.k.a.partor fragment)basedrepre-
sentations([12, 8]) for OC, we usethem for OID as well.
Speci�cally, we develop an OID systemwhosegenerated
classi�er Cid (step3) is a patch-basedclassi�cationcascade
similar to that of Vidal-Naquetet al. [12], whereevidence
from featuresis accumulatedincrementallyuntil a “same”or
“dif ferent” decisioncanbe made. The tricky part is to give
H id theability to pick out objectspeci�c discriminative fea-
tures(e.g. a prominentdoor handlein onecar, a roof rack
in another). But how canwe know that a patchcontaining
a prominentdoorhandleis discriminative,basedon a single
image, whenwehaveneverseenadoorhandleexactly like it
before?

Thecoreof our approachis to usehyper-features, which
aregenericpositionandappearancecharacteristicsof apatch.
Examplesinclude location of a patch,edgecontrastin the
patchand the dominantorientedenergy in the patch. We
might, in theprocessof becominga caridenti�cation expert,
expect to learn that patchesabouthalf-way up with strong
edgecontrastanda dominanthorizontalorientationarepar-
ticularly informative. When given the speci�c exampleof
Bob's BMW, the identi�er generatorH id could producean
object-speci�ccascadewith the �rst testbasedon thepatch
containingthedoorhandle.Whereasfor Jen'sFord,thesame
set of hyper-featureswill result in a different ordering of
salientpatches,resultingin a differentclassi�cationcascade
with the �rst testusinga patchcontainingtheroof rack(see
Fig. 4).

Moreprecisely, to instantiateCid (step2), thefunctionH id

is givena singleimage of theobject(e.g.Bob's BMW) and
producesa sequenceof patchesorderedfrom mostinforma-
tive to least,thatmaximizesthecumulative informationcon-

tent. This sequenceis object-speci�c,and may emphasize
differentpartsof eachobject.

Off-line training Tid (step1), given a setof imagepairs
from the category, eachpair labeled“same” or “dif ferent,”
producesaclass-speci�cH id by learning(a)asaliency model
for imagepatchesasa function of patchcharacteristicslike
positionandappearance(hyper-features), (b) a dependency
model betweenimagepatchesbasedon similarity of their
hyper-features,and (c) a set of thresholdsfor the cascade.
The speci�c hyper-featuresusedare themselves automati-
cally selectedduring this training stepfrom a large pool of
candidatepatchcharacteristics.

In contrastto someother“one-shot”learningalgorithms
[10, 7], where off-line training involves �nding priors for
a �x ed model, our Tid actually learnshow to identify an
arbitrary numberof good featuresfor the given category.
Thusour �nal classi�er Cid , while alwaysa cascadeof im-
agepatchestaken from the probeobject,will have a differ-
ent setof patches(in size,location,andcount)for eachob-
ject. To scorea patchandits correspondentin a probeim-
age,our techniqueusesgeneralizedlinear models(GLMs)
to estimatea generative modelfor thedissimilaritybetween
patchpairs. “Same” and “dif ferent” distributionsbasedon
the hyper-featuresof the patchareestimated.Thesedistri-
butionsareusedboth to estimatethesaliency of a patch(by
computingtheexpectedmutualinformationbetweenthedis-
similarity anddecisionvariables)andto scoreapatchpairby
comparingthelikelihoodunderthesameanddifferentdistri-
butions. By estimatingbivariate“same”and“dif ferent” dis-
tributionsfor neighboringpatches,wemodelthedependency
relationships,allowing us to computea sequenceof patches
with high joint informationcontent.

Section2 summarizesour previously publishedwork on
usinghyper-featuresfor visual identi�cation [1]. Thatwork
had a seriouslimitation: it assumedthat the patcheswere
independent. This assumptionis clearly false, especially
for nearbyand overlappingpatches. To make that system
work, we allowedonly a singlepatchsizeandaddeda sim-
ple penaltyterm for a patchthat wasnot a local maximum.
Herewe allow the systemto pick patchesof varying sizes,
forcing usto modelthepatchdependencies.This modeland
its estimationfrom thetrainingdatais describedin Section3.
With this dependency model,we build the cascadein Sec-
tion 4 by �nding stoppingthresholdsfor making“same” or
“dif ferent” decisions.Section5 detailsour extensive experi-
mentsonmultiplecarandfacedatasets.

2. Learning Hyper-Features
We begin by outlining the basiccomponentsof our system,
someof which werepreviously detailedin [1]. As themain
focusof thispaperis modelingpatchdependency (Section3)
andbuilding the classi�cationcascade(Section4), we only
summarizethesecomponentsandaskthereaderto referto [1]
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for additionaldetailsandmotivationsfor ourchoices.Wede-
scribethetraining(Tid ), identi�er generating(H id ), andclas-
si�cation (Cid ) functionsin reverseorder, startingwith the
�nal form of the object-speci�cclassi�er. In the following,
weassumethatall imagesareknown to containobjectsof the
givencategory(e.g.carsor faces)andhavebeenbroughtinto
roughcorrespondence(seeSection5 for details).

2.1. Classi�er Cid

Theclassi�er Cid decidesif a test(a.k.a.database,right) im-
ageI R is the same(C = 1) or different(C = 0) thanthe
probe(a.k.a.query, left) imageI L it wastrainedfor.

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

j for
1 � j � m. Unlike our previousalgorithmfrom [1], these
patchescanhavedifferentsizesandresolutions(by usingdif-
ferent levels of a Gaussianpyramid). Generallyspeaking,
largerpatchesaresampledat lower resolutions,keepingthe
complexity of thepatchesapproximatelyconstant.Thegray-
scale(we currently don't use color information) pixels of
thepatchareencodedby applyinga �rst derivativeGaussian
odd-symmetric�lter at four orientations(horizontal,vertical,
andtwo diagonal),giving four signednumbersperpixel.

Matching. Each encodedpatch F L
j is matchedto an

equally sized areain the test image I R , by searchingfor
the most similar patch F R

j within some small neighbor-
hoodaroundthe expectedlocation(accordingto the coarse
alignment). The distancefunction that this searchmini-
mizes is one minus the normalizedcorrelationdj = 1 �
CorrCoef(F L

j ; F R
j ) betweenthe encodedpatches.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

storesprobabilitydistributionsP(dj jC = 1) andP(dj jC =
0) for each patch and computesthe log likelihood ratio.
(Note: to limit thenumberof variablesin this discussion,dj

canreferto boththerandomvariableoverwhichweestimate
a distribution andthespeci�c measureddistancevaluefor a
particularpatchpair). After m patcheshave beenmatched,
assumingfor now that the patchesarestatisticallyindepen-
dent,we scorethe matchbetweenimagesI L andI R using
thesumof log likelihoodratiosof matchedpatches:

R =
mX

j =1

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

: (1)

To evaluatethis, we must evaluateP(dj jC = 1) and
P(dj jC = 0). In our system,both of thesetake the form
of gammadistributions�( dj ; � C =1

j ) and�( dj ; � C =0
j ), where

theparameters� C =1
j and� C =0

j arede�nedaspartof theclas-
si�er Cid for eachpatchandaresetby H id basedon hyper-
features.

Making a Decision.In [1], Cid matcheda�x ednumberof

patches(m), computedthescoreR by Eq.1, andcomparedit
to a threshold� . R > � meantthat I L andI R arethesame.
Otherwisethey are declareddifferent. In Section4 of this
paper, we de�ne a cascadefrom thesequenceof patchesby
applyingthresholdsaftereachpatchhasbeenmatched.

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 distributions P(dj jC = 1) and

P(dj jC = 0) areassociatedwith eachpatch.

2.2. Classi�er Generator H id

Theclassi�er generatorH id musttake in a singleprobeim-
ageI L of anew objectfrom thegivencategoryandproducea
sequenceof patchesF L

1 ; :::; F L
m andtheir associatedgamma

parameters,� C =1
1 ; :::; � C =1

m and� C =0
1 ; :::; � C =0

m , for scoring
basedon theappearancedistancemeasurementdj (which is
measuredwhenthepatchF L

j is matchedto a locationin the
testimageI R ).

Estimating � C =1
j and � C =0

j . Sincebeingableto estimate
a good� C =1

j and� C =0
j (� j for short)for any patchj is also

thekey to pickinggoodpatches,westartwith thisstep.Con-
ceptually, we want � 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, ...].
Let Z j = [Z1; :::; Z l ]

T beavectorof thesehyper-featuresfor
patchj , andlet � j be parameterizedas� = f � j ; 
 j g. Now
wede�ne ageneralizedlinearmodel(GLM) [9], which links
thesehyper-featuresZ to thegammadistribution(�()) model
for P(dj jC = 1) andP(dj jC = 0):

P(dj 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 vector of parameters

of length l that weights eachhyper-featuremonomial Z i .
The key point to noticeis thatgiven a hyper-featureencod-
ing (the de�nition of which patchcharacteristicsto extract)
and the linear weights� , we canestimatethe distributions
P(dj jC = 1) andP(dj jC = 0) for any probeimagepatch
F L

j , basedon its positionandappearance.
Estimating Saliency. If we de�ne thesaliency of a patch

as the amountof information about the decisionC likely
to be gained if the patch were to be matched,then it is
straightforwardto estimatesaliency givenP(dj jC = 1) and
P(dj jC = 0). Intuitively, if P(dj jC = 1) andP(dj jC = 0)
aresimilar distributions,we don't expectmuchusefulinfor-
mation from a value of dj . On the other hand, if the dis-
tributionsarevery different,thendj cantell us a greatdeal
aboutourdecision.Formally, thiscanbemeasuredasthemu-
tual informationbetweenthedecisionvariableC andtheran-
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Figure2: Bivariate GammaDistributions. The two plots on
the left andthe two on theright eachshow a typical pair of bivari-
ategammadistributionsfor C = 1 andC = 0. In the left pair,
themarginalsareuncorrelated(� = 0), while in the right pair the
marginalsarehighly correlated(� = 0:85).

domvariabledj . To emphasizethe fact that thedistribution
P(dj jC) is a �x ed function of F L

j (seeabove), we slightly
abusenotationandrefer to the randomvariablefrom which
dj is sampledasF L

j . With this notation,computingthemu-
tual informationbetweenF L

j andC givesus a measureof
the expectedinformationgain from a patchwith particular
hyper-features:

I (F L
j ; C) = H (F L

j ) � H (F L
j jC):

HereH () is Shannonentropy.
Finding Good Patches.With theabove mutualinforma-

tion formula,wecanestimatethesaliency of any patch.Thus
de�ning a sequenceof patchesto examine in order, from
amongall candidatepatches,is straightforward: for each
candidatepatchestimatethedistributionsP(dj jC = 1) and
P(dj jC = 0) from the hyper-features;computethe mutual
information I (F L

j ; C); sort the patchesby I (F L
j ; C); and

take the top m patches.The problemwith this procedureis
that thepatchesarenot independent:oncewe have matched
apatchF L

j , theamountof additionalinformationwe areex-
pectedto derive from matchingpatcha F L

i thatoverlapsF L
j

is lessthenI (F L
i ; C) would suggest.We discussa solution

to this problemin Section3.
However, assumingthat this dependency problemcanbe

solved, we have a completealgorithm for generatingthe
classi�er Cid from a single image,given a de�nition of the
hyper-featuresto extract (the patchstatisticsZ) andthe lin-
earweights� .

2.3. Off-line Training Tid

Thetaskof theoff-line trainingstepTid is to de�ne thehyper-
featureencodingZ andto learntheweights� that link this
encodingto thedistributionsP(dj jC = 1) andP(dj jC = 0).
This step is given a large collection of image pairs from
the category, whereeachleft-right imagepair is labeledas
“same” or “dif ferent”. A large numberof patchesF L

j are
sampledfrom theleft imagesandmatchedto theright images
(by �nding thebestmatchingF R

j ) in thesamemannerasdur-
ing classi�cationCid (seeMatchingin Section2.1), andthe
appearancedistancedj is recorded.For eachpatch,a large
setof candidatehyper-featuresarealsoextractedfrom thepo-

Figure3: Patch Correlations.On eachimage,thepatchesmost
correlatedwith the white-circledpatchareshown. Notice that in
the left image,wherethe patchsits in an areawith a highly visi-
blehorizontalstructure,themostcorrelatedpatchesall lie alongthe
horizontalfeatures.Contrastthiswith theright image,showing cor-
relationof patcheswith a patchsitting on a wheel,wherethemost
correlatedpatchesare thosethat strictly overlap the white-circled
patch.

sition andappearanceof the left patchF L
j . This datagives

rise to 2 generalizedlinear regressionproblems:onefor the
“same”(C = 1) setandonefor the“dif ferent” (C = 0) set.
Oursolutioninvolves(1) a featureselectionstepwhich �nds
ahyper-featureencoding(Z) by choosingasmallsubsetfrom
thecandidatesetof hyper-features,and(2) a maximumlike-
lihoodestimationstepto �t � �

C =1 ; � 

C =1 and� �

C =0 ; � 

C =0 .

3. Modeling Pairwise RelationshipsBe-
tweenPatches

In Section2, we describedour modelto scorea probeimage
patchF L

j andits bestmatchF R
j by modelingthedistribution

of their distancein appearance,dj , conditionedon thematch
variableC. Furthermore,in Section2.2, we describedhow
to infer thesaliency of thepatchF L

j for matchingbasedon
thesedistributions. As we notedin that section,this works
for picking the�rst patch,but is notoptimalfor picking sub-
sequentpatches:oncewehavealreadymatchedandrecorded
thescoreof the�rst patch,theamountof informationgained
from anearbypatchis likely to besmall,becausetheirscores
arelikely to becorrelated.Intuitively, thenext chosenpatch
would ideally be a highly salientpatchwhoseinformation
aboutC is as independentaspossiblefrom the �rst patch.
Similarly, the third patchshouldconsiderboth the �rst and
thesecondpatches.

LetF L
(k) representthekth patchpickedfor thecascadeand

let F L
(1 :::n ) denotethe �rst n of thesepatches.Assumewe

have alreadypicked patchesF L
(1 :::n ) andwe wish to choose

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

j 's. We
would like to pick the one that maximizesthe information
gainor theconditionalmutualinformation:

I (F L
(n +1) ; CjF L

(1 :::n ) ) = I (F L
(1 :::n +1) ; C) � I (F L

(1 :::n ) ; C):

This quantity is dif�cult to estimate,due to the needto
model the joint distribution of all F L

(1 :::n ) patches. How-
ever, notethat the informationgain of a new featureis up-
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Figure4: TheTenMostInformativePatches.Thetenrectanglesoneachobjectshow thetoptenpatchesouralgorithmselectedfor the
classi�cationcascadefor thatobject. Thefacemodelseemsto preferfeaturesaroundtheeyes,while the2 carmodels(2 datasets,topand
bottom)tendto bothlike wheelsbut differ in their interestin theroof region. Notice,however, thatevenwithin a category eachcascadeis
unique,highlightinginterestingappearancefeaturesfor thatobject.Thepatchesarecolorcodedaccordingto theirorder, from darkred(1)
to darkblue(10).

per boundedby the informationgain of that featurerelative
to any singlefeaturethathasalreadybeenchosen.Thatis,

I (F L
(n +1) ; CjF L

(1 :::n ) ) � min
1� i � n

I (F L
(n +1) ; CjF L

( i ) ): (3)

Thus, ratherthan maximizing the full information gain,
we selectthe new featurethat maximizesthis upperbound
on theamountof “new” information:

argmax
j

min
i

I (F L
j ; CjF L

( i ) ); (4)

where i varies over the alreadychosenpatches,and j
variesover the remainingpatches.This formulation(Eq. 4)
followsthatof Vidal-Naquetet al. [12].

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

I (F L
j ; CjF L

( i ) ) = I (F L
j ; F L

( i ) ; C) � I (F L
( i ) ; C):

In Section2.2,we showedthatwe candeterminethesec-
ondterm,I (F L

( i ) ; C), from theestimatedgammadistributions
for P(d( i ) jC = 1) andP(d( i ) jC = 0). Similarly, to calculate
I (F L

j ; F L
( i ) ; C), weneedanestimateof thebivariatedistribu-

tions for P(d( i ) ; dj jC = 1) andP(d( i ) ; dj jC = 0). If the
d( i ) anddj areindependentconditionedonC, thentheseare
straightforwardto computefrom theknown marginal distri-
bution parametersfor d( i ) anddj . To model the dependent
case,we employ Kibble's bivariategammadistribution [6],
which hasfour parameters:K (� 1; � 2; 
 ; � ), 0 < � < 1. � 1

and � 2 are meanparametersfor the marginals, and 
 is a
dispersionparameterfor bothmarginals(theformulationre-
quirestheseto be equal). � is the correlationbetweend( i )

and dj , and variesfrom 0, indicating full independenceof
the marginals, to 1, in which the marginalsare completely
correlated(see�gure 2).

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

j = � C =1
( i ) ,

aswell as
 C =1
j = 
 C =1

( i ) )1. Therefore,for thecomputation
of theconditionalmutualinformationof F L

j conditionedon
F L

( i ) , we force the marginal distribution of the alreadycho-
senpatch(F L

( i ) ) to be equalto the marginal distribution of

the patchcurrentlybeing considered(F L
j ). Given that our

methodfor comparingall patchesis the same,namelynor-
malized correlation, this usually meansa very minor per-
turbationto the estimateddistribution of F L

( i ) whenthe two
patchesarestronglycorrelated.On theotherhand,whenthe
marginalsareoriginally fairly different,thetwo patchestend
to be uncorrelated.In this case,the exact shapesof F L

( i ) 's
distributionsarelessrelevant to the computationof Eq. (4).
Sincewe arealways settingthe �rst two parametersof the
Kibble'sdistributionto bethesame,wewill henceforthwrite
it with threeparameters(e.g.K (� C =0

j ; 
 C =0
j ; � )).

3.2. Predicting Patch Corr elationsfr om Hyper-
Feature Differences

Giventheaboveformulation,wehavereducedtheproblemof
�nding thenext bestpatch,F L

(n +1) , to theproblemof estimat-
ing thecorrelationparameter� of Kibble's bivariategamma
distribution for any pairof patchesF L

( i ) (oneof then patches

alreadyselected)andF L
j (a candidatefor F L

(n +1) ). The in-
tuition is thatpatchesthatarenearbyandoverlappingor that
lie on the sameunderlyingimagefeatures(for examplethe
horizontalline on thesideof thecarin Figure3) arelikely to
behighly correlated,whereastwo patchesthatareof differ-
entsizesandfar away from oneanotherarelikely to be less
so.

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

j ; � )
and K (� C =0

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

its otherparameters(seeSection2.2): we let � be a linear
function of the differenceof various hyper-featuresof the

1More preciselythe
 's mustbeequal(this is a requirementof Kibble's

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

j

� C =1
( i )

=
� C =0

j

� C =0
( i )
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two patches,F L
( i ) and F L

j . Clear candidatesfor theseco-
variatesare the differencein position and size of the two
patches,as well as someimage-basedfeaturessuchas the
differencein the amountof contrastwithin eachpatch. To
ensure0 < � < 1, weuseasigmoidlink function

� = (1 � exp(� � Y )) � 1;

whereY is our vectorof hyper-featuredifferencesand�
is theGLM parametervector.

Given a dataset of patch pairs F L
( i ) and F L

j and asso-
ciateddistancesd( i ) and dj (found by matchingthe “left”
patchesto a “right” imageof the sameor of a differentve-
hicle),we estimatethe linearcoef�cients � . This is doneby
maximizingthe likelihoodof K (� C =1

j ; 
 C =1
j ; � ) usingdata

takenfrom imagepairsthatareknown to bethe“same”2 and
K (� C =0

j ; 
 C =0
j ; � ) usingdatataken from “dif ferent” image

pairs. Also similarly to Section2.3, we choosethe encod-
ing of Y automatically, by themethodof forwardfeaturese-
lection[5] overcandidatehyper-featuredifferencevariables.
As anticipated,thetop rankedvariablesencodeddifferences
in position,size,contrast,andorientationenergy. Our �nal
modelusesthetop10variables.

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

j (seeSection2.2) that, when
they arematched,collectively capturethemaximumamount
of informationaboutthedecisionC (sameor different?).The
sequenceis orderedso that the �rst patchis the mostinfor-
mative, thesecondslightly lesssoandsoon. The �nal step
of creatingacascadeis to de�ne earlystoppingthresholdson
thelog likelihoodratio sumR thatcanbeappliedaftereach
patchin thesequencehasbeenmatchedandits scoreadded
to R (seeSection2.1).

We assumethat we are given a global threshold� (see
Section2.1) that de�nes a global choicebetweenselectiv-
ity andsensitivity. What remainsis thede�nition of thresh-
oldsateachstep,� accept

(k ) and� r ej ect
(k ) , whichallow thesystem

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

“dif ferent”) if R � � accept
(k ) , otherwisecontinueby matching

patchk + 1. To learnthesethresholds,werunH id on theleft
imagesandtheresultingclassi�er Cid on theright imagesof
our trainingdataset.This will producea performancecurve
for eachchoiceof k, thenumberof patchesincludedin clas-
si�cation score,including k = m, the sumfor which � is
de�ned. Our goal for thecascadeis for it to make decisions
asearlyaspossible(tight thresholds)but, on thetrainingset,
never make a mistake on any pair which wascorrectlyclas-
si�ed using all m patchesand the threshold� . Thesetwo
constraintsexacltyde�ne thethresholds� accept

(k ) and� r ej ect
(k ) .

2� C =1
j and
 C =1

j areestimatedfrom F L
j by themethodof Section2.3

andare�x edfor this optimization.

Figure 5: Precisionvs. Recall Using Different Numbers of
Patches. Theseareprecisionvs. recall curvesfor our full model.
Eachcurve representsthe performancetradeoff betweenprecision
andrecall, when the systemusesa �x ed numberof patches.The
lowestcurve usesonly thesinglemostinformative patch,while the
top curve usesup to 100 patches.The 85% recall rate,wherethe
differentmodelsof Figure6 are compared,is notedby a vertical
black dashedline. A magentaX, at recall = 84.9 andprecision=
84.8,markstheperformanceof thecascademodel.

5. Resultsand Conclusion

Thegoalof this work wasto createan identi�cation system
that could be appliedto different categories,wherethe al-
gorithm would automaticallylearn (basedon off-line train-
ing examples)how to selectcategory-speci�csalientfeatures
from a new image.In this section,we demonstratethatafter
category training,our algorithmis in fact abletake a single
imageof anovel objectandsolelybasedon it 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/orcomputationalef-
�ciency:

1. breakingthe object up into patches(a.k.aparts, frag-
ments),matchingeachone separatelyand combining
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

4. applying early terminationthresholdsto the patchse-
quenceto createthecascade.

We testedour algorithmon 3 differentdatasets:(1) cars
from 2 cameraswith signi�cant posedifferential, (2) faces
from newsphotographs,and(3) carsfrom a wide-areatrack-
ing systemwith 33 camerasand1000's of uniquevehicles.
Examplesfrom these3 datasetsareshown in Figure4, with
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Figure6: ComparingPerformanceof DifferentModels.The
curvesplot theperformanceof variousmodels,asmeasuredby the
false-positive rate(fractionof differentpairslabeledincorrectlyas
same),at a �x edrecall rateof 85%. They-axisshows thelog error
rate,while the x-axis plots the log numberof patchesthe models
wereallowedto use(upto amaxof 100).As thenumberof patches
increases,the performanceimproves until a point, after which it
levels off and, for the modelsthat order patchesaccordingto in-
formationgain,even decreases(whennon-informative patchesbe-
gin to pollute thescore).The(red)modelthatdoesnot usehyper-
features(i.e. usesthe samedistributionsfor all patches),performs
verypoorly comparedto thehyper-featureversions,evenwhenit is
allowedto use100patches.Thesecondcurve from thetopusesour
hyper-featuremodel to scorethe patches,but randomselectionto
pick the patchorder. The positiononly modelusesonly position-
basedhyper-featuresfor selectingpatchorder (i.e. it computesa
�x ed patchorder for all cars). The light blue modelsortspatches
by mutualinformation, without consideringdependencies.Thelast
curve shows our full model basedon selectingpatchesaccording
to their conditionalmutual information, usingboth positionaland
image-basedhyper-features.Finally, themagentaX at 2.58patches
and1.02%errorshows theperformanceof thecascademodel.

Figure7: Howmanypatchesdoesit taketo makea decision?
This histogramshows thenumberof patchesthatwerematchedby
theclassi�cationcascadebeforea decisioncouldbemade.On av-
erage,2.2 patcheswere requiredto make a negative (declaringa
difference)decision,and8.0patchesto make a positive one.

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.
Eachcolumn denotesthe precisionassociatedwith a given recall
ratealongthe P-R curve. PCA + MahCosineandFilter + Norm-
Cor arewhole facecomparisontechniques.PCA + MahCosineis
thebestcurve producedby [3], which implmentsPCAandLDA al-
gorithmswith face-speci�cpreprocessing.Filter + NormCoruses
thesamerepresentationandcomparisonmethodasour patches,but
appliedto thewholeface.Thelast4 all useour patchbasedsystem
with hyper-features. The last 3 usesconditionalmutual informa-
tion basedpatchselection,wherethenumberof patchesallowed is
setto 1, 50, andvariable(cascade),respectively. Thecascadesuse
between2-3patchesonaverageto make a decision.

thetop10patchesof theclassi�cationcascade.For eachdata
set,a differentautomaticpreprocessingstepwasappliedto
detectobjectsandapproximatelyalign them. After this, the
sameidenti�cation algorithmwasappliedto all 3 sets. For
lack of space,we detail our experimentson dataset1, enu-
meratetheresultsof dataset2,andonly summarizeourexpe-
riencewith dataset3. Qualitatively, our resultson the three
areconsistentin showing that eachof the above aspectsof
our systemimproves the performance,and that the overall
systemis bothef�cient andeffective.

5.1. Cars 1
358 uniquevehicles(179 training, 179 test)wereextracted
using a blob tracker from 1.5 hoursof video from 2 cam-
eraslocatedoneblock apart. The poseof 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,onefrom eachcamera.Thesein-
cludedonly thosecarpairsthatweresuper�cially similar in
intensityandsize. Using the bestwhole imagecomparison
methodwe could�nd (normalizedcorrelationon blurred�l-
teroutputs)onthissetproduces14%falsepositivesata15%
missrate.Thisdatasetis availablefrom [Anonymous].

Figure6 comparesseveralversionsof our modelby plot-
ting the false-positive rate(y-axis) with a �x ed missrateof
15%(85%recall),for a �x edbudgetof patches(x-axis).The
85% recall point was selectedbasedon Figure 5, by pick-
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ing theequalerrorpoint giventhe1 to 15 true-to-falseratio.
The RandomOrder curve usesour hyper-featuremodel for
scoring,but choosesthe patchesrandomly. By comparing
this curve to its neighbors,notice the performancegain as-
sociatedwith differentiatingpatchesbasedonhyper-features
bothfor scoring(NoHyper-Featuresvs. RandomOrder) and
for patchselection(RandomOrder vs. Mutual Information).
ComparingMutual Informationvs. Conditional MI shows
thatmodelingpatchdependenceis importantfor choosinga
smallnumberof patches(seerange5-20) that togetherhave
high information content(Section3). ComparingPosition
Only (which only usespositionalhyper-features)vs. Condi-
tional MI (which usesbothpositionalandappearancehyper-
features)showsthatpatchappearancecharacteristicsaresig-
ni�cant for bothscoringandsaliency estimation.Finally, the
cascadeperforms(1.02%error, with meanof 2.58 patches
used)as well as the full model and better than any of the
others,evenwhenthesearegivenanunlimitedcomputation
budget.

Figure5 showsanotherway to look at theperformanceof
our full modelgivena �x edpatch(computation)budget(the
ConditionalMI curve of Figure6 representsthe intersection
of thesecurveswith the 85% recall line). The cascadeper-
formanceis alsoplottedhere(follow theblack arrow). The
distribution of thenumberof patchesit took to make a deci-
sionin thecascademodelis plottedin Figure7.

5.2. Faces
We useda subsetof the “Facesin the News” dataset de-
scribedin [2], wherethe faceshave beenautomaticallyde-
tectedfrom news photographsandregisteredby their algo-
rithm. Our trainingandtestsetseachused103differentpeo-
ple, with 2 imagesperperson.This is anextremelydif�cult
datasetfor any identi�cation algorithm,asthesefaceimages
were collectedin a completelyuncontrolledmanner(news
photographs).Table5 summarizesourresultsfor runningthe
samealgorithmasaboveonthisset.Notethesamepatternas
above: thepatchbasedsystemgenerallyoutperformswhole
objectsystems(herewecompareagainststateof theartPCA
andLDA algorithmswith facespeci�c preprocessingusing
CSU'simplementation[3]); estimatingascoringandsaliency
functionthroughhyper-featuresgreatlyimprovestheperfor-
manceof the patchbasedsystem; the cascade,using less
than 3 patcheson average,performsas well as always us-
ing thebest50patches(performanceactuallydeclinesabove
50patches).

5.3. Cars 2
We arehelping to develop a wide-areacar trackingsystem
where this componentmust reidentify vehicleswhen they
passby a camera.Detectionis performedby a blob tracker
andthe imagesareregisteredby aligningthecentroidof the

objectmask(thecamerasarelocatedapproximatelyperpen-
dicular to the road). We testedour algorithmon a subsetof
datacollectedfrom 33 camerasand1000's of uniquevehi-
cles,by learningan identi�er generatingfunction (H i d) for
eachcamerapair (this way, thesystemincorporatesthe typ-
ical distortionsthata vehicleundergoesbetweenthesecam-
eras).Typical equalerrorratesfor our classi�cationcascade
are3-5%for nearlane(vehiclelength� 140pixels)and5-7%
for far lane(� 60pixels),againusing2-3patchesonaverage.
Whole objectcomparison(several differenttechniques)and
usingpatcheswithouthyper-featuresgenerallyresultedin er-
ror ratesthatweretwice aslarge.
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