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Abstract

We explore the extent to which we canexploit interestpoint detectordor representingndrecog-
nisingclasse®of objects.Detectorgproposesparsesetsof candidateegionsbasedon local salienceand
stability criteria. However, local selectiondoesnot take into accountdiscriminationreliability across
instancesn the sameobjectclass,so we realiseselectionby learningfrom weakly supervisedlatain
theform of imagespairedwith their captions.Throughexperimentson awide variety of objectclasses
anddetectorsywe shav thatmodelingobjectrecognitionasa constrainediataassociatiorproblemand
learningthe Bayesiarway by integratingover multiple hypotheseseadsto sparseclassi ersthatoutper
form contemporarymethods.Moreover, our learnedrepresentationsasedon local featuredeave little
roomfor improvementon standardmagedatabasesowe proposenen datasetsto corroboratenodels
for generalbobjectrecognition.

1 Intr oduction

Theproliferationof methoddor extractinganddescribingsalientandrepeatabléeatureq§14,16,21,22,24]
combinedwith recentadvancesn machinelearninghasfosterednen androbustrepresentationsf object
classedl, 9, 29]. It is widely appreciatedhatlocal featuresare generallyinadequatdor identifying and
locatingobjectsin scenegapersons notjustanelbow!), andtherehasbeensomesucces learningprinci-
pledrepresentationsf relationsbetweerparts[11] andglobalcontext [5, 28]. However, we believeit is still
of generalinterestto explorethe extentto which independenpartscanfunctionasa basisfor robustobject
recognition. In this paper we shav that signi cant improvementson state-of-the-artocal featurerecog-
nition systemsanbe achieved by adoptingprincipled probabilisticmodelsand semi-supervise@ayesian
learningtechniguedor automaticallyselectingand combiningfeaturesfrom multiple local detectors.By
selectingsparsesetsof discriminatize scale-ivariantfeaturespur representationaccuratelyrecogniseob-
jectsfoundin awide variety of scenest differentposesandscaleqseeFig. 1 for someexamples).What's
more,we learnwith very little supervisiorfrom theuser

The rst stepin our objectrecognitionapproachis to obtaina setof local a priori salientregions of
the scene.Theoriginal motivationfor local interestregionswasto provide a stablebasisfor recognitionof
objectsat varyingviewpoints. Local featuresring toleranceo clutter, occlusionsanddeformationsSome
of the bestexamplescanbe foundin [12], sincethe authorsdemonstratehe applicationof local features
to objectmatchingat widely disparatdocations,evenin the presencef clutter Gooddetectorextracta
sparsesetof interestregionswithout relinquishinginformation contentof the scene,and selectthe same
regionswhenobsenredat differentviewpointsandscales.

In currentliterature,thereare mary de nitions asto what constitutesa good scale-c@ariantregion,
predicatecon maximisingdisparatecriteria. For example,the Harris-Laplacedetector[24] selectsmage
regionsthatarelocally preciseto translationcorners) Kadir andBrady[14] hypothesizaéhatsalientregions



Figurel: Examplecarimages.Notethatthereis noimagethatcontainsonly cars,andthatcarsizevariesmarkedly.

correspondo localmaximumsof compleity (or entroy). Interestpointdetectorsvereoriginally designed
for objectmatchingandwide baselinestereo,not for detectingsemanticcategoriesof objects. However,
recentwork hasshowvn thatinterestregionswork well for generakecognition[9, 11, 29]. In this paperwe
compareheability of detectordo proposegoodfeaturedor recognition.We alsoexpectthatusingmultiple
detectorswill provide complementarynformation, henceimprove recognition,a hypothesiswe examine
experimentally

Interestpoint detectorsextract regions basedon local information, which is not enoughto determine
whetheror notthey aregenuinelyusefulfor recognisingclasse®f objects.We needto learnwhich features
aremostdiscriminative basedon someform of supervisionfrom the user Completesupervisionrequires
the userto label individual featuresby segmentingthe object from the background. Not only is this a
time-consumin@ndequivocaltask,sincepeopletendto segmentscenedlifferently it alsoinhibits usfrom
exploiting large quantitiesof captionedmagesavailable on the Internet(in the form of news photos,for
example[27]). Rather we requesimagelabelswhich indicatethe presenc®r absencef anobjectin each
scene.For recognitionof cars,the training dataconsistsof positively labeledimagescontainingcars,and
negative imageswithout cars(seeFig. 1). Whenanimageis labelednegative, we assumeno caris present
in the sceneand, hence the labelsof the featuresare setto the neggative class. Otherwise whenanimage
containsat leastone car, we do not know whetherindividual points correspondo car or backgroundso
learningimplicatesdeterminingthe featurelabels. We call this approachsemi-superviselibarning by data
association Eachlabelis a binary variablethat determinesvhetheror not a featurebelongsto the object.
Sincethe training datadoesnot containary positively labeledregions, we introducelabel constraintgo
learnwhich featuresbelongto cars. The constraintantroducea newv setof parametershut we show that
our model's performances reasonablynsensitie to theseparametersandin factperformsquite well with
weakconstraintsNote we canachieze multi-cateyory classi cationby combiningresponsefrom multiple
binaryclassi ers[31].

Onemight be skepticalthatonecansuccessfulljearnto recogniseobjectsin scenedgrom suchweakly
labeleddata,giventhe high dimensionof the featuresthe wide variability exhibitedin thetraining scenes,
andthe fact that thereare often asmary asa thousandunlabeledpoints perimage! Recentpublications
demonstrategood performancein similar but lessambitioustasksby using statisticaltranslationmod-
els[5, 6, 10], supportvectormachineg2, 3] andsparseBayesiarkernelmachineg15]. Otherpublications
usecaptionedimagesin orderto learnrepresentationsf objects[1, 9, 11], but noneof them explicitly
performdataassociation.Instead,they treatunlabeledbackgroundfeaturesas noise(in otherwords, an
inconvenience).While dif cult to verify independentlywe arguethat variableselectionis more effective
whenexplicitly modelingthe classi cationof datapoints,becausét allows the modelto exploit unlabeled
backgroundeatures.

We employ an augmentedayesianclassi cationmodelwith an ef cient Markov ChainMonte Carlo
(MCMC) algorithm[15] to simultaneouslyearnthe unobseredlabelsandselecta sparseobjectclassrep-
resentatiorfrom the extractedhigh-dimensionatiescriptors We introducea generalisedsibbssamplerto
explore the spaceof labelsthat satisfy the constraints.Bayesianlearningcomprehendspproximationof



the posteriordistribution throughintegrationof multiple hypothesesnot only a crucialingredientfor robust
performancen noisy ervironments,but alsoresolessensitvity to initialisation. ExpectationMaximisa-
tion or otherdataaugmentatiogradientdescenmethodsapproximatehe distribution with a singlemode,
leadingto a misrepresentatiothe true modelposterior For practicaMCMC explorationof the posteriors
modeshowever, theposteriomustbesufciently pealed. Thisconsideratiorxposesamajorproblemwith

mixture models— motivating a Bayesiarkernelmodel— sincethe numberof modesexplodesfactorially
relative to thenumberof component§7]. An additionaladvantageover citedmethodss thatwe donotneed
to reducethe dimensionof the descriptorghroughunsupervisedechniquessuchasvectorquantizatioror
principalcomponenganalysiswhich may purge valuableinformation.

ThespeedatwhichourblockedGibbssampletexploresthespaceof lik ely solutionss critical to success
of the algorithm. We improve our MCMC algorithm by introducinga latent parametemwhich decouples
highly correlatedvariablesand thus leadsto improved convergence,as suggestedn [19]. Experiments
on large datasetsindicate that the proposedparameteiexpandedand blocked Gibbs samplercorverges
to posteriorregions of high probability after a few thousanditerations. The main computationalcurse
harbouredy our MCMC algorithmis onesharedwith all kernelmachinemethodslearningcompl«ity is
O(N?), whereN is the numberof datapointsin thetrainingset. Sinceour experimentdataoftenincludes
hundredsof thousand®f pointsin high dimensionsa themein this article andin future work is reducing
theexpenseof Bayesiarearning.

Thefollowing sectionoutlinesthe Bayesiammodelfor semi-supervisedlassi cation. Sec.3 detailshow
we designa blocked Gibbssamplerto resohe modellearning. In Sec.4, we describeour implementation
of existing vision techniquegor the extractionandrepresentatioonf candidatdeatures Finally, we present
experimentakesultson objectrecognitiontasksin Sec.5 andoffer conclusionsn Sec.6.

2 Model Speci cation

Whenthe imageis labeledas being negative, the labelsof the pointsare obsered to beyi" = 0. When
adocumentabelis positive, we samplethe labelsy;' keepingin mind someadditionalconstraintson the
numberof labelsper class. Label constraintcanplay a crucialrole in learningthe unknovn labels,most
notably whenwe do not have ary known labelsof a certainclass,suchaswhenall the training images
positive imagesalso possesgeaturepoints from otherobjects(e.g. seeFig. 1). We de ne ng to bethe
constrainon the minimumnumberof negative pointsin anunlabeleddocumentandn ; to bethe minimum
numberof positively classi ed points.
We adopta probitlink classi er
1 iff(xj; ; )>0

0 otherwise (2.1)

yi =

with f (xj; ; ) speci edbelown. By corvention,researchertendto adopta logistic (sigmoidal)link func-
tion, but from a Bayesiancomputationapoint of view, the probitlink hasmary advantagesndis equally
valid. Following Thametal. [30], theunknavn functionis a sparsekernelmachine:

X
f(Xi; ;)= ot k k (XiiXk); (2.2)
k=1

where denoteshe kernelfunctionandK is the numberof kernels. Usually we assignthe kernelsto
be the set of datapoints, but we keepthe notationseparatdo retain generalityof the model. To avoid
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confusion,we subscriptall datapointswith i andall kernelcentreswith k. We usethe Gaussiarkernel
(xi;xk) = exp( (X; xx)?), but otherchoicesare possible. As with all kernelmethods successful
classi cationdepend®n agoodchoiceonthe scale,or bandwidth, .
The sparsityof supportvectorsmachinescomesdirectly asa resultof the objective function. Suchis
notthecasein the Bayesiarframavork. We arti cially introducesparsitythrougha setof binaryvariables,

. [ 1 2:::1; NI thataresetto 1 whentherespectie kernelcentresareactive, andotherwisethey are
0. We denotethevectorof regressiorcoefcients by , [ o; 1;:::; ~]T-
By adoptinga setof one-dimensionahdependentariablesz , fz;;zy;:::;zy g with distribution
p(zij 5 :xi)=N( i ;1) (2.3)
we cananalyticallycomputethe posteriorof the high-dimensionatoefcients  within the standardinear
Gaussiarmodel,a stratgy rst introducedby Nobel LaureateDaniel McFadden[23]. istheN K
kernelresponsenatrix with zeroedcolumnscorrespondingo inactive entriesof . ; denotegheith row

of thekernelresponsenatrix, andis givenby
i (Xisx1)  (Xi;x2) i (Xisxk)

We follow a hierarchicalBayesiarstratgy, wherethe unknavn parameterandlabelsaredravn from
appropriateprior distributions. The intuition behindthis hierarchicalapproachis that by increasingthe
levels of inference we canmale the higherlevel priorsincreasinglymorediffuse. Thatis, we avoid having
to specify sensitve parametersand, therefore,are more likely to obtain resultsthat are independenbf
parametertuning. We assumethe regressioncoefcients are normally distributed with zero mean,and
covarianceS scaledby learnedparameter 2:

p( ;% =N(jo ?s): (2.4)

At this point, we leave the choiceof S openand later we derive resultsusing speci ¢ choicesfor the
prior covarianceterm. In the future, we would lik e to learna parameterisedovarianceover the regression
coefcients, suchasthe RelevanceVectorMachine[31] which learnsaweightfor every . S referstothe
covariancematrix wherebythe elementof arow andcolumncorrespondingo aninactive kernelk is setto
0, andcorrespondinglghe | is shrunkto zero.We assignaninverseGammato the scaleparameter 2,

p( %5 ) = 16( 25 5): (2.5)

, are x edhyperparametertypically setto nearuninformatie values.
Each | follows aBernoullidistribution with successate 2 [0; 1]:

()= @ ) ; (2.6)

P :
wherewedene , [, « tobethenumberof active kernels. Ratherthan x the successate,we
have follow a Betadistribution with parameterg;b 1. Thisletsthe modelto adaptto the datawhile
allowing the usersomecontrolover the prior. We integrateout the nuisanceparameter to obtainthe prior

Zl
p( jasb) = p( j )p( jasbd
Z’,
/ +a 1(1 )K +b ld
0
(. +3a (K + b

(K+a+h (2.7)
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Figure2: The directedgraphicalrepresentationf the semi-supervisedlassi cation model. Shadedhodesare ob-
senedandsquarenodesare x ed hyperparameterdife do not shov thedependenciesetweerthey''s.

Smallvaluesof themeana=(a + b) skews our prior belieftowardsa sparsenodel. Theterma + b controls
ourcon dencein suchaprior. By settingb  a onlarge datasets,we caninitialise the Gibbssamplerto a
feasible(small)numberof active kernels.

Theregressiorcoefcients z{' in document; arenotindependenof eachother sowe needto rectify
(2.3)with thejoint expression

Y
p(fz'gj ; ;fxig) / N(z'] i :1)lc,(fzl'g)lc,(fz'g) suchthati 2 d; (2.8)

andwhereCy is the setof assignment$o y' (andaccordinglyz') thatobey the negative labelsconstraint
no, C1 is thesetof assignment® y}' thatsatisfythe constrainton the minimum numberof positive labels
ni, andl (1) isthesetindicatorfunction: 1if ! 2, andO otherwise.

In summarythe x edparametersfthemodelaref ; a;b;; ;ng;n1g, themodelparametergveretain
for predictionsare , f ; g andthelearnednuisanceparametersiref 2; g. The directedgraphical
representatioof the hierarchicaimodelis shovn in Fig. 2.

3 Model Computation

Theclassi cationobjectiveis to estimatehelabely, ,, of anew unseemointx, ,; giventhetrainingdata,
Z
P(Yn+1 = 1] XN41: X y¥) = P(Yn+1 = 1jXn+as ) PC X y¥)d : (3.1a)
Theintegralis intractable sowe approximatg3.1a)by

Xs

) 1 .
P(Yn+1 = 1 XN+15 X yk) n—s PYns+1 = 1) Xns1s ©)
s=1
1 Xe
=1 Oy D (3.1b)
s=1

whereng is the numberof sampleggenerated, is the setof parametershatdirectly in uence prediction,
( ) is theunivariateNormal cumulatie densityfunction,andeachsample & = f (9); (g follows the
posteriom( jx; y*). We spendherestof this sectiondesigninganMCMC algorithmthatapproximateshe
posteriordistribution. Sincethealgorithmis quiteinvolved,we breakup thederivationinto severalsections.



In Sec.3.1, we derive the blocked Gibbssampleywith the exceptionof the samplerfor , left to Sec.3.3
sinceit is an elaboratestep. Sec.3.2 improves uponthe expectedcorvergencerate of the Gibbssampler
throughintroductionof anexpansiornparameter

3.1 The Blocked Gibbs sampler

Kick etal. [15] developan MCMC algorithmfor samplingfrom the posteriorby augmentinghe original
blocked Gibbssampler[30] to the dataassociatiorscenario.As in [15], we samplethe high-dimensional
parameters andtheregularisationparameterslirectly from their posteriordistributions.

If two variablesarehighly correlatedanordinaryGibbssamplemwill slowly navigatethroughthejoint
spacebecausét samplesrom thefull conditionaldistributions.We will seeshortlythatwe cananalytically
derive thejoint of and , resultingin so-called‘blocked” moveswhich corverge fasterthana Markov
chainderivedfrom thefull conditionalg18]. We factorisethejoint conditionalof theregressiorcoefcients
andvariableselectionparameteras

p( 5§ Zabixiz) = p( j ; Zzix)p( jasb; %z;x): 3.2)
We obtain from the conditionalposterior
p( j;%zx)=N  Q Tz;Q : (3.3)

whereQ, (T + (2S) 1) 1 SeeSec.C.1for thederivation. Bewarethatthe orderof matrix multi-
plicationimplied in (3.3)is not ef cient. In fact, the time compleity for sampling is O(K 2) by taking
advantageof valuespreviously computedduring samplingof the parametefseeSec.3.3). We leave the
detailsfor sampling to Sec.3.3.

We can samplethe zi'"s easily sincethey areindependentf eachother Using Bayes'theorem,the
posteriordistribution for eachz is givenby

PGV 5 ox) Lop i) () i)
N( i 5Dlos1)(Z) ifyf=

N ( i 1) I (1 ;0](Zik) otherwise (34)

Samplingthe z!"'s is not quite as simple becausehe joint posteriordoesnot factorise. While [15] use
rejectionsamplingto sampleheunknavn labelssubjecto theconstraintsywe adoptamoreef cient MCMC
schemeandsamplefrom thefull conditionalsn eachdocument:

8 .
< N(C i ;Dle+1)(7") if I, (fzg;9) =0

P(z'ifzgig 5 %) = . NC i D)l oz) if le(fzg;9)=0 (3.5)
"ON( ;D) otherwise

suchthati 2 d, andé i is de nedto bethesetfi%i°6 i andi®2 dg. NotethatCy andC; arenever both
unsatis edatthe sametime.
We samplethe regressiorcoefcients scale 2 from the conditionalposterior

pC%i 555 ) (g ApC%i )
=1G 3 + »3 + st (3.6)



3.2 Parameter expansionusing an inverseGamma prior

Thecorvergencerateof the Gibbssamplersuffersfrom high correlationbetweemarameter andthelatent
variablesz [18]. We introduceanauxiliary variable which overparameterizethe modelby scalingz, but
alsoincreaseshe varianceof givenz, leadingto larger transitionsin the Markov chain. We de ne the
transformatioron z; byt = z= , andthe accordingdacobianis J (z) = detf @ (z)=@g = N,
Liu etal. [19] suggesplacinganimproperHaarprior on sinceit is optimalfor corvergence.ln practice,
however, the Haar prior tendsto be unstable.An alternatve is the inverseGammaprior, suchthat 2
| G(—; - ). It achieresimprovedancorvergencearatewhile allowingtheusertotune  and  for stability.
Fromtheresultsderivedin Sec.C.2,the parameteexpandedGibbssamplerfor andz consistsof the
following steps:

1 Drawz p( jy; ; X)) B Seeequations3.4and3.5.
2 Draw 3 p(j ; ) B Seeequation3.7.

3 Draw 2 B(j 0Z; ; ; ; ) B SeeequationC.4.

4 20 0=z

5 Draw p( | %2%x) B Seeequation3.3.

The samplingdistribution for 2 in Step3 canbe computedn time O(K 2) by usingpreviously computed
values,asfor . We omit the otherGibbssamplerstepssincethey arenot affectedby the inclusionof the
expansionparameterTo sample o from theprior distributionp( j ; ), wenotethat

p(j 5 )/ 163 4% (3.7)

3.3 Samplingthe variable selectionparameter

Exact samplingfrom the  posterioris impractical becauset requirescomputationof the 2K possible
assignment®f . We elaborateon an alternatve rst proposedn [30]. It is essentiallya Gibbs sam-
plerimplementedusinga Metropolis-HastinggM-H) proposalfor moreef cient computation.While the
MetropolisedGibbs samplerachieves satishictory acceptanceates,its compleity is still O(N K 2), since
it hasto cycle throughall theK kernelsin the worstcase.lt is worth our while to tunecomputatiorto the
choiceof S, sowe assumastabilisedg-priorS= ( T + 1k) ! wherelk istheK K identity matrix
and is apositive numbergenerallychoserto bemuchsmallerthanthevaluescontainedn the Grammatrix
T . Thestabilisatiortermhelpsmaintaina prior covariancewith full rank.

We obsenre thatsamplingfrom the posteriorof  isimpractical but it is possibleo samplesach  from
its full conditional— thatis, the distribution with all the otherkernelcentresx ed. The key obseration
madeby Tham[30] is thatwe canimprove computatiorby formulatingeachGibbsdrav asa Metropolis-
Hastingsstep[17]. By manipulatingsomeof the matrix computationwe presentherean algorithmwith
compleity O(NK 2) with K N, insteadof O(K (N + K ?)) assumedby naively multiplying and
inverting matrices.On our datasets this givesussigni cant computationasavings.

The main ideabehindthe Metropolis-Hastingsalgorithmis to samplea candidatevalue from a pro-
posaldistributiong( ?j (), wherewe denotetheith samplewith the superscrip{i), andthenaccepthe
candidate (*1) = ? with probability A( (); ?). Otherwise,the new sampleremainsunchangednd

(i+1) = (), Theacceptancerobabilityis givenby
( | a2 0] )

?
A(D: 7 = min 1P

p( | Zabix;z)g( ?j ©) (3.8)




It is generallydif cult to designa samplingdistributiong( ?j () thatpermitsa high acceptanceate. In
ourcaseg( 7j ) derivesdirectly from thefull conditionalof , andconsequentlpuracceptanceateis
guaranteedb be high. We directthereaderto a coupleexcellentintroductionsto the M-H algorithm|[4, 8.

We needto considerntwo casedor the MetropolisedGibbssampler:when = 0 andwhen = 1.
Whenkernelk is inactive, our proposalconsistsof ipping ¢ to 1 with probability p( |3= 1lj sx;a;b/
p( E: 1, sx;a;b) (seeequationC.3a).When | = 1, theacceptancerobabilityis

. p(z] 5:1; 6k’ Z;X)

,§(Zi D=0, g4 2%)

A 2=1 "=0 =min 1
(

2
min 1; ;( 2 k7) lexp ; 4 IN \ (|)Q (i) T(i) 7 (393)

following from the derivation of (C.6) in Sec.C.3. Wedene - to bethe columnvectorof the kernel

responsenatrix introducedoy thenew kemelk, v, %, . (+v T(y oS &) ) land
o (=+v T.(In v Q T) ) L Thereisawaysasubscript () onthevariables , S andQ.
Whenkernelk is active, we deactvateit with probabilityp( /= 0j ex;a;b) (seeequation(C.3b)),and
thenaccepthe changewith probability

. )
p(zj E: 0, gk 2;X)

A 2=0 =1 :

min 1;

o 2 ) 1 ) o1 o, T 2.
min 1, ok exp o ZU Iy v 2Q e T 0 © (3.9b)

Dependingon the strengthof the prior, the MetropolisedGibbssamplercan Iter outalot of poorcandi-
dateswhile maintaininga desirableM-H acceptanceate. SeeAppendixD for anef cient implementation
of thesampler

4 Selectionof local features

The rst stepin our objectrecognitionapproachis to emplg/ a detector(or several)to Iter out regionsof

interestandthen computea rotation-irvariantdescriptorfor eachregion. We usefour differentdetectors
for generatingobsenationsx in a scene.The Harris-Laplacedetector[24] nds cornerlike featuresthe

Kadir-Brady detector{14] proposegircular regionswith histogramsof grey-level maximumentropy, and
theLaplacianof GaussiarfLoG) [16] andDifferenceof Gaussian§DoG)[21] — thelatteranapproximation
to the former— focuson regionsof uniform intensity The extractedregionsare mappedo discswith a

x edradiusin orderto achiese scaleinvariance.In someexperimentswe usean af ne-invariantversion
of the Harris-Laplacedetector We usethe proceduredescribedn [25] to producefeaturesinvariantto

rotationandaf ne illumination changesBasedon earlierstudiesof objectmatchingat differentviewpoints
andillumination changeg26], we chooseSIFT [21] to describethe normalisedregions extractedby the
detectors. We computeeachSIFT descriptorusing 8 orientationsanda 4 4 grid, resultingin a 128-
dimensiorfeaturevector

5 Experiments

Thegoalis to designexperimentghatassessur model’s capacityfor recognisingobjectsin unseerimages.
We evaluaterecognitionthroughimageclassi cation— identifying the presencer absencef objectsin



Figure3: Imagesfrom the arctic dogsdataset. The two leftmostimagesare labeledpositive becauséhey contain
instance®f dogs.Thetwo ontheright arebackgroundscenes.

images— becausdt is awell-de ned problem.We rankimagesfor classi cationby summingthefeature
labelprobabilitiesp(y; = 1j x;) assignedby themodel.Unlesstheimagedatais well-constructedhowever,

it is hardto arguethatimageclassi cationequate®bjectrecognition.We wantto make surewe arelearning
to recognisears,not objectsassociatedvith cars,suchasstopsigns.We addressheseconcerngy creating
threenew datasets whereall theimagessmanatdérom the sameervironment:parkinglots with andwithout
cars,andarcticlandscapewith andwithoutdogsandpolarbears All threesetsexhibit asigni cant amount
of variationin scale poseandlighting conditions.Examplef carsanddogscanbefoundin Figuresl and
3, respectiely. For purpose®f comparisorwith othermethodswe alsoshaow resultson existing datasets.
We summarizehedatausedin our experimentsn Tablel.

Trainingimages Testimages

Objectclass | with object background| with object background
airplanes 400 450 400 450
motorbikes 400 450 400 450
wildcats 100 450 100 450
bikes 100 100 50 50
people 100 100 50 50
cars 50 50 29 21
arcticdogs 26 36 13 19
polarbears 19 43 9 23

Tablel: Summaryof the the experimentdata. The airplanes motorbikesandwildcatsoriginatefrom [11], andthe
bikesandpeoplewere rst usedin [29]. Thedogsandpolarbearscomefrom the Coreldataset. The car datasetis
availableby request.

H-L K-B LoG DoG Afne H-L Combo Random Femgusetal. Opeltetal.
airplanes | 0.985 0.993 0.938 b b 0.998 b 0.902 0.889
motorbikes| 0.988 0.998 0.983 b b 1.000 b 0.925 0.922
wildcats | 0.960 0.980 0.930 b b 0.990 b 0.900 b
bikes 0.920 0.880 0.840 0.860  0.880 0.900 0.920 b 0.865
people 0.800 0.740 0.840 0.840 0.700 0.820 0.800 b 0.808
cars 0.966 0.897 0.897 0.897 0.931 0.931 0.690 b b
arcticdogs| 0.615 0.538 0.769 0.615 0.692 0.615 0.462 b b
polarbears| 0.667 0.556 0.556 0.556 0.556 0.556 0.667 b b

Table2: Imageclassi cationperformanceon testsetsmeasuredisingthe Recever OperatingCharacteristi¢ROC)
equalerrorrate. Thelasttwo columnsreferto the performanceeportedby Fegusetal. [11] andOpeltetal. [29].
All the other columnsstatethe performanceobtainedusing our proposedBayesianmodel with regions extracted
from variousdetectorgfrom left to right): Harris-Laplacg24], entropy detectomproposediy Kadir andBrady[14],
Laplacianof Gaussiang16], Differenceof Gaussiang21], af ne Harris-Laplace25], combinationof the Harris-
Laplace Kadir-BradyandLoG, andregionsrandomlyselectedrom all possiblepositionsandscalesn eachimage.
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Figure4: Thegraphontheleft plotsthe ROC curvefor classi cationperformancef cartestimagesusingthe Harris-
Laplacedetector(blue solid line) and the combinationof threedetectorgred dottedline). The graphon the right
shavs analogousesultsfor the bike testset. In both casesthe equalerrorrate (indicatedby a large dot) is inferior
in thecombination put uponcloserinspectiononecouldjusti ably argue(dependingontheerrormeasuraised)that
thecombinatiornperformsslightly better

Table 2 reportsimageclassi cation resultson all datasets. Beforewe enterinto a discussiorof our
results,we rst explain how we conductthe experiments.For fair comparisonye adjustthe thresholdof
thedetectorsn orderto obtainanaverageof 100detectiongertrainingimage.Thereforethe combination
scenario(the sixth columnin Table2) possessean averageof 300 detectiongerimage. We alsoinclude
resultsusing a randomdetector which indiscriminatelyselectsa subsetof 100 featuresfrom the entire
collectionof regionsat all scalesandlocations. We compareperformanceon the airplanes,motorbikes,
wildcats, bikesand peoplewith the resultsobtainedin [11, 29], but we do not control for the numbersof
detectionsFegusetal. [11] extractonly 20 featuregperimageon average,n partowing to the poortime
compleity of theirmethod,while Opeltet al. [29] have a distinctadvantagesincethey learnfrom several
hundredregionsperimage.

In all our experimentswe x thelabelconstraintng to 0 andsetn; betweenl5 and30, dependingon
the objectin question.Our constraintdendto be conserative, the advantagebeingthatthey do not force
too mary pointsto belongto objectsthatoccugy only a smallportionof the scene.(In a seriesof separate
trialsonthecars,wevariedn betweerlOand100andobsenednoidenti able relationshipbetweerimage
classi cationperformanceandconstraintstrength.)We seta = 1 andb conformingto a variableselection
prior of approximately200 active kernelcentres.We bestav nearuninformatve priors on the restof the
modelparametersWe nd that2000MCMC sampleswith a burn-in periodof 100is sufcient for agood
approximatiorof themodelposterior As previously notedin this paperandcon rmed in independentrials,
the Gaussiarkernel scaleparameter hasa signi cant impacton the succesof the learningalgorithm.
Largevaluesof — scaleghatconcentratéhe kernelmassto smallneighbourhoods— do not generalise
well. High or diffusescalesappeato work best,which makessenséecausehey introduceuncertaintyinto
thekernelspaceaboonfor noisytasks.However, largescalegenderourlearningalgorithmunstableandin
experimentsve noticethatthe Markov chainoftenfails to corvergeto a commonposteriordistribution. In
all ourexperimentsyeset to 1=100becaus@ur MCMC algorithmreliably cornvergesto agoodsolution.
We notethatscaleselections anunsohedproblem.

We measuregperformancewith the Recever OperatingCharacteristidROC) equalerror rate, sinceit
is a standardevaluationcriterion[11, 29]. It is de ned to be the point on the ROC curve — obtainedby
varyingtheclassi cationthreshold— whentheproportionof true positivesis equalto the proportionof true
negatives.

We now highlight anddiscusssomeof the moreinterestingresultsof Table2. First andmostsigni -
cantly we obsenre that our modelin combinationwith the threedetectorsalwaysprovidesa betterimage
classi cationthan[11, 29]. IndependenMCMC trials exhibit little variance,so we canstatecon dently
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Figure5: Plotsof precision(percentagef correctpositives)versusaveragerecall perimagefor the taskof labeling
individual featureson carsand people. For referencewe shov performanceof the randomdetectoy indicatedby
the dottedblack line. Note that the Combocurve continuesto the 300 mark in recall perimage. Our algorithm
learnswhich featuresarebestin the combination put this performanceloesnot necessarilfranslateto betterimage
classi cationin Table2.

that our improvementsare well outsidestandarddeviation intervals. Intriguingly, no detectordominates
classi cationof all the eightobjectclassesThe combinationof the Harris-LaplaceKadir-BradyandLoG
detectoroften, albeitinconsistentlyimprovesthe equalerrorrate. Furtheranalysisof the performanceon
thecarsandbikesusingtheHarris-Laplacaletectorandthecombinationn Fig. 4 shavs thattheequalerror
ratemeasureanbe deceptve: the ROC curvesimply thatthe combinationof detectorss animprovement,
aresultotherwiseindicatedby the equalerrorrate. FromFig. 5 (plot of precisionversusaveragerecallper
imagefor classi cationof individualfeatures)we obsenre thatthecombinedclassi erlearnswhichinterest
regionsare best,eventhoughthe combinationdoesnot necessarilyranslateto betterimageclassi cation
performancee.g. for people). Fig. 6 shavs a coupleexampleswherethe combinationresultsin a better
classi cationthantheindividual detectors.

Thediscrepang betweenmageclassi cationperformancen Table2 andfeatureclassi cationperfor
mancein Fig. 5 shawvs that thereexists an experimentalgap betweerthe two tasks. For instance Harris-
Laplacefeaturesare poorly identi ed ascars(seeFig. 5), but they work bestfor determiningwhethera
caris presentor absentin a scene(seeTable2). Theimplicationis that mostHarris-Laplaceeaturesare
indiscriminatize on their own, but a small subsetof the extractedregions are indeedvery useful for im-
ageclassi cation. Likewise,randomfeaturescomposea reasonabhgoodclassi er for peopleimageseven
thoughthey arenot discriminative individually, asindicatedby the plotsin Fig. 5. The differencebetween
randomfeaturesandHarris-Laplacdeatureshowever, is thatwe canaccountfor poor classi cationof in-
dividual randomfeaturesbecausehe modellearnstrendsin the backgroundf positive images.This goes
onto explain why randomfeaturesareunsatiséctoryfor objectdetectionn the cardataset,sincethe back-
groundis thesimilarin positve andnegativeimages.Examplesof correctlyclassi edimagesn Fig. 7 shaov
thatthe modellearnsto associatdackgroundegionswith people.

Still, randomfeaturesoftendo very well for imageclassi cation. Whatcanwe make of this surprising
result? It shavs thatit is often dif cult to extracta priori usefulobjectfeatures.This is particularlythe
casefor people,sinceexhibit greatinter-classvariability. Furthermorethe descriptorsve employ arenot
appropriatdor certainobjectclassesincludingbikes(shapdeaturessuchasthoseproposedn [13], might
work better). Cars,on the otherhand,exhibit lessvariability within the sameclass,andconsequentlyur
detectorsconsistentlyproposegood features(wheels,cornersof windows), which explainsin part why
randomfeaturegperformcomparitvely poorly. The otherreasoris thatthe cars(anddogsandpolarbears)
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Figure6: Two examplesin which the combinationresultsin animproved classi cation. The circlesrepresenthe 9
Harris-Laplacgleft column)andcombination(middle column)interestregionsthataremostlikely to belongto cars
or bikes.Ontheright, we displaythetop featuresalongwith featuretype andprobability of positive classi cation.

contains cars contains cars contains people contains people

Figure7: Examplesof correctlyclassi ed imagesusingrandomlyextractedinterestregions. The circlesdepictall

therandomregionsalongwith their characteristiscale.Dark blue circlesrepresentegionsthataremorelik ely than
not to belongto the object,while light yellow circlesmoreprobablybelongto the backgroundThe captionsindicate
thecorrectlabels. Themodellearnsto associatéackgroundegionswith people.

oftenoccupy asmallportionof the scenenecessitating reasonabléevel of detectorprecision.

Anotherinterestingresult: in mostcasesthe af ne-invarianttransformatiorof the Harris-Laplacede-
tectorreducesecognitionability, hinting thatvaluableinformationis lostin thedescription.

Finally, we wonderedhow increasingthe level of supervisionby addinglabelsto extractedregions
would affect performance.The resultsof our experimentson carsusingthe Harris-Laplacedetectorand
arctic dogsusingthe Laplacianof Gaussiardetectorare shovn in Fig. 8. The ROC curves quantify the
models'accurag in labelingindividual imagefeatures. As expected the additionof a few hand-labeled
points improves recognitionon the car training set. However, further upgradesn supervisionresultin
almostno gainsin generalisatiorio the cartestimages. Theseresultssuggesthat thereis nearlyenough
supervisednformationin the carcaptionsto allow the modelto correctlylabelandselectthe mostreliable
featuresn unseenmages.Ontheotherhand,ourmodelpro ts muchmorefrom supervisiorfor recognising
dogs,presumabhbecausehereis not nearlyenoughinformationto properlylearnthe dataassociationWe
shav someexamplesof recognisingcarsanddogswith differentlevels of trainingsupervisiorin Fig. 9.
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Figure8: The ROC plots demonstratéow learningwith differentproportionsof hand-labelegointsaffectsperfor
manceof labelingindividual featuresWe usethe Harris-Laplacaletectorfor the cars,andthe LoG for thedogs.

(c) contains dogs

(d) contains dogs

(a) contains cars

(b) contains cars

Figure9: Classi cationof individual interestregionsusingclassi erstrainedwith variouslevels of supervisionsee
Fig. 8). We show all the extractedinterestregionsalongwith their characteristicscale: dark blue circlesare more
likely thannotto belongto the object,while light yellow circlesmoreprobablybelongto thebackground(a) Cartest
image,no obsenred carlabelsduringtraining. (b) The sameimage,exceptthatthe modeltrainedwith 11%labelsin

positive images.(c) and(d) shav doglabelpredictionswithout andwith additionalsupervision(11%), respectiely.

The captionbelon eachimageis the correctlabel.

To completethis section,we shov someexamplesof correctly and incorrectly classi ed imagesin
FigureslOand11. The gures shaw all theregionsextractedby thedetectors.

6 Conclusions

In this paperwe extendedhediscriminative power of local scale-ivariantfeaturesusingBayesiariearning.
Ourmethodallows usto solve theimportantproblemof selectingandcombiningmultiple local features We
shavedthat constrainedgemi-supervisetearningusingMCMC is remarkablywell-behaedin thefaceof
noisy high-dimensionafeaturesandwide variability in the unlabeledraining data. On a lessencouraging
note,our resultsindicatethatthereremainsalot of work aheadn proposingnitial detectionsasa basisfor
objectrepresentationfiecauseandomSIFT featuresareoftencompetitive with currentdetectionschemes.

The modelwe proposeis very general,andit canbe easily extendedto comparethe discriminatve
ability of avariety of featuresjncludingshapeandtexture. Onefuture extensionto our learningframewvork
is theincorporationof soft constraintdhroughBayesiarnpriors, which adaptthe numberof positive labels
accordingto the size of the objectrelative to the the background.An obvious but nonethelesiteresting
extensionis multi-category classi cation. We believe thataretherestill someintriguing opportunitiesfor
improving the expectedcomplexity of computationusing ball trees[20]. Finally, we note that while we
proposenen datasetsthat accuratelyevaluateobjectrecognition,an neglectedbut importantdirection of
researchs learningof vision modelsthroughuserreinforcement.
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imageindicateshecorrectclassi cation.
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A Probability distrib utions

Hereis alist of probabilitydensityfunctionsusedin this paper

Name Density function Parameters
Bernoulli Bern(xj )= *@ )@ X x 2 f0;1g, successate 2 [0;1]
Beta Beta(xja;b) = ((aa)‘?bl)))xa a2 x)p1 x2[0;1Lab 1
UnivariateNormal N (xj; 2) = (2 ?) 2 x 2 R, mean , variance ?
exp  Fr(x )2
MultivariateNormal N(xj ; ) = j2 | ¥ x 2 RF, mean ,k Kk positive
exp 3(x )T x ) semi-de nitecovariance
InverseGamma 1G] ;) = X (e =x x 2 R, scalea > 0, shapeb> 0

B Useful ldentities

B.1 Matrix determinant

Thedeterminantor a generablock-partitionednatrixis

A

c p - IAID CA 1Bj: (B.1)

If aisascalarandA isann n squaramatrix,then

jaAj = a"jAj: (B.2)
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B.2 Matrix inversion

Thematrix inversionformulafor a symmetricmatrix with block sub-matricess

A B ' D ! A BE 1!

BT C - E lBTA 1 E 1 ; (BS)

whereD, A BC 1BTandE, C BTA 1B.

C Derivations

Thefollowing subsectiongrovide the completederivationsof the posteriorausedin Sec.3.

C.1 Derivationsof conditional posteriorsfor proposedclassi cation model

We considerthe modelandnotationintroducedin Sec.2. Following Bayes'rule, the conditionalposterior
for samplingthe regresioncoefcients is

p( §:2) /1 pzj ; ;x)p( ;52
=N Q 'z;Q ; (C.1)

wherewedeneQ, ( T +(2S) 1Y) YandZ, [z1:20;:::;2n] .

Next, we derie the posteriorof . It doesnot dependon becauset is combinedwith (C.1) to
comprisethe blocked move describedin Sec.3.1. Sincewe have to integrateout , this derivation is
somevhatinvolved. The conditionalposteriorof is proportionalto the likelihood of z timesthe prior
over . However, for the time beingwe canforget aboutthe prior sinceit will endup cancellingoutin
the Metropolis-Hastingsacceptanceatios (seeSec.3.3). In ary case,it is impracticalto samplefrom
p( j 2;z;x) directly, sowe arereally only interestedn deriving the expressiorup to a constanterm.

. 2.

p( § %zx) [ Bz i %x)
p(zj ; sx)p( j ; %)d

Z
= @)t 23 Pexp 12Tz 22T + TQ! d (C.2a)
Temporarilydening , Q and , Tz, andcontinuingfrom (C.2a),we get
Z
p(zj : 2x) = @ N+ 2g 1:2exp 1zTz+ T 1 27 1 4 T 1 T 1 g4
Z
= @M % Tep 12z T ' @) jj U N(j;)d
= @) 2sQ! exp 127z 2T Q 7z
/ qQ (2s) ' Pexp 127Z exp 127 Q Tz
I jQ (2S) ljexp ZT Q Tz
q
= 23 T 4| ‘lexpzT Q TZz: (C.2b)

Finally, we considettheeffect of activatinganddeactvatingakernelk onthepriorp( ja;b). Wedenote
6 k to beshorthandor thesetfk% k 2 f1;2;:::;K g; k6 kg.
P( k=1 exjah
P( k=1 exjal)+p( =0 exjayb)

P( k=1 skjab) =
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( sxk+1l+a) (K sk 1tDb
( sk+tl+a) (K sk 1+b+ ( exta) (K skt b

K ek 1+b 1!

= 1+

skta
— skta |
= Kva+b 1. (C.3a)
Thepriorp( ja;b) isderivedin (2.7). Theprior whenproposinga ip from 1to O is likewise
P( k=0 sxjasbh) =1 p(szlj skjab)
_ skta
N Kstatb 1
_ K §k+b 1.
= Kiarb 1 (C.3b)

C.2 Derivation of parameter expansionalgorithm for proposedclassi cation model

We augmenthesamplingof theregressiorcoefcients by scalingthelatentvariablesz usinganexpansion
parameter with aninverseGammaprior, asin Sec.3.2. De ning thetransformatiorto bet (z) = z=
andtheJacobian) (z) = detf@ (z)=@ig= ", wesample from theposterior

p( jw; 5% )

It (W] ;51 @ieC i)

= Np®ouxp s EY op( o )d

z

= NN® iy N X T os(2s)t PTw To4(25) 1t MG 2j5 d

z

/ N Zexp % WTW2+ + T 2 T +(28) 1 in +%wT T +(ZS) 11 TW

AWT 2T +(25 1t Y AwT 2T 4+(29t tTw ¢
— 2 ((N+  +1)=2+1) exp o  +WTw+wT T 4g1 oo T +(2 %) 1 otw
2
+ 4+ d2
/16 2N el s wWwTw+WT Q20 Tw T (C.4)

wherew , t X(z), W, [wi;wz;:::;wy]T, Qisde nedasbeforeand®, (T + (25) 1) 1. After
thethird line we remove the subscriptfrom thevariables , S andQ for clarity. NotethatwhenS is set
to thestabilisedg-prior @ = (2 2)((2 2+ 1) T + 1) L

C.3 Derivation of z lik elihood with stabilisedg-prior

We continuethederivationof the z likelihood,now with the coefcient scaleprior setto theg-priorwith the
additionof a stabilisingterm,S= ( T + Ix) 1. In particular we areinterestecan expressiongor the
likelihoodwhen | is setto 0 andwhen  is setto 1.

First, we introducesomenotation. We usethe subscriptO on the variables , S andQ andto be
shorthandor f = 0; gxg. We similarly de ne the subscriptl to bef y = 1; gxg. Additionally, it
will be u%(;fulto dene , tobethecolumnvectorof the kernelresponsenatrix introducedby , = 1,

6k » ek ko In tobetheN N identity matrix,1y m tobeanN M matrix of onesA, ,
5 oV 1—+2—2 and y and g to bethekth row, kth columnelementsn matricesS andQ, respectiely.
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« and  areanalogouso the elementE 1 in the matrix inversionformula (B.3), so the expressiondor
thesetwo variablesare

- T T 1
k — K k+ AkSOAk

T 1
«In S k
2T
+ = VAL QoA
= L4V I v Qo ¢
2 « 'N 00 O K

Following from thede nitions in Sec.C.1andthenotationintroducechere we have

1

1

Q= ¢ o+t(%Sp)*
1
= 5 ot (D) Mg ot )

= v oot

When ¢ = 0, theexpressiorfollows straightfrom (C.2b):
q
PZi (=0 g X))/ () tx QuSt exp ZT (Qq §Z (C.5)

We needto do a bit morework in thederivationwhen , = 1. We applythe formulasfor matrix inversion
(B.3) andfor the matrix dterminaniB.1) to obtain

q
Pzl =1 e 5x) /1 (2 e Q8T exp 2T 1Q; [Z
q__ T 1=2
= (2) € extD) 1 1t an
v I 1t =l n
2 QuAATQl v QA
exp LzT Qo + v* QoA AL Qo kQoAk 0 7
q P2 0 v A Qg k K
. . e 1
= WQa (k( ) ox™ Sy
exp 327 Qo 6+ V2, 0QuAALQl & Vi oQoAr T,
Ve ATQDTr T, 2
q
. . e 1
= Qo ( k(D) =+"Sj)
5 1=2
exp ZT Qo 6Z+ « Z' Iy VvV ¢Qo ¢ ‘ (C.5b)

Sincewe aregoing to computeMetropolis-Hastingsacceptanc@robabilities,we areinterestedn the
ratiosof thez likelihoodsfor the possibleassignmentsf . Theratiossimplify theexpressiongC.5a)and
(C.5b)somevhat:

P(Zi =1 g %X) _
P(Z] =0 gis 2X)

r

et exp  ZT 1y v Qg 0 (C.6)

Theratiop(zj =0; gy 2:xX)=p(z] =L s 2. x) follows similarly. Notethatwhenwe remove the
stabilisationterm( = 0), theratio (C.6) becomes
V 1
. u t
PZi =1 g X)) _H 1 2 ZT 1y 0So &

P(zj (=0 s ZHX) 1+ 2 I oS 0

which s the sameresultobtainedby [30].
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D Efcient algorithm for MetropolisedGibbs sampler

The algorithm METROPOLISED-GIBBS-SAMPLER- samples with time compleity O(NK 2). We as-
sumethe algorithmis provided with computedvaluesfor the kernelresponsematrix , the Grammatrix

T andthestabilisedg-prior S. hx i meanshevalueX insidethe bracletshasalreadybeencomputed,
andUp.q) denotesarandomvariateuniformly distributedon theinterval [0; 1]. It is interestingto notethat
the algorithmfails wheneither  or  is negative, andtheseconditionsimply eitherS or Q is not posi-
tive semi-de nite. Therefore this samplerensureghat  posterioris a properdistribution (providedthe 2
samplesarebehaed).

M ETROPOL ISED-GIBBS-SAMPLER-
1 v #

2 Q h™ i+ (291
3 Computeh Tzi

4 fork=1toK do B Preferablyin arandomordet
5 if = Othen

6 if U[O;l] < ngl then

7 PROPOSE-GIBBS-BIRTH-
8
9

1

; K +b
elseif Up;y) < gearp 1 then

PROPOSE-GIBBS-DEATH-

PROPOSE-GIBBS-BIRTH-
Compute
Computeh 7, i
Computeh 7 i

Computeh 7 Zi

ks T i Sh T i

R ™ i QhT i

K 1= +h T i hT (it T

- - 2 T ; 2K T i T T
K 1= =<+vh ' i vh R

X gl vh Tzi'h T i
if Up:yy < min 1, Zkk exp( kx2) then

GIBBS-ACTIVATE-

k

©CoOoO~NOOUPA,WNE

NN
o

=Y
[N

PrRoOPOSE-GIBBS-DEATH-

1 . columnk of

2 hT i columnk of h T i with all rows exceptrow k

3 h ' zZi rowk ofh TZzi

4 h TziteW  alirowsofh TZi exceptrow k

5 « row k, columnk entryof S

6 W columnk of S with all rows exceptrow k

7 sew all rows andcolumnsof S exceptrow k andcolumnk
8 S(neV\b S(neV\b VkaT: .

9 row k, columnk entryof Q

10 VW columnk of Q with all rows exceptk

11 Qew all rows andcolumnsof Q exceptrow k andcolumnk
12 Qew Qnew V=

13 x g™ vh TZiTQUEh T i

14 if Ug.qy < min 1 zkk exp( kx2) then
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