
Learning Hyper-Featuresfor
Visual Identi�cation

Andras Ferencz Erik G. Learned-Miller Jitendra Malik
ComputerScienceDivision,EECS
Universityof CaliforniaatBerkeley

Berkeley, CA 94720

Abstract

Weaddresstheproblemof identifyingspeci�c instancesof aclass(cars)
fromasetof imagesall belongingto thatclass.Althoughwecannotbuild
amodelfor any particularinstance(aswemaybeprovidedwith only one
“training” exampleof it), wecanuseinformationextractedfrom observ-
ing othermembersof theclass.We posethis taskasa learningproblem,
in whichthelearneris givenimagepairs,labeledasmatchingor not,and
mustdiscoverwhich imagefeaturesaremostconsistentfor matchingin-
stancesand discriminative for mismatches.We explore a patchbased
representation,wherewe modelthedistributionsof similarity measure-
mentsde�ned on the patches. Finally, we describean algorithm that
selectsthemostsalientpatchesbasedon a mutualinformationcriterion.
This algorithmperformsidenti�cation well for our challengingdataset
of carimages,aftermatchingonly a few, well chosenpatches.

1 Intr oduction

Figure1 shows six cars:thetwo leftmostcarswerecapturedby onecamera;theright four
carswereseenlater by anothercamerafrom a differentangle. The goal is to determine
which images,if any, show thesamevehicle. We call this taskvisual identi�cation. Most
existing identi�cation systemsareaimedat biometricapplicationssuchasidentifying �n-
gerprintsor faces.While objectrecognition is usedlooselyfor severalproblems(including
this one),we differentiatevisual identi�cation, wherethe challengeis distinguishingbe-
tweenvisually similar objectsof onecategory (e.g. faces,cars),andcategorizationwhere

Figure1: TheIdenti�cation Problem:Which of thesecarsare thesame?Thetwo carsonthe
left, photographedfrom camera1, alsodrive pastcamera2. Which of the four imageson theright,
takenby camera2, matchthecarson theleft? Solvingthis problemwill enableapplicationssuchas
wideareatrackingof carswith asparsesetof cameras[2, 9].



Figure2: Detectingandwarpingcar imagesinto alignment:Our identi®cationalgorithmassumes
thata detectionprocesshasfoundmembersof theclassandapproximatelyalignedthemto a canon-
ical view. For our dataset,detectionis performedby a blob tracker. A projective warp to align the
sidesis computedby calibratingthe poseof the camerato the roadand®nding the wheelsof the
vehicle. Note that this is only a roughapproximation(the two warpedimages,centerandright, are
far from perfectlyaligned)thathelpsto simplify ourpatchdescriptorsandpositionalbookkeeping.

thealgorithmmustgrouptogetherobjectsthatbelongto thesamecategory but maybevi-
suallydiverse[1, 5, 10, 13]. Identi�cation is alsodistinctfrom “objectlocalization,” where
thegoal is locatinga speci�c objectin scenesin which distractorshave little similarity to
thetargetobject[6].1

Onecharacteristicof theidenti�cation problemis thatthealgorithmtypically only receives
onepositive exampleof eachqueryclass(e.g. a single imageof a speci�c car), before
having to classifyother imagesas the “same” or “dif ferent”. Given this lack of a class
speci�c trainingset,we cannotusestandardsupervisedfeatureselectionandclassi�cation
methodssuchas[12, 13, 14]. Onepossiblesolutionto this problemis to try to pick uni-
versallygoodfeatures,suchascorners[4, 6], for detectingsalientpoints. However, such
featuresarelikely to besuboptimalasthey arenot category speci�c. Anotherpossibility
is to hand-selectgoodfeaturesfor thetask,suchasthedistancebetweentheeyesfor face
identi�cation.

Herewe presentan identi�cation framework that attemptsto be moregeneral.The core
ideais to useatrainingsetof otherimagepairsfrom thecategory(in ourcasecars),labeled
asmatchingor not, to learnwhatcharacterizesfeaturesthatareinformative in distinguish-
ing one instancefrom another(i.e. consistentfor matchinginstancesanddissimilar for
mismatches).Our algorithm,given a singlenovel query image,canbuild a “same” vs.
“dif ferent” classi�er by: (1) examininga setof candidatefeatures(local imagepatches)
on the query image(2) selectinga small numberof themthat are likely to be the most
informativefor thisqueryclassand(3) estimatingafunctionfor scoringthematchfor each
selectedfeature. Note that a differentsetof features(patches)will be selectedfor each
uniquequery.

Thepaperis organizedasfollows. In Section2, we describeour decisionframework in-
cluding the decompositionof an imagepair into bi-patches, which give local indications
of matchor mismatch,andintroducethe appearancedistancebetweenthe two halvesas
a discriminative statisticof bi-patches.This modelis thenre�ned in Section3 by condi-
tioning the distancedistributionson hyper-featuressuchaspatchlocation,contrast,and
dominantorientation.A patchsaliency measurebasedon theestimateddistancedistribu-
tions is introducedin Section3.4. In Section4, we extendour modelto includeanother
comparisonstatistic,thedifferencein patchpositionbetweenimages.Finally, in Section5,
we concludeandshow that comparinga small numberof well-chosenpatchesproduces
performancenearlyasgoodasmatchingadensesamplingof them.

2 Matching Patches

We seekto determinewhethera new query imageI L (the “Left” image)representsthe
samevehicleasany of our previously seendatabaseimagesI R (the “Right” image). We
assumethat theseimagesare known to containvehicles,have beenbroughtinto rough
correspondence(in our dataset,througha projective transformationthat alignsthe sides
of the car) andhave beenscaledto approximately200 pixels in length(seeFigure2 for
details).

1Thereis evidencethatthis distinctionexistsin thehumanvisualsystem.Some®ndingssuggest
thatthefusiform faceareais specializedfor identi®cationof instancesfrom familiar categories[11].



Figure3: Patch Matching: The left (query)imageis sampled(red dots)by patchesencodedas
oriented®lter channels(for labeledpatch2, this encodingis shown). Eachpatchis matchedto the
bestpoint in thedatabaseimageof thesamecarby maximizingtheappearancesimilarity betweenthe
patches(thesimilarity scoreis indicatedby thesizeandcolor of thedots,wherelargerandredderis
moresimilar). Threebi-patchesarelabeled.Althoughtheclassi®cationresultfor thispair of images
shouldbeªsameº(C = 1), noticethatsomebi-patchesarebetterpredictorsof this resultthanothers
(thesimilarity scoreof 2 & 3 is muchbetterthanfor patch1). Our goal is to beableto predictthe
distribution of P (djC = 1) andP(djC = 0) for eachpatchaccuratelybasedon theappearanceand
positionof thepatchin thequeryimage(for the3 patches,ourpredictionsareshown on theright).

2.1 ImagePatch Features

Ourstrategy is to breakupthewholeimagecomparisonprobleminto multiple localmatch-
ing problems,wherewe encodea smallpatchF L

j (1 � j � n) of thequeryimageI L and
compareeachpieceseparately[12, 14]. As theexactchoiceof features,theirencodingand
comparisonmetric is not crucial to our technique,we chosea fairly simplerepresentation
that wasgeneralenoughto usein a wide variety of settings,but informative enoughto
capturethedetailsof objects(given thesubtlevariationthatcandistinguishtwo different
cars,featuressuchas[6] werefoundnot to bepreciseenoughfor this task).

Speci�cally, we applya �rst derivative Gaussianodd-symmetric�lter to thepatchat four
orientations(horizontal,vertical,andtwo diagonal),giving four signednumbersperpixel.
To comparea querypatchF L

j to anareaof the right imageF R
j , we encodebothpatches

as4� 252 lengthvectors(4 orientationsperpixel) andcomputethenormalizedcorrelation
(dj = 1 � CorrCoef(F L

j ; F R
j )) betweenthesevectors.As thetwo carimagesarein rough

alignment,we needonly to searcha smallareaof I R to �nd thebestcorrespondingpatch
F R

j - i.e. theonethatminimizesdj . We will refer to sucha matchedleft andright patch
pairF L

j ; F R
j , togetherwith thederiveddistancedj , asabi-patchFj .

2.2 The DecisionRule

Weposethetaskof decidingif theadatabaseimageI R is thesameasaqueryimageI L as
adecisionrule

R =
P(C = 1jI L ; I R )
P(C = 0jI L ; I R )

=
P(I L ; I R jC = 1)P(C = 1)
P(I L ; I R jC = 0)P(C = 0)

> �: (1)

where� is chosento balancethe costof the two typesof decisionerrors. The priors are
assumedto beknown.2 Speci�cally, for theremainingequationsin thispaper, thepriorsare
assumedto beequal,andhencearedroppedfrom subsequentequations.With our image
decompositioninto patches,theposteriorsfrom Eq.(1) will beapproximatedusingthebi-
patchesF1; :::; Fn asP(CjI L ; I R ) � P(CjF1; :::; Fm ) / P(F1; :::; Fm jC). Furthermore,
in this paper, we will assumea naive Bayesmodel in which, conditionedon C, the bi-
patchesareassumedto beindependent.Thatis,

R =
P(I L ; I R jC = 1)
P(I L ; I R jC = 0)

�
P(F1; :::; Fm jC = 1)
P(F1; :::; Fm jC = 0)

=
mY

j =1

P(Fj jC = 1)
P(Fj jC = 0)

: (2)

2For ourapplication,dynamicmodelsof traf®c �o w cansupplytheprior onP(C).



In practice,we computethe log of this likelihoodratio, whereeachpatchcontributesan
additiveterm(denotedLLR i for patchi ). Modelingthelikelihoodsin thisratio(P(F j jC))
is thecentralfocusof thispaper.

2.3 Uniform AppearanceModel

Figure4: Identi�cation usingappearancedif-
ferences:The bottomcurve shows the precision
vs. recallfor non-patchbaseddirectcomparisonof
recti®edimages.(An ideal precision-recallcurve
would reachthe top right corner.) Notice that all
threepatchbasedmodelsoutperformthis method.
Thethreetopcurvesshow resultsfor variousmod-
els of dj from Sections2.3 (Baseline),3.1 (Dis-
crete),and3.2& 3.3(Continuous).Theregression
modeloutperformstheuniformonesigni®cantly-
it reducesthe error in precisionby closeto 50%
for mostvaluesof recallbelow 90%.

The most straightforward way to esti-
mateP(Fj jC) is to assumethat the ap-
pearancedifferencedj capturesall of the
informationFj aboutthe probability of
a match(i.e. C andFj areindependent
given dj ), and that all of dj 's from all
patchesareidenticallydistributed. Thus
thedecisionrule,Eqn.1, becomes

R �
mY

j =1

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

> �: (3)

The two conditional distributions,
P(dj j C 2 f 0; 1g), areestimatedasnor-
malizedhistogramsfrom all bi-patches
matchedwithin the training data.3 For
eachvalueof � , we evaluateEqn.(3)to
classify each test pair as matching or
not, producinga precision-recallcurve.
Figure 4 compares this patch-based
model to a direct image comparison
method.4 Notice that even this naive
patch-based technique signi�cantly
outperformstheglobalmatching.

3 Re�ning the AppearanceDistrib utions with Hyper-Features

The mostsigni�cant weaknessof the above model is the assumptionthat the dj 's from
differentbi-patchesshouldbeidenticallydistributed(observe the3 labeledpatchesin Fig-
ure3). Whenatrainingsetof “same”(C = 1) and“dif ferent” (C = 0) imagesis available
for a speci�c queryimage, estimatingthesedistributionsdirectly for eachpatchis straight-
forward. How canwe estimatea distribution for P(dj jC = 1), whereF L

j is a patchfrom
a new queryimage,whenwe only have thatsinglepositiveexampleof F L

j ? Theintuitive
answer:by �nding analogouspatchesin thetrainingsetof labeled(same/different)image
pairs.However, sincethespaceof all possiblepatches(appearance& position,< 25� 25+2 )
is very large, the chanceof having seena very similar patchto F L

j in the training set is
small. In thenext sectionswepresenttwo approachesbothof whichrely onprojectingF L

j
into a muchlower dimensionalspaceby extractingmeaningfulfeaturesfrom its position
andappearance(thehyper-features).

3.1 Non-Parametric Model with DiscreteHyper-Features

First we attempteda non-parametricapproach,where we model the joint distribu-
tion of dj and a few hyper-features(e.g. the x and y coordinateof the patch F L

j ,

3Dataconsistedof 175pairs(88 training,87 testpairs)of matchingcar images(C=1) from two
cameraslocatedonthesamesideof thestreetoneblockapart.Within trainingandtestingsets,about
4000pairsof mismatchedcars(C=0) wereformedfrom non-correspondingimages,onefrom each
camera.All comparisonswereperformedongrayscale(not color) images.

4Theglobalimagecomparisonmethodusedhereasabaselinetechniqueusesnormalizedcorrela-
tion onacombinationof intensityand®lter channels,andattemptsto overcomeslightmisalignment.



Figure5: Fitting a GLM to the� distribution: wedemonstrateourapproachby ®tting agamma
distribution, throughthe latent variables� = (�; 
 ), to the y position of the patches. Here we
allowed� and� to bea 3rd degreepolynomialfunctionof y (i.e. Z = [y 3 ; y 2 ; y ; 1]T ). Thecenter-
left squareshows,oneachrow, adistributionof d conditionedonthey positionof theleft patch(F L )
for eachbi-patch,for trainingdatatakenfrom matchingvehicles.Thecenter-right squareshows the
samedistributionsfor mismatcheddata. Theheightof histogramdistributionsis color-coded,dark
red indicatinghigherdensity. Thecentralcurve shows thepolynomial®t to theconditionalmeans,
while theoutercurvesshow the� � range.For reference,we includea partial imageof a carwhose
y-coordinateis alignedwith the centerimages. On the right, we show two histogramplots, each
correspondingto onerow of thecenterimages(asmallrangeof y correspondingto theblackarrows).
Theresultinggammadistributionsaresuperimposedon thehistograms.

i.e. Z = [x; y]). The distribution is modeled“non-parametrically”(similar to Sec-
tion 2.3) usingan N-dimensionalnormalizedhistogramwhereeachdimension(d,x, and
y) hasbeenquantizedinto several bins. In this model P(CjF j ) � P(Cjdj ; yj ; x j ) /
P(dj jyj ; x j ; C)P(yj ; x j jC)P(C) / P(dj jyj ; x j ; C), wherethelastformulafollowsfrom
theassumptionof equalpriors(P(C) = 0:5) andtheindependenceof (yj ; x j ) andC. The
DiscreteHyper-Featurescurve in Figure4 shows theperformancegain from conditioning
on thesepositionalhyper-features.

3.2 Parametric Model with ContinuousHyper-Features

The drawback of using a non-parametricmodel for the distributions is that the amount
of dataneededto populatethe histogramsgrows exponentiallywith the numberof di-
mensions.In order to addadditionalappearance-basedhyper-features,suchascontrast,
orientededgeenergy, etc.,we moved to a smoothparametricrepresentationfor both the
distributionof dj andthemodelby whichthethehyper-featuresin�uence thisdistribution.

Speci�cally, we modelthe distributionsP(dj jC = 1) andP(dj jC = 0) asgammadis-
tributions(notated�() ) parameterizedby themeanandshapeparameter� = f �; 
 g (see
theright panelof Figure5 for examplesof the�() �tting theempiricaldistributions).The
smoothvariationof � with respectto thehyper-featurescanbemodeledusinga general-
ized linear model(GLM). Ordinary(least-squares)linear modelsassumethat the datais
normallydistributedwith constantvariance.GLMs areextensionsto ordinarylinearmod-
els thatcan�t datawhich is not normallydistributedandwherethedispersionparameter
alsodependson thecovariates(see[7] for moreinformationonGLMs).

Ourgoalis to �t gammadistributionsto thedistributionsof d valuesfor variouspatchesby
maximizingthe probability densityof dataundergammadistributionswhoseparameters
aresimplepolynomialfunctionsof thehyper-features.ConsiderasetX 1; :::; X k of hyper-
featuressuchasposition,contrast,andbrightnessof a patch. Let Z = [Z1; :::; Z l ]

T bea
vectorof l pre-chosenfunctionsof thosehyper-features,like squares,cubes,crossterms,
or simply copiesof thevariablesthemselves.Theneachbi-patchdistancedistribution has
theform

P(djX 1; X 2; :::; X k ; C) = �( d; � �
C � Z; � 


C � Z); (4)

wherethe secondand third argumentsto �() aremeanandshapeparameters.5 Each�
(therearefour of these:� �

C =0 ; � 

C =0 ; � �

C =1 ; � 

C =1 ) is a vectorof parametersof lengthl

5For the GLM, we usethe identity link function for both � and 
 . While the identity is not
the canonicallink function for � , its advantageis that our ML optimizationcanbe initialized by



thatweightseachhyper-featuremonomialZ i . The � 's areadaptedto maximizethe joint
datalikelihoodover all patchesfor C = 0 or C = 1 withing thetrainingset. Theseideas
areillustratedin detail in Figure5.

3.3 Automatic Selectionof Hyper-Features

In thissectionwedescribetheautomaticdeterminationof Z. Recallthatin ourGLM model
weassumedalinearrelationshipbetweenZ and� , 
 . Thisallowsusto usestandardfeature
selectiontechniques,suchasLeastAngle Regression(LARS)[3], to choosea few (around
10)hyper-featuresfrom alargesetof candidates,6 suchas:(a) thex andy positionsof F L ,
(b) theintensityandcontrastwithin F L andtheaverageintensityof theentirevehicle,(c)
theaverageenergy in eachof the8 oriented�lter channels,and(d) derivedquantitiesfrom
theabove (e.g. square,cubic,andcrossterms). LARS wasthenasked to chooseZ from
thesefeatures.OnceZ is set,weproceedasin Section3.2.

Runninganautomaticfeatureselectiontechniqueon this largesetof possibleconditioning
featuresgivesusa principledmethodof reducingthecomplexity of our model.Reducing
thecomplexity is importantnot only to speedup computation,but alsoto mitigatetherisk
of over-�tting to thetrainingset.Thetop curve in Figure4 shows resultswhenZ includes
the�rst 10 featuresfoundby LARS. Evenwith suchanaivesetof featuresto choosefrom,
theperformanceof thesystemimprovessigni�cantly.

3.4 Estimating the Saliencyof a Patch

FromthedistributionsP(dj jC = 0) andP(dj jC = 1) computedseparatelyfor eachpatch,
it is alsopossibleto estimatethesaliency of thepatch,i.e. theamountof informationabout
our decisionvariableC we arelikely to gain shouldwe computethe bestcorresponding
F R

j . Intuitively, if the distribution of D j is very different for C = 0 andC = 1, then
the amountof information gainedby matchingpatch j is likely to be large (seethe 3
distributionson theright of Figure3). To emphasizethefactthatthedistribution P(dj jC)
is a �x ed function of F L

j , given the learnedhyper-featureweights� , we slightly abuse
notationandreferto therandomvariablefrom whichdj is sampledasF L

j .

With this notation,computingthemutualinformationbetweenF L
j andC givesusa mea-

sureof theexpectedinformationgain from apatchwith particularhyper-features:

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

j ) � H (F L
j jC):

HereH () is Shannonentropy. Thekey factto noticeis thatthis measurecanbecomputed
justfrom theestimateddistributionsoverdj (which,in turn,wereestimatedfrom thehyper-
featuresof F L

j ) beforethe patchhasbeenmatched.This allows us to matchonly those
patchesthatarelikely to beinformative, leadingto signi�cant computationalsavings.

4 Modeling Appearanceand Position Differ ences

In thelastsection,weonly consideredthesimilarity of two matchingpatchesthatmakeup
a bi-patchin termsof the appearanceof the patches(dj ). Recallthat for eachleft patch
F L

j , a matchingright patchF R
j is foundby searchingfor themostsimilar patchin some

largeneighborhoodaroundtheexpectedlocationfor thematch. In this section,we show
how to modelthechangein position, r j , of thematchrelative to its expectedlocation,and
how this,whencombinedwith theappearancemodel,improvesthematchingperformance.

solvinganordinaryleastsquaresproblem.We experimentallycomparedit to thecanonicalinverse
link (� = (� �

C
T � Z) � 1), but observednonoticeablechangein performanceonourdataset.

6In orderto useLARS (or mostotherfeatureselectionmethods)ªoutof theboxº,weuseregres-
sionbasedon anL 2 lossfunction. While this is not optimal for non-normaldata,from experiments
wehaveveri®edthatit is a reasonableapproximationfor thefeatureselectionstep.



Figure6: Results:TheLEFT plot shows precisionvs. recallcurvesfor modelsof r . Theresults
for � x and� y areshown separately(asthereareoftenmorehorizontalthanverticalfeaturesoncars,
� y is better).Re-estimatingparametersof theglobalalignment,W (af®ne®t), signi®cantlyimproves
the curves. Finally, performanceis improved by combiningpositionwith appearance(ªCompleteº
curve) comparedto usingappearancealone. The CENTER pair of imagesshow a correctmatch,
with thepatchcentersindicatedby circles.Thecolor of the circlesin thetop imageindicatesMI j ,
in bottomimageLLR j . OurpatchselectionalgorithmchoosesthetoppatchesbasedonMI where
subsequentpatchesarepenalizedfor overlappingwith earlierones(neighborhoodsuppression).The
top 10 ªleftº patcheschosenaremarkedwith arr ows connectingthemto thecorrespondingªrightº
patches.Notice that theseareconcentratedin informative regions. TheRIGHT plot quanti®esthis
observation: thecurvesshow 3 differentmethodsof choosingtheorderof patches- randomorder,
MI andMI with neighborhoodsuppression.Noticethatthis topcurvewith 3 patchesdoesaswell
asthedirectcomparisonmethod.All 3 methodsconvergeabove50patches.

Let r j = (� x j ; � yj ) be thedifferencein positionbetweenthecoordinatesof F L
j andF R

j
within thestandardizedcoordinateframes.Generally, we expectr j � 0 if thetwo images
portraythesameobject(C = 1). Theestimatefor R, incorporatingthe informationfrom
bothd andr becomes

R �
mY

j =1

P(r j jdj ; Z j ; C = 1)P(dj jZ j ; C = 1)
P(r j jdj ; Z j ; C = 0)P(dj jZ j ; C = 0)

; (5)

whereZ j again refersto asetof hyper-features.

Herewe focuson the�rst factor, wherethedistribution of r j givenC is dependenton the
appearanceandpositionof the left patch(F L

j , throughthehyper-featuresZ j ) andon the
similarity in appearance(dj ). Theintuition for thedependenceon dj is thatfor theC = 1
case,weexpectr j to besmalleronaveragewhenagoodappearancematch(smalldj ) was
found.

Following our approachfor dj , we modelthe distribution of r j asa 0 meannormaldis-
tribution, N (0; �) , where� (we usea diagonalcovariance)is a function of Z j ,dj . The
parameterizationof (Z j ,dj ) is found throughfeatureselection,while the weightsfor the
linear functionareobtainedby maximizingthe likelihoodof r j over thetrainingdata.To
addressinitial misalignment,we selecta smallnumberof patches,matchthem,andcom-
putea global af�ne alignmentbetweenthe images. We subsequentlyscoreeachmatch
relative to thisglobalalignment.

The bottom four curves of Figure 6 show that �tting an af�ne model �rst signi�cantly
improvesthe positionalsignal. While positionseemsto be lessinformative thanappear-
ance,thecompletemodel,which combinesappearanceandposition(Eq. 5), outperforms
appearancealone.

5 Conclusion

The centerand right sidesof Figure 6 show our ability to selectthe most informative
patchesusingtheestimatedmutualinformationI (F L

j ; C) of eachpatch. To preventspa-
tially overlappingpatchesfrom beingchosen,we addeda penaltyfactorto themutualin-



formationscorethatpenalizespatchesthatareverycloseto otherchosenpatches(MI with
neighborhoodsuppression).To give a numericalindicationof the performance,we note
that with only 10 patches,given a 1-to-87forcedchoiceproblem,our algorithmchooses
thecorrectmatchingimage93%of thetime.

A differentapproachto a learningproblemthat is similar to ourscanbe found in [5, 8],
which describemethodsfor learningcharacteror objectcategoriesfrom few training ex-
amples. Theseworks approachthis problemby learningdistributionson sharedfactors
[8] or priorson parametersof �x eddistributionsfor a category [5] wherethetrainingdata
consistsof imagesfrom othercategories. We, on the otherhand,abandonthe notion of
building a modelwith a �x ed form for anobjectfrom a singleexample. Instead,we take
a discriminative approachandmodelthe statisticalpropertiesof imagepatchdifferences
conditionedon propertiesof thepatch.Theselearnedconditionaldistributionsallow usto
evaluate,for eachfeature,theamountof informationpotentiallygainedby matchingit to
theotherimage.7
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