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Abstract

Objectidenti cation (OID) is specializedecanition whele
the category is known(e.g. cars) and the algorithm recag-
nizesan object's exactidentity (e.g. Bob's BMW). Two spe-
cial challengescharacterizeOID. (1) Inter-classvariationis
oftensmall(manycarslook alike) andmaybedwarfedbyil-
luminationor posechanges.(2) Thele maybe manyclasses
but few or just onepositive“tr aining” examplesper class.
Due to (1), a solution mustlocate possiblysubtle object-
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 modelimage from a known
catggoryandbuildsanefcient “same” vs.“dif ferent” clas-
si cation cascadey predictingthe mostdiscriminativefea-
ture setfor that object. Our methodnot only estimateghe
saliencyandscoringfunctionfor ead candidatefeature, but
also modelsthe dependencyetweenfeatures, building an
orderedfeature sequenceiniqueto a speci ¢ modelimage,
maximizingcumulativeinformation content. Learnedstop-
ping thresholdsmale the classi er very efcient. To make
this possible category-speci c characteristicsare learned
automaticallyin an off-line training procedue fromlabeled
image pairs of the category, withoutprior knowledg about
thecategory. Our methodusingthesamealgorithmfor both
carsandfacesputperformsa widevarietyof othermethods.

1. Intr oduction

Objectidenti cation is specializedbjectrecognitionwhere
thecatgory is known (e.g.facesor cars)andonemustrec-
ognizethe exactidentity of objects. The classedo be dis-
tinguishedarenot categories,e.g.carsversusnon-cargthe
problemof Object Categorization), but ratherspeci ¢ ob-
jects, like Bob's BMW or Jens Ford. The hierarchicalna-
ture of catgyoriessuggestsa continuumbetweenthesetwo
problems:vehiclesto carsto sedango Phil's sedan.In this
paperwe focuson theidenti cation endof this continuum,
wherethe Objectldenti cation (OID) problemposediffer-

Figure 1: An Identi cation Problem: Which cars matd?
Thetwo carsontheleft werephotographedrom cameral.
Which of the four imageson the right, taken by camera2,
matchthecarsontheleft?

entchallengeghanits coarsercousin,ObjectCatejorization
(OC). Speci cally, in OID problemg(1) theinter-classvari-
ationis often small (mary carslook alike), andthis varia-
tion is often dwarfed by illumination or posechangeqsee
Fig. 1); and(2) therearemary classegeachobjectis a sep-
arateclass)but few (in our casejust one) positive “train-
ing” examplesperclass(e.g.oneimagerepresentingBob's
BMW?).

Peopleare good at identifying individual objectsfrom
familiar cateyoriesafter seeingthem only once. Consider
faces. We zeroin on discriminatve featuresfor a person
suchasa prominentmole or unusuallythick eyebrows, yet
arenotdistractedy equallyunusuabut non-repeatabléea-
turessuchasamessystrandof hair or illumination artifacts.
Domainspeci ¢ expertisemakesthis possible:having seen
mary facesonelearnsthata messystrandof hair is not of-
tenareliablefeature.Humanvision researcherseportthat
acquisitionof this expertiseis accompaniedy signi cant
behaioral and physiologicalchanges.Diamondet al. [3]
shaved that dog expertsperform dog identi cation differ-
entlythannonexperts;Tarretal. [12] arguedthatthebrain's
fusiform faceareadoesvisual processingf categoriesfor
which expertisehasbeengained.

The processeshat occur during Object Categorization
(OC) andObjectldenti cation (OID) canbeformally char
acterizedlIn functionalnotation,the stagedor OC are

1. (Off-line) trainerT¢y : classtrainingimages?! Cea,
2. (On-line)classi er G4 : testimage?! classlabel.



Thereis nothing novel here,just the standardparadigmof
statisticallearning.lt reliesimplicitly on having enoughex-
amplesof eachclassto learndiscriminatie features.

For OID, we assumeff-line accesso plentyof examples
of thecategory (cars,dogs,faces) We thenmustdevelopan
on-line classi er for a future imageof Bob's BMW, given
only oneexampleof it. We decomposéhe on-line process
into two stages:(a) producingan “identi er”, a classi er
specializedo reidentify a speci ¢ objectbasedon a single
exampleof it, and(b) runningthe“identi er” ontheincom-
ing datastream. Theseon-line stagesare precededy the
off-line procesof learningcategory speci c characteristics,
resultingin an“identi er generator”.Thus,thethreestages
for OID are

1. (Off-line) trainerT,y : categorytrainingimages?! Hiqg,

2. (On-line)identi er generatoH iq : objectimage?! Cq,

3. (On-line) classi er Gq: testimage?! fsame,differ-
eng.

We stresghatstepl learnscategory speci ¢ characteris-
tics, while step2 createsan objectspeci c classi er. Now
we addressletails.

First we needto pick a family of classi ersGy. Moti-
vatedby the succes®f patch(a.k.a.partor fragment)based
representationq13, 14]) for OC, we usethemfor OID as
well. Speci cally, we develop an OID systemwhosegen-
eratedclassi er Gy (step3) is a patch-basedlassi cation
cascadesimilar to that of Vidal-Naquetet al. [13], where
evidencefrom featureds accumulatedncrementallyuntil a
“same”or “dif ferent” decisioncanbe made.Thetricky part
isto give Hiy theability to pick out objectspeci ¢ discrim-
inative features(e.g.a prominentdoor handlein onecar, a
roof rack in another). But how canwe know that a patch
containinga prominentdoorhandleis discriminatie, based
on a singleimage, whenwe have never seena door handle
exactly likeit before?

The coreof our approachs to usehyperfeatures which
are generic position and appearancecharacteristicsof a
patch. Examplesincludelocationof a patch,edgecontrast
in the patchandthe dominantorientedenepy in the patch.
We might, in the processof becominga car identi cation
expert, expectto learnthat patchesabouthalf-way up with
strongedgecontrastanda dominanthorizontalorientation
are particularly informative. When given the speci ¢ ex-
ample of Bob's BMW, the identi er generatorHy could
producean object-speci ccascadevith the rst testbased
on the patchcontainingthe door handle.Whereador Jens
Ford, the samesetof hyperfeatureswill resultin adifferent
orderingof salientpatchesyesultingin a differentclassi -
cationcascadevith the rst testusingapatchcontainingthe
roof rack (seeFig. 3).

More precisely to instantiateGq (step2), the function
Hiq is givenasingleimage of theobject(e.g.Bob's BMW)
andproducessequencef patche®rderedrom mostinfor-

mative to least,that maximizesthe cumulative information
content. This sequencés object-speci c,andmay empha-
sizedifferentpartsof eachobject.

The off-line training Tiy (step 1), given a set of im-
age pairs from the categyory, eachpair labeled“same” or
“dif ferent; producesa class-speci cHq by learning(a) a
salieny andscoringmodelfor imagepatchesasa function
of patchcharacteristictik e positionandappearancéhyper
featuesg, (b) a dependeng model betweenimage patches
basedon similarity of their hyperfeaturesand(c) a setof
thresholddor the cascadeThe speci ¢ hyperfeaturesused
are themseles automaticallyselectedduring this training
stepfrom alarge pool of candidatgpatchcharacteristics.

In contrasto someother“one-shot’learningalgorithms
[11, 4], whereoff-line traininginvolves nding priorsfor a

x edmodel,our Tig actuallylearnshow to identify anarbi-
trary numberof goodfeaturesfor the givencateyory. Thus
our nal classier Gy, while always a cascadeof image
patchegaken from the model object, will have a different
setof patcheq(in size,location,andcount)for eachobject.
To scorea patchfrom a modelimageandits correspondent
in atestimage,our techniqueusesgeneralizedinear mod-
els (GLMs) to estimatea generatie modelfor the dissimi-
larity betweerpatchpairs.“Same”and"dif ferent” distribu-
tionsbasedn the hyperfeatureof the patchareestimated.
Thesedistributionsareusedbothto estimatethe salieny of
a patch(by computingthe expectedmutualinformationbe-
tweenthe dissimilarity anddecisionvariables)andto score
apatchpairby comparinghelik elihoodunderthesameand
differentdistributions. By estimatingbivariate“same” and
“dif ferent” distributionsfor neighboringpatchesye model
the dependeng relationshipsallowing usto computea se-
quenceof patcheswith highjoint informationcontent.

Section2 summarize®ur previously publishedwork on
usinghyperfeaturedor visualidenti cation [5]. Thatwork
had a seriouslimitation: it assumedhat the patcheswvere
independent. This assumptionis clearly false, especially
for nearbyand overlappingpatches. To make that system
work, we allowedonly a single patchsizeandaddeda sim-
ple penaltytermfor a patchthatwasnot a local maximum.
Herewe allow the systemto pick patcheof varyingsizes,
forcing us to model the patch dependencies.This model
andits estimationfrom thetrainingdatais describedn Sec-
tion 3. With thisdependengmodel,we build thecascadén
Sectiond by nding stoppingthresholdgor making“same”
or “dif ferent” decisions.Section5 detailsour extensive ex-
perimenton carandfacedatasets.

2. Learning Hyper-Features

We begin by outlining the basiccomponent®f our system,
someof which werepreviously detailedin [5]. Asthemain
focusof thispapelis modelingpatchdependeng(Section3)
andbuilding the classi cationcascadgSection4), we only



summarizeéhesecomponentandaskthe readerto referto
[6] for additional detailsand motivationsfor our choices.
We describethe training (Tiq ), identi er generatingHiqg ),
and classi cation (Gq ) functionsin reverseorder, starting
with the nal form of the object-speci cclassi er. In the
following, we assumehatall imagesare known to contain
objectsof the given categyory (e.g. carsor faces)andhave
beenbroughtinto roughcorrespondencéseeSection5 for
details).

2.1 Classier Gqy

Theclassi er Gy decidesf atest(a.k.a.right) imagel R is
thesamgC = 1) ordifferent(C = 0) thanthemodel(a.k.a.
left) imagel - it wastrainedfor.

Patches. Our classi er consistsof a sequenceof im-
agepatchesrom the probeimagel - and denotedFjL for
1 j m. Unlike our previousalgorithmfrom [5], these
patchescan have differentsizesand resolutions(by using
differentlevels of a Gaussiarpyramid). Generallyspeak-
ing, largerpatchesaresampledatlowerresolutionskeeping
the compleity of the patchesapproximatelyconstant.The
gray-scale(we currently don't use color information) pix-
els of the patchare encodedby applyinga rst derivative
Gaussiadd-symmetriclter atfour orientationghorizon-
tal, vertical,andtwo diagonal),giving four signednumbers
perpixel.

Matching. Eachencodedpatch FjL is matchedto an
equally sized areain the testimagel R, by searchingfor
the most similar patch FjR within some small neighbor
hoodaroundthe expectediocation(accordingto the coarse
alignment). The distancefunction that this searchmini-
mizesis one minus the normalizedcorrelationd; = 1
CorrCoefF-; F) betweerthe encodecpatches.The ap-
pearancalistanced; is usedasevidencefor decidingif 1+
andl R arethesame(C = 1) or different(C = 0).

Lik elihood Ratio Score. To corvert d; to a score,
Gy storesprobability distributions P(D;jC = 1) and
P(D;jjC = 0) for eachpatchand computeshe log likeli-
hoodratio. (Note: d; refersto thespeci c measuredlistance
for agivenmodelandtestimage,while D; denotesheran-
domyvariablefrom which d; is a sample).After m patches
have beenmatched,assumingndependenceye scorethe
matchbetweerimaged b andl R usingthesumof log like-
lihoodratiosof matchedpatches:

X P(Dj =djC=1)

R= log : :
-1 P(bj=djc=0)

To computethis, we mustevaluateP (D; = djjC = 1)
andP(D; = d;jC = 0). In our system,both of these
will take the form of gammadistributions ( dj; ©=!) and
(di; ™), wheretheparameters©=* and “=° arede-
ned aspartof theclassi er Gy for eachpatchandareset

(1)

by Hiy basednhyperfeatures.

Making a Decision. In [5], Gy matcheda x ednumber
of patchegm), computedthe scoreR by Eq. 1, andcom-
paredit to athreshold . R > meantthat! - and IR
arethe same.Otherwisethey aredeclaredlifferent.In Sec-
tion 4 of this paper we de ne a cascaddrom the sequence
of patchedyy applyingthresholdsaftereachpatchhasbeen
matched.

To summarizetheclassi er Gy is de ned by asequence
of patchesof varying sizes(denotedFjL) taken from the
probeimagel - . Additionally, a pair of parameters =
and = thatde ne thedistributionsP (D;jC = 1) and
P(DjjC = 0) areassociateavith eachpatch.

2.2. Classi er Generator H g

Theclassi ergeneratoH g musttake in asinglemodelim-
agelt of a new objectfrom the given cateyory and pro-
duce a sequenceof patchesF{| ;::;FL and their associ-
ated gammadistribution parameters, $71;::;; ¢! and

£=0.:;; €20 for scoringbasedon the appearancelis-
tancemeasuremerd; (which is measuredvhenthe patch
F," is matchedo alocationin atestimagel ?).

Estimating =' and =°. Sincebeingableto es-
timateagood =' and =0 for ary patchj is alsothe
key to picking good patcheswe startwith this step. Con-
ceptually we want ~ to bein uenced by what patchF;-
looks like andwhereit is on the object(seethe discussion
of hyperfeaturesin Sectionl). First, we extract a prede-
ned setof hyperfeaturesfrom the patchsuchas [x_pos,
X_pos’, size, resolution , contrast®, vertical _energy, ...].
LetZ; = [Z1; :::;Z.]T beavectorof thesehyperfeaturedor
patchj , andlet ]C beparameterizeds = f j; ;g. Now
we de ne a generalizedinear model (GLM) [10], which
links thesehyperfeaturesZ to thegammadistribution ( ()
modelfor P(D;jC = 1) andP(D;jC = 0):

P(D;iz;C)= (di; ¢ Zji ¢ Zj); )
wherethe secondand third argumentsto () are mean
and shape parameters. Each (there are four of

these ~_g; c—g: c=17 c=1) iS avectorof parameters
of length| that weightseachhyperfeaturemonomial Z;.
Thekey pointto noticeis thatgivena hyperfeatureencod-
ing (the de nition of which patchcharacteristic$o extract)
andthe linearweights , we canestimatethe distributions
P(D;jjC = 1)andP(D;jC = 0) for ary probeimagepatch
FJ-L , basednits positionandappearance.

Estimating Saliency If we de ne thesalieng of apatch
asthe amountof information aboutthe decisionC likely
to be gainedif the patchwere to be matched,thenit is
straightforvard to estimatesalieny given P(D;jC = 1)
and P(D;jC = 0). Intuitively, if P(DjjC = 1) and
P(D;jC = 0) aresimilar distributions, we don't expect
muchusefulinformationfrom a valueof d; . On the other



hand.,if the distributionsarevery different,thend; cantell
us a greatdeal aboutour decision. Formally, this canbe
measureds the mutual information betweenthe decision
variableC andtherandomvariableD;. Formally, this can
bemeasure@dsthemutualinformationbetweerthedecision
variableC andthe randomvariableD; (we assumesqual
priorsonC,P(C = 0) = P(C = 1) = 0:5):

I(Dj;C) = H(Dj) H(DjiC):

HereH () is Shannorentropy. The key factto noticeis
that this measurecan be computedust from the estimated
distribution of D; (which, in turn, wereestimatedrom the
positionandappearancef the model patchF]-L ) beforethe
patchhasbeenmatched.

Finding Good Patches. The above mutualinformation
formulaallowsusto estimatehesalieng of any patch.Thus
de ning a sequencef patchesto examinein order, from
amongall candidatepatches,is straightforvard: for each
candidatgatchestimatehedistributionsP (D; jC) fromthe
hyperfeatures,computethe mutualinformation| (D; ; C);
sortthe patchesby | (D ; C); andtake the top m patches.
The problemwith this procedurds thatthe patchesare not
independentoncewe have matchedapatchFjL , theamount
of additional information we are expectedto derive from
matchingapatchF/- thatoverlapsF} is lessthenl (D;; C)
would suggestWe discussa solutionto this problemin Sec-
tion 3.

However, assuminghatthis dependengproblemcanbe
solved, we have a completealgorithm for generatingthe
classi er Gy from a singleimage,givenade nition of the
hyperfeaturedo extract(the patchstatisticsZ) andthelin-
earweights .

2.3 Off-line Training Ty

The task of the off-line training stepTiy is to de ne the
hyperfeatureencodingZ andto learnthe weights that
link this encodingto the distributions P (D;jC = 1) and
P(DjjC = 0). Thisstepis givenalargecollectionof image
pairsfrom the category, whereeachleft-right imagepair is

labeledas“same”or “dif ferent”. A largenumberof patches
FjL are sampledfrom the left imagesand matchedto the
rightimages(by nding the bestmatchingFjR) in thesame
manneras during classi cation Gy (seeMatchingin Sec-
tion 2.1), andthe appearanceéistanced; is recorded. For

eachpatch,a large setof candidatehyperfeaturesare also
extractedfrom the positionandappearancef theleft patch
FjL . This datagivesrise to 2 generalizedinear regression
problems:onefor the“same”(C = 1) setandonefor the
“different” (C = 0) set. Our solutioninvolves(1) a fea-
tureselectionstepwhich nds ahyperfeatureencoding(Z)

by choosinga smallsubsefrom the candidatesetof hyper

featuresand(2) amaximumlik elihoodestimatiorstepto t

c=1) c=1 @nd ¢4 coo-

Figure?2: Patch Correlations.On eachimage the patchesnost
correlatedwith the white-circledpatchare shavn. Notice thatin
theleft image,wherethe patchsitsin anareawith a highly visible
horizontalstructure,the most correlatedpatchesall lie alongthe
horizontalfeatures. Contrastthis with the right image, shaving
correlationof patcheswith a patchsitting on a wheel, wherethe
most correlatedpatchesare thosethat strictly overlap the white-
circledpatch.

Figure3: TheTen MostInformativePatches. Thetenrectan-
gleson eachobjectshav thetoptenpatchesuralgorithmselected
for theclassi cationcascadédor thatobject Thefacemodelseems
to preferfeaturesaroundtheeyes,while thecarmodelstendto like
wheels.Notice,however, thatevenwithin a catgory eachcascade
is unique,highlightinginterestingappearancéaturedor thatob-
ject. The patchesare color codedaccordingto their order from
darkred(1) to darkblue (10).

3. Modeling Pairwise Relationships
BetweenPatches

In Section2, we describedur modelto scorea probeim-
agepatchF," andits bestmatchF? by modelingthe distri-
bution of their distancein appearance);, conditionedon
the matchvariableC. Furthermorejn Section2.2, we de-
scribedhow to infer the salieny of the patchFjL for match-
ing basednthesalistributions.As we notedin thatsection,
this works for picking the rst patch,but is not optimal for
picking subsequenpatchesoncewe have alreadymatched
andrecordecdthe scoreof the rst patch,the amountof in-
formationgainedfrom a nearbypatchis likely to be small,
becauseheir scoresarelikely to be correlated.Intuitively,
thenext choserpatchwouldideally beahighly salientpatch
whoseinformation aboutC is asindependenss possible
from the rst patch. Similarly, the third patchshouldcon-
siderboththe rst andthe secondatches.

Let F(ﬁ() representhe kth patchpicked for the cascade

and let F(Ll:::n) denotethe rst n of thesepatches. As-



sumewe have alreadypicked patchesF(Ll:::n y andwe wish

to choosethe next one, F(Ln +1y » from the remainingset of
FjL 's. We would like to pick the one that maximizesthe

informationgain or the conditionalmutualinformation

I (D(n+1) ;CjD(l:::n)) =1 (D(l:::n +1) ;C) I (D(lzzzn )i C):

This quantityis dif cult to estimatedueto the needto
modelthe joint distribution of all D, ...y patches. How-
ever, notethattheinformationgainof anew featureis upper
boundedby the informationgain of that featurerelative to
ary singlefeaturethathasalreadybeenchosenThatis,

I (D(n+1) ;CjD(lz::n )) 1miinn I (D(n+1) ;CjD(i)): (3)
Thus, ratherthanmaximizing the full informationgain,

we selectthe new featurethat maximizesthis upperbound
ontheamountof “new” information:

argmaxmin | (Dj; CjD); 4)
] I

wherei variesover the alreadychosenpatches,and j
variesover theremainingpatchesThis formulation(Eq. 4)
followsthatof Vidal-Naquetetal. [13].

3.1 DependencyModel

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

I(Dj;CjDjy) = 1(Dj;Diy;C) 1(D);C):

In Section2.2, we shaved that we can determinethe
secondterm, | (Djy; C), from the estimatedgammadis-
tributions for P(D(,)jc = 1) andP(D(l)jC = 0) Sim-
ilarly, to calculatel (D;;D);C), we needan estimate
of the bivariatedistributions for P(D;); D;jC = 1) and
P(D(y;DjjC = 0). If theD(y andD; areindependent
conditionedon C, thenthesearestraightforwardto compute
from the known mamginal distribution parametergor D (;
andDj . To modelthe dependentasewe employ Kibble's
bivariategammadistribution[8], which hasfour parameters:
K(1; 255 ),0< <1 j;and ;aremeanparameters
for the maminals,and is a dispersionparametefor both
mauginals(the formulationrequirestheseto beequal). is
thecorrelationbetweerD (jy andD;, andvariesfrom 0, in-
dicatingfull independencef the maminals,to 1, in which
themarginalsarecompletelycorrelated.

To make this formulationwork, the mamginal distribution

parametersnustbeconstrainedo beequal( ~=' = 8):1

aswellas =t = F=1)L Thereforefor the computation
of the conditionalmutualinformationof D; conditionedon

IMore preciselythe 's mustbeequal(thisis arequiremenbf Kibble's
c=1 c=0
formulation),while the 's mustsatisfy = = —==;
() ()

D iy, we force the maminal distribution of the alreadycho-
senpatch(D ) to be equalto the maminal distribution of
the patchcurrently being consideredD; ). Given thatour
methodfor comparingall patchess the same namelynor-
malized correlation,this usually meansa very minor per
turbationto the estimatedistribution of D (;; whenthetwo
patchesarestronglycorrelated Onthe otherhand,whenthe
maminalsareoriginally fairly different,thetwo patchegend
to be uncorrelated.In this case the exact shapesf D jy's
distributionsarelessrelevantto the computatiorof Eq. (4).
Sincewe arealwayssettingthe rst two parametersf Kib-
ble's distribution to be the samewe will henceforthwrite it
with threeparameterge.g.K ( ©=0; C=0;)).

3.2.  Predicting Patch Correlations from

Hyper-Feature Differences

Giventhe above formulation,we have reducedhe problem
of nding the next bestpatch,F(Lnﬂ) , to the problem of
estimatingthe correlationparameter of Kibble's bivariate
gammadistributionfor ary pair of patchef(Li) (oneof then

patchesalreadyselectedpndF," (a candidatefor Ff; ., ).
Theintuition is thatpatcheghatarenearbyandoverlapping
or thatlie onthesameunderlyingimagefeatureqfor exam-
ple thehorizontalline onthe sideof thecarin Figure?2) are
likely to be highly correlatedwhereaswo patcheghatare
of differentsizesandfaraway from oneanotherarelik ely to
belessso.

We model , the last parameterof K ( “=t; ©=1; )
andK ( £=0; ©=0; ), similarly to our GLM estimateof
its other parametergsee Section2.2): we let be a lin-
ear function of the differenceof varioushyperfeaturesof
the two patchesF, andFj-. Clearcandidategor these
covariatesare the (}ifferencein position and size of the
two patchesaswell assomeimage-basedeaturessuchas
the differencein the amountof contrastwithin eachpatch.
To ensure0 < < 1, we use a sigmoidlink function

= (1 exp( Y)) ! whereY isourvectorof hyper
featuredifferencesand is the GLM parametewector

Givenadatasetof patchpairsF ; andFjL andassociated
distancesl;y andd; (foundby matchingthe“left” patches
to a“right” imageof the sameor of a differentobject),we
estimatethe linear coefcients . This is done by maxi-
mizingthelikelihoodof K ( °='; C©=!; ) usingdatataken
fromimagepairsthatareknownto bethe“same”( J-Czl and

=1 areestimatedrom F by the methodof Section2.3
andare x edfor this optimization).andK ( ~=°; ©=0; )
using datataken from “dif ferent” image pairs. Also sim-
ilarly to Section2.3, we choosethe encodingof Y auto-
matically, by the methodof forward featureselection[7]
over candidatehyperfeaturedifferencevariables.As antic-
ipated thetop rankedvariablesencodedifferencesn posi-
tion, size,contrastandorientationenegy. Our nal model



useghetop 10 variables.

4. Building the Cascade

Now thatwe haveamodelfor patchdependenceye cancre-

atea sequencef patchestL (seeSection2.2) that, when
matched collectively capturethe maximumamountof in-

formationaboutthe decisionC (sameor different?). The
sequencés orderedsothatthe rst patchis the mostinfor-

mative, the secondslightly lesssoandsoon. The nal step
of creatinga cascadas to de ne early stoppingthresholds
on the log likelihoodratio sumR thatcanbe appliedafter
eachpatchin the sequencéasbeenmatchedandits score
addedo R (seeSection2.1).

We assumehat we are given a global threshold (see
Section2.1) thatde nesaglobalchoicebetweerselectvity
and sensitvity. What remainsis the de nition of thresh-
oldsateachstep, 5" and G)°, whichallow the system

to accept(declare*same”) if R > (ijl or reject(declare

“different”) if R &31, otherwisecontinueby matching
patchk + 1. TolearnthesehresholdswerunH gy ontheleft
imagesandtheresultingclassi er Gy ontherightimagesof
ourtrainingdataset. Thiswill produceaperformanceurve
for eachchoiceof k, the numberof patchesncludedin the
classi cationscorejncludingk = m, thesumfor which is
de ned. Our goalfor the cascadés for it to make decisions
asearlyaspossibletight thresholdsput, onthetrainingset,
never make a mistale on ary pair which wascorrectlyclas-
si ed usingall m patchesandthe threshold . Thesetwo
constraintexactly de ne thethresholds 5" and §,° .

5. Resultsand Conclusion

Thegoalof this work wasto createanidenti cation system
thatcouldbeappliedto differentcateyories,wherethealgo-
rithm would automaticallylearn (basedon off-line training
examples)how to selectcatayory-speci c salientfeatures
from anew image.In this sectionwe demonstrat¢hatafter
catgyory training, our algorithmis in factabletake a single
imageof anovel objectandsolelybasednit createa highly
effective“same”vs. “dif ferent” classi cationcascadef im-
agepatches. Speci cally, we wish to shaw that for visual
identi cation eachof thefollowing leadsto animprovement
in performancen termsof accuray and/orcomputational
efciency:

1. breakingthe objectup into patcheqa.k.aparts,frag-
ments),matchingeachone separatelyand combining
theresults,

2. differentiating patchesby estimatinga scoring and
salieng function for eachpatch (basedon its hyper
features),

3. modelingthe dependeng betweenpatchedo createa
sequencef patchego beexaminedin order, and

Figure4: ExampleModel-TestClassi cations. Eachpair of
imagesshavs a modelandatestimage,which hasbeenlabeledas
“same”or “dif ferent” by our algorithm. Thepatcheshatwereused
in thecascadéor thattestimageareindicatedfor eachpair, where
the orderis color codedfrom red to blue. The rst 3 rows shav
correctclassi cation results. For cars, false-ngatie errors(not
shawvn) primarily occurwith darker carswherethe main sourceof
featuresaretheillumination artifactsthatcanvary greatlybetween
theimageswhile false-positie errorstendto involve very similar
vehicles(e.g. samemake andmodel). Two typical faceerrorsare
shavn in the lastrow: the large variationsin pose,lighting, ex-
pressiorandimageresolutionmale thefacedatasetvery dif cult.
Note: the modelfor the personwearingsunglassem the lastrow
is theonly onewhose st patchin thecascadés notontheeye.

4. applyingearly terminationthresholdso the patchse-
quenceo createthe cascade.
We testedour algorithm on two differentdatasets: (1)

carsfrom 2 cameraswith signi cant posedifferential, and
(2) facesfrom news photographsExampledrom thesetwo
datasetsareshavnin Figure3, with thetop 10patche®f the
classi cationcascadeandFigure4, with model-testclassi-
cation results.For eachdataset,a differentautomaticpre-
processingstepwas appliedto detectobjectsand approxi-
matelyalign them. After this, the sameidenti cation algo-
rithm was appliedto both sets. For lack of spacewe de-
tail our experimentson dataset1, andonly summarizethe
resultsfor dataset2. Qualitatively, our resultsare consis-
tentin shaving that eachof the above aspectof our sys-
tem improvesthe performanceandthatthe overall system
is both ef cient andeffective. In the lastsection,we com-
pareour systento Lowe'stechniqud9], whichdoesnotuse
cateyory-speci clearning.

5.1. Cars

358 uniquevehicles(179training, 179 test)wereextracted
usingablob tracker from 1.5 hoursof videofrom two cam-



Figure5: Precisionvs. RecallUsing Different Numbes of
Patches. Theseareprecisionvs. recall curvesfor our full model.
Eachcurwe representshe performanceradeof betweerprecision
andrecall, whenthe systemusesa x ed numberof patches.The
lowestcune usesonly the singlemostinformative patch,while the
top curve usesup to 100 patches.The 85% recallrate,wherethe
differentmodelsof Figure 6 arecomparedjs notedby a vertical
black dashedine. A magentaX, at recall= 84.9 andprecision=
84.8,marksthe performancef the cascadenodel.

eraslocatedoneblock apart. The poseof the cameragela-
tive to theroad(seeFigure 1) wasknown from staticcam-
eracalibration,andalignmentincludedwarpingthe sidesof

thevehiclesto beapproximatelyparallelto theimageplane.
Within training and testing sets,about2685 pairs (true to

falseratio of 1:15) of mismatcheccarswere formed from

non-correspondingmages,one from eachcamera. These
includedonly thosecar pairs that were super cially simi-

lar in intensityandsize. Using the bestwhole imagecom-
parisonmethodwe could nd (normalizedcorrelationon

blurred Iter outputs)on this setproducesl4% falsepos-
itives at a 15% missrate. This datasetis available from

www.cs.berkeley.edu/ ferencz/vi  d.

Figure6 compareseveralversionsof our modelby plot-
ting the false-positie rate (y-axis) with a x edmissrateof
15%(85%recall),for a x edbudgetof patchegx-axis). The
85%recallpointwasselectedasedn Figure5, by picking
the equalerror point given the 1 to 15 true-to-falseratio.
The RandomOrder curve usesour hyperfeaturemodelfor
scoring,but chooseghe patchesandomly By comparing
this curve to its neighbors noticethe performancegain as-
sociatedvith differentiatingpatchedasednhyperfeatures
bothfor scoring(NoHyperFeaturesvs. RandonOrder) and
for patchselectionRandonOrdervs. Mutual Informatior).
ComparingMutual Informationvs. ConditionalMI shows
that modelingpatchdependencés importantfor choosing
a small numberof patches(seerange5-20) that together
have high information content(Section3). ComparingPo-
sition Only (which only usespositionalhyperfeatures)vs.

RecallRate 60% 70% 80% 90%
PCA+ MahCosine | 82% 73% 62% 59%
Filter+ NormCor | 83% 73% 67% 57%
No HyperFeatures| 86% 73% 68% 62%
RandomlOPatches| 79% 71% 64% 60%
Top 1 CMI Patch 86% 76% 69% 63%
Top50CMI Patches| 92% 84% 75% 67%
CMI Cascade 92% 84% 76% 66%

Tablel: Precisionvs. Recallfor Faces.
Eachcolumndenoteghe precisionassociatedvith a given recall
ratealongtheP-Rcurve. PCA+ MahCosineandFilter + NormCor
arewhole facecomparisortechniques.PCA + MahCosineis the
bestcurve producedby [2], which implementsPCA andLDA al-
gorithmswith face-speci cpreprocessingFilter + NormCoruses
thesamerepresentatioandcomparisormethodasour patchesbut
appliedto thewholeface.Thelast4 all useour patchbasedsystem
with hyperfeatures. The last 3 usesconditionalmutualinforma-
tion basedpatchselectionwherethe numberof patchesllowedis
setto 1, 50, andvariable(cascade)espectrely.

ConditionalMI (which usesboth positionalandappearance
hyperfeaturesshows that patchappearanceharacteristics
aresigni cant for both scoringandsalieny estimation.Fi-
nally, the cascadeperforms(1.02%error, with meanof 4.3
patcheaused)aswell asthe full modelandbetterthanary
of the others,evenwhenthesearegivenan unlimited com-
putationbudget.

Figure5 shavsanothemwayto look attheperformancef
ourfull modelgivena x edpatch(computationpudget(the
ConditionalMI curve of Figure6 representtheintersection
of thesecurveswith the 85%recallline). The cascadger
formanceis alsoplottedhere(follow the blackarrow).

5.2. Faces

We useda subsetof the “Facesin the News” datasetde-
scribedin [1], wherethe faceshave beenautomaticallyde-
tectedfrom news photographs&ndregisteredby their algo-
rithm. Ourtrainingandtestsetseachusedl03differentpeo-
ple, with two imagesper person. This is an extremely dif-

cult datasetfor ary identi cation algorithm,astheseface
imageswerecollectedin acompletelyuncontrolledmanner
(news photographs)Tablel summarizesurresultsfor run-

ning the samealgorithmasabove on this set.Notethesame
patternasabove: the patchbasedsystemgenerallyoutper

formswhole objectsystemgherewe compareagainststate
of theart PCA andLDA algorithmswith facespeci ¢ pre-
processingusing CSU's implementation2]); estimatinga
scoringandsalieng functionthroughhyperfeaturegreatly
improvesthe performanceof the patchbasedsystem;the
cascadegjsinglessthan6 patchesn average performsas
well asalwaysusingthe best50 patchegperformancectu-
ally declinesabove 50 patches).



Figure6: ComparingPerformanceof DifferentModels.The
cunesplot the performancef variousmodels asmeasuredby the
false-positie rate(fraction of differentpairslabeledincorrectlyas
same),at a x ed recall rate of 85%. The y-axis shaws the log
error rate, while the x-axis plots the log numberof patchesthe
modelswereallowed to use(up to a maxof 100). As the number
of patchesncreasesthe performancemprovesuntil a point, after
whichit levelsoff and,for themodelsthatorderpatchesaccording
to informationgain,evendecrease@vhennon-informatve patches
beginto pollutethescore).The(red)modelthatdoesnotusehyper
featues(i.e. usesthe samedistributionsfor all patches)performs
very poorly comparedo thehypekrfeatureversionsgvenwhenit is
allowedto usel00patchesThesecondturve from thetop usesour
hyperfeaturemodelto scorethe patchesput randomselectionto
pick the patchorder The positiononly modelusesonly position-
basedhyperfeaturesfor selectingpatchorder (i.e. it computesa
x ed patchorderfor all cars). Thelight blue modelsortspatches
by mutualinformation withoutconsideringlependenciesT helast
curve shaws our full modelbasedon selectingpatchesaccording
to their conditionalmutualinformation usingboth positionaland
image-basetiyperfeatures Finally, the magentaX at4.3patches
and1.02%errorshaws the performancef the cascadenodel.

5.3 Comparisonto SIFT

In the previous sections,we have shovn that eachstep of
our algorithmimprovesthe classi cation performanceBut
how doesour systemcomparewith otherleadingmethods?
While an in-depthcomparisonis beyond the scopeof this
paper we comparecbur resultsto David Lowe's technique
appliedto our caridenti cation problem.We useda version
of his algorithmdescribedn [9] with no category-speci c
learning. At the 85% recall point, that algorithmproduced
afalse-positie errorrateof over 20% on our dataset(com-
paredto our 1.02%). Limiting the areaandrotation of the
matching SIFT featuresgiven the approximatealignment
thatis usedin our algorithmdid not improve theseresults
signi cantly. In additionto the obvious lack of cateyory-
speci c training,the poor performancef Lowe's algorithm

on this datamay be dueto the designof the SIFT features.
Speci cally, we foundthatdueto the natureof the problem,
wheredistinctobjectscanlook very similar exceptfor afew
subtledifferencesfeatureghatweredevelopedto berobust
to smalldifferencegsuchasSIFT) do not performwell.
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