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Abstract. Many approachesto object recognitionare foundedon probability
theory, andcanbebroadlycharacterizedaseithergenerativeor discriminativeac-
cordingto whetheror not thedistributionof theimagefeaturesis modelled.Gen-
erative anddiscriminative methodshave very differentcharacteristics,aswell as
complementarystrengthsandweaknesses.In thischapterwe introducenew gen-
erative and discriminative modelsfor object detectionand classi�cation based
on weakly labelledtraining data.We usethesemodelsto illustrate the relative
meritsof the two approachesin the context of a datasetof widely varying im-
agesof non-rigid objects(animals).Our resultssupportthe assertionthat nei-
therapproachalonewill besuf�cient for largescaleobjectrecognition,andwe
discusstechniquesfor combiningthestrengthsof generative anddiscriminative
approaches.

1 Intr oduction

In recentyearsmany studies,bothin machinelearningandcomputervisionareas,have
focussedontheproblemof objectrecognition.Thekey challengeis to beableto recog-
nizeany memberof acategoryof objectsin spiteof widevariationsin visualappearance
dueto changesin theform andcolourof theobject,occlusions,geometricaltransforma-
tions(suchasscalingandrotation),changesin illumination, andpotentiallynon-rigid
deformationsof theobjectitself. Sincedetailedhand-segmentationandlabellingof im-
agesis very labourintensive,learningobjectcategoriesfrom `weaklylabelled'datahas
beenstudiedin recentyears.Weakly labelleddatameansthat training imagesarela-
belledonly accordingto the presenceor absenceof eachcategory of object.A major
challengepresentedby this problemis that the foregroundobject is accompaniedby
widely varying backgroundclutter, andthe systemmustlearnto distinguishthe fore-
groundfrom thebackgroundwithout theaidof labelleddata.

Many of the currentapproachesto this problemrely on the useof local features
obtainedfrom smallpatchesof theimage.Onemotivationfor this is that local patches
cangive informationaboutan objecteven it is occluded.An othermotivation is that
thevariability of smallpatchesis muchlessthanthatof wholeimagesandsothereare



muchbetterprospectsfor generalization,in otherwordsfor recognizingthat a patch
from a test imageis similar to patchesin the training images.However, the patches
mustbesuf�ciently variable,andthereforesuf�ciently large,to beableto discriminate
betweenthedifferentobjectcategoriesandalsobetweenobjectsandbackgroundclutter.
A goodway to balancethesetwo con�icting requirementsis to determinethe object
categoriespresentin an imageby fusing togetherpartialambiguousinformationfrom
multiplepatches.Probabilitytheoryprovidesapowerful framework for combiningsuch
uncertaininformationin a principledmanner, andwill form thebasisfor our research.
Wewill alsofocuson thedetectionof objectswithin imagesby combininginformation
from a largenumberof patchesof theimage.

Local featuresareobtainedfrom smallpatcheswhich areextractedfrom the local
neighbourhoodof interestpointsobtainedin theimage.Someof theinterestpointoper-
atorssuchassaliency [8], Differenceof Gaussian(DoG) [11] andHarris-Laplace(HL)
[12] areinvariantto location,scaleandorientation,andsomearealsoaf�ne invariant
[12] to someextent.For thepurposesof this chapterwe shallconsidertheuseof such
genericoperators.We will usesomevery commonoperators(Section2) andfeature
descriptionmethodsandwill comparetheir effect in learningperformance(Section5).

Also, the locationsof thepatcheswhich provide strongevidencefor anobjectcan
give an indicationof the locationand spatialextent of that object.The probabilistic
modelof Fergusetal. [6] performedthelocalizationof theobjectin animageby learn-
ing jointly theappearancesandrelative locationsof asmallsetof partswhosepotential
locationsaredeterminedby thesaliency detector[8]. Sincetheir algorithmis compu-
tationallycomplex, thenumberof partshasto bekeptsmall.In [10] a discriminati ve
framework for the classi�cation of imageregionsby incorporating neighborhood
interactions is presented.But for two classclassi�cation only. In [5], the spatial
relationshipbetweenpatcheswasnot consideredbut informative features(i.e. object
features)wereselectedbasedon informationcriteriasuchaslikelihoodratio andmu-
tual information.However, in this supervisedapproach,hundredsof imageswerehand
segmented.Finally, [19] extendedtheGaussianMixture Model(GMM) basedapproach
of [5] to asemi-supervisedcasewhereamulti-modalGMM wastrainedto modelfore-
groundand backgroundfeaturetogether. In their study, someunclutteredimagesof
foregroundwerealsousedfor thepurposeof training their model.In this chapter, we
do not attemptto modelthespatialrelationshipbetweenpatchesbut insteadfocuson
thecomparisonof generative with discriminative methodsin thecontext of local patch
labelling.

The objectrecognitionproblemis basicallya classi�cationproblemandthereare
many differentmodellingapproachesfor the solution.Theseapproachescanbe clas-
si�ed into two main categoriessuchasgenerative anddiscriminative. To understand
thedistinctionbetweendiscriminative andgenerative approaches,considera scenario
in which an imagedescribedby a vectorX (which might compriseraw pixel intensi-
ties,or somesetof featuresextractedfrom the image)is to be assignedto oneof K
classesk = 1; : : : ; K . Frombasicdecisiontheory[3] we know thatthemostcomplete
characterizationof thesolutionis expressedin termsof thesetof posteriorprobabilities
p(kjX ). Oncewe know theseprobabilitiesit is straightforward to assignthe imageX
to aparticularclassto minimizetheexpectedloss(for instance,if wewish to minimize



thenumberof misclassi�cationswe assignX to theclasshaving the largestposterior
probability).

In adiscriminativeapproachweintroduceaparametricmodelfor theposteriorprob-
abilities,p(kjX ), andinfer thevaluesof theparametersfrom a setof labelledtraining
data.This maybedoneby makingpoint estimatesof theparametersusingmaximum
likelihood,or by computingdistributionsover theparametersin aBayesiansetting(for
exampleby usingvariationalinference).

By contrast,in a generative approachwe model the joint distribution p(k; X ) of
imagesandlabels.This canbedone,for instance,by learningtheclassprior probabil-
ities p(k) andtheclass-conditionaldensitiesp(X jk) separately. Therequiredposterior
probabilitiesarethenobtainedusingBayes'theorem

p(kjX ) =
p(X jk)p(k)

P
j p(X jj )p(j )

(1)

wherethesumin thedenominatoris takenover all classes.
Eachmodellingapproachhassomeadvantagesaswell asdisadvantages.Thereare

many recentstudiesdealingwith thecomparisonof thesetwo approacheswith the�nal
goalof combiningthe two in thebestway. In [13] it wasconcludedthatalthoughthe
discriminativelearninghaslowerasymptoticerror, agenerativeclassi�erapproachesits
higherasymptoticerrormuchfaster. Very similar resultswerealsoobtainedby [4] but
they showedon a simulateddatathatthis is only truewhenthemodelsareappropriate
for thedata,i.e. thegenerativemodelmodelsthedatadistributioncorrectly. Otherwise,
if a mis-matchedmodel was selectedthen generative and discriminative modelsbe-
haved similarly, even with a small numberof datapoints.In both [4] and[13] it was
observed that asthe numberof datapointsis increasedthe discriminative modelper-
formsbetter. In [4] and[7] discriminativeandgenerative learningwerecombinedin an
ad-hocmannerusingaweightingparameterandthevalueof thisparameterde�nesthe
extendto whichdiscriminative learningis effectiveovergenerative learning.In [1] dis-
criminative learningwasperformedonagenerativemodelwherebackgroundposterior
probabilitywasmodelledwith aconstant.

In thischapterwewill providetwo differentmodels,onefrom eachapproach,which
areableto provide labelsfor theindividualpatches,aswell asfor theimageasawhole,
so that eachpatchis identi�ed asbelongingto oneof the objectcategoriesor to the
backgroundclass.This providesa roughindicationof thelocationof theobjector ob-
jectswithin theimage.Again theseindividualpatchlabelsmustbelearnedon thebasis
only of overall imageclasslabels.Our trainingsetis weaklylabelledwhereeachimage
is labelledonly accordingto the presenceor absenceof eachcategory of object.Our
goal in this chapteris not to �nd optimal object recognitionsystem,but to compare
alternative learningmethodologies.For this purpose,we shall usea �x ed dataset.In
particular, we considerthetaskof detectinganddistinguishingcows andsheepin nat-
ural images.Thissetis chosenfor thewidevariability of theobjectsin orderto present
a non-trivial classi�cationproblem.We do not have any datasetfor backgroundonly.
Variousfeaturesusedin this studyareexplainedin Section2. Our discriminative and
generative modelsareintroducedin Sections3 and4 respectively.

We uset n to denotethe imagelabelvectorfor imagen with independentcompo-
nentstnk 2 f 0; 1g in whichk = 1; : : : K labelstheclass.In ourcaseK = 3 wherethe



classesarecow, sheepandbackground.Eachclasscanbe presentor absentindepen-
dently in an image,andwe make no distinctionbetweenforegroundandbackground
classeswithin themodelitself. X n denotestheobservationfor imagen andthis com-
prisesassetof Jn patchvectorsf xnj g wherej = 1; : : : ; Jn . NotethatthenumberJn

of detectedinterestpointswill in generalvary from imageto image.
We shallcomparethetwo modelsin variousaspects.First we will investigatehow

themodelsbehavewith weaklylabelleddataandthenwewill testhow stronglylabelled
(i.e. imagesaresegmentedas foregroundandbackground)andweakly labelleddata
canbeusedtogetherin trainingthemodels.Experimentsandresultsfor this is givenin
Section5.1. Secondly, we will testthe modelswith varioustypesof featureasinputs
to seehow featuretype effects the models.Experimentsandresultsfor this is given
in Section5.2. Finally, as many previous studiesdid, we will seehow training data
quantityaffectslearningin the two differentmodeltypes.Experimentsandresultsfor
this is givenin Section5.3.

2 FeatureExtraction

Dueto thereasonsthatwehavementionedin theprevioussection,wewill follow several
recentapproachesanduseinterestpointdetectorsto focusattentionona smallnumber
of local patchesin eachimage.This is followedby invariantfeatureextractionfrom a
neighbourhoodaroundeachinterestpoint.

We chooseto work with Harris-Laplace(HL) [12] and Differenceof Gaussian
(DoG) [11] interestpoint operatorsbecausethey areinvariantto orientationandscale
changes.In our earlierstudy[17] we have usedDoG interestpoint detectorwith SIFT
(ScaleInvariantFeatureTransform)descriptor. SIFT is invariant to illumination and
af�ne (to somedegree)changesand very suitablefor DoG interestpoint detectors.
However SIFT, beinga 128 dimentionalvector, bringsa high computationalload for
model learning.Thus, in this chapterwe will use15 dimensionalLocal Jet (LJ) de-
scriptorinstead[9,16].

For the purposeof comparison,we will train our modelsusing different feature
typesandseehow they areeffectedby thesechoices.Thetwo featurepoint operators,
HL andDoG, will be usedwith the samefeaturedescriptor(LJ). In Figure1 a cow
imageis shown togetherwith with HL andDoGfeaturepointdetectorsin orderto give
more insight into thesetwo typesof operators.Hereonly featurepointswhich have
scalegraterthan5 pixels areshown. As canbe observed from the images,the DoG
operatorextractsuniformregions(leftmostimagein Figure1) andHL extractscorners
(middle imagein the �gure) wherethenumberof featuresextractedby HL is usually
lessthanDoG.

The featuredescriptormay be concatenatedwith colour information.The colour
informationis extractedfrom eachpatchbasedon[2]. Averagesandstandarddeviations
of (R; G; B ), (L; a;b) and(r = R=(R + G + B ), g = G=(R + G + B )) constitute
thecolourpartof the featurevector. Lab is a device-independentcolour spacethat
attempts to uniformly representcolour aswe perceive it. L is the lightnessvalue,
a is the red/greenopponencyand blue/yellow is representedon the b axis. As a



result,if colour is alsousedasa featuredescriptorthenwe will have a 31 dimensional
featurevector.

Justfor comparisonpurposes,wewill alsousesquarerandompatchesasinterestre-
gionswhichareselectedatrandomsizesandrandompositionsall overtheimage.Since
thesizeof apatchcanvarybetween1 pixel to thefull sizeof theimage,thepatcheswill
bescaledto 16 by 16 size.If eachpixel's colourinformationis useddirectly to form a
featurevector, thismakesa featurevectorof size768(16*16*3) andit is impossibleto
usethis directly in our models(especiallyin thegenerative model).Thus,we compute
�rst 15 PrincipleComponentAnalysis(PCA) coef�cients for thegrayscalepatchand
we obtainthecolour featureasdescribedin thepreviousparagraph.Again this makes
a 31 dimensionalfeaturevector. The numberof randompatchesis selectedto be ap-
proximatelythesameasthenumberof patchesfoundby otherinterestpoint operators,
which is around100for eachimage.In therightmostimagein Figure1 thecow image
with someof therandompatchesis alsoshown. Weonly show 10randompatcheshere.
In Section5.2,comparisonof thetwo modelswhenusedwith differentfeatureswill be
given in termsof patchlabelling andimagelabelling.We will compareHL andDoG
operatorswith LJ andcolour feature,andrandompatcheswith PCA coef�cients and
colourfeature.

, ,

Fig. 1. Different interestpoint operators.Featurepoint locationsarethe centersof the squares
andthesizeof asquareshowsthescaleof thatfeaturepoint.Thethreeimagesshow (left to right)
DoG interestpoints,HL interestpointsandrandompatches.

3 The Discriminati veModel with Patch Labelling

In a discriminative setting,thepurposeis to learntheposteriorprobabilities.Sinceour
goalis to determinetheclassmembershipof individualpatchesalso,weassociatewith
eachpatchj in an imagen a binary label � nj k 2 f 0; 1g denotingthe classk of the
patch.For the modelsdevelopedin this chapterwe shall considertheselabelsto be
mutuallyexclusive,sothat

P K
k=1 � nj k = 1, in otherwordseachpatchis assumedto be

eithercow, sheepor background.Note that this assumptionis not essential,andother
formulationscouldalsobeconsidered.Thesecomponentscanbegroupedtogetherinto
vectors� nj . If the valuesof theselabelswereavailableduring training (correspond-
ing to strongly labelledimages)then the developmentof recognitionmodelswould
be greatlysimpli�ed. For weakly labelleddata,however, the f � nj g labelsarehidden
(latent)variables,whichof coursemakesthetrainingproblemmuchharder.



We now introducea discriminative model,whichcorrespondsto thedirectedgraph
shown in Figure2.
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Fig.2. Graphicalrepresentationof thediscriminativemodelfor objectrecognition.

Considerfor a momenta particularimagen (andomit the index n to keepthe nota-
tion uncluttered).Webuild aparametricmodelyk (x j ; w) for theprobabilitythatpatch
x j belongsto classk. For examplewe might usea simplelinear-softmaxmodelwith
outputs

yk (x j ; w) =
exp(w T

k x j )
P

l exp(w T
l x j )

(2)

which satisfy0 6 yk 6 1 and
P

k yk = 1. More generallywe canusea multi-layer
neuralnetwork, a relevancevectormachine,or any otherparametricmodelthatgives
probabilisticoutputsandwhich canbe optimizedusinggradient-basedmethods.The
probabilityof apatchlabel� j is thengivenby

p(� j jx j ) =
KY

k=1

yk (x j ; w) � j k (3)

wherethe binary exponent� j k simply pulls out the requiredterm (sincey0
k = 1 and

y1
k = yk ).

Next weassumethatif one,or more,of thepatchescarriesthelabelfor aparticular
class,thenthewholeimagewill. For instance,if thereis at leastonelocal patchin the



imagewhich is labelled`cow' thenthewholeimagewill carrya`cow' label(recallthat
animagecancarrymorethanoneclasslabelatatime).Thustheconditionaldistribution
of theimagelabel,giventhepatchlabels,is givenby

p(t j� ) =
KY

k=1

2

41 �
JY

j =1

[1 � � j k ]

3

5

t k
2

4
JY

j =1

[1 � � j k ]

3

5

1� t k

: (4)

In orderto obtaintheconditionaldistribution p(t jX ) we have to marginalizeover
thelatentpatchlabels.Althoughthereareexponentiallymany termsin this sum,it can
beperformedanalyticallyfor our modeldueto the factorizationimplied by thegraph
in Figure2 to give

p(t jX ) =
X

�

8
<

:
p(t j� )

JY

j =1

p(� j jx j )

9
=

;

=
KY

k=1

2

41 �
JY

j =1

[1 � yk (x j ; w)]

3

5

t k
2

4
JY

j =1

[1 � yk (x j ; w)]

3

5

1� t k

: (5)

Thiscanbeviewedasaprobabilisticversionof the`noisyOR' function [15].
Given a training setof N images,which areassumedto be independent,we can

constructthe likelihoodfunction from the productof suchdistributions,onefor each
datapoint.Takingthenegative logarithmthengivesthefollowing errorfunction

E (w) = �
NX

n =1

CX

k=1

f tnk ln [1 � Znk ] + (1 � tnk ) ln Znk g (6)

wherewehave de�ned

Znk =
J nY

j =1

[1 � yk (xnj ; w)] : (7)

Theparametervectorw canbedeterminedby minimizingthiserror(whichcorresponds
to maximizingthelikelihoodfunction)usingastandardoptimizationalgorithmsuchas
scaledconjugategradients[3]. Moregenerallythelikelihoodfunctioncouldbeusedas
thebasisof aBayesiantreatment,althoughwedonotconsiderthishere.

Oncethe optimal value wML is found, the correspondingfunctionsyk (x ; wML )
for k = 1; : : : ; K will give the posteriorclassprobabilitiesfor a new patchfeature
vectorx. Thusthemodelhaslearnedto labelthepatcheseventhoughthetrainingdata
containedonly imagelabels.Note,however, that asa consequenceof the `noisy OR'
assumption,the modelonly needsto label oneforegroundpatchcorrectlyin orderto
predict the imagelabel. It will thereforelearn to pick out a small numberof highly
discriminative foregroundpatches,andwill classifytheremainingforegroundpatches,
aswell asthosefalling onthebackground,as`background'meaningnon-discriminative
for theforegroundclass.Thiswill beillustratedin Section5.1.



3.1 Soft Discriminati veModel

In our discriminative modelwith probabilisticnoisyOR assumption,if only onepatch
is labelledasbelongingto a class,then the whole imageis labelledasbelongingto
thatclass.We cansoftenthis assumptionby modellingtheposteriorprobabilityof the
imagelabelusingthelogistic sigmoidfunction

p(tk = 1jX) =
1

1 + e� Z k
(8)

whereZk is thesumover all patches

Zk =
JX

j =1

yk (x j ; w) (9)

where

yk (x j ; w) = w T
k x j (10)

sothatwe areaddingthelog odds.It follows that theconditionaldistribution of target
labelsis givenby

p(tk jX) =
�

1
1 + e� Z k

� t n k �
1 �

1
1 + e� Z k

� 1� t k

: (11)

Thedistribution for thevectorof targetvariablesis thengivenby

p(t jX) =
KY

k=1

p(tk jX) : (12)

However outputsof this modelcannot bedirectly usedaspatchlabelprobabilities
becausethey arenotnormalizedandthey don't satisfy

P
k yk = 1. Thisdoesnotcause

a problemin �nding the most probablepatchlabel. We can directly usethe model
outputsandchoosethebiggestoneaspatchlabel.However, whenwe needpatchlabel
probabilitiesthenweneedto normalizethemodeloutputsoverall possiblepatchesand
labels.

The error function for this soft discriminative model is given by the negative log
likelihood,andtakestheform

E (w) = �
NX

n =1

KX

k=1

�
Znk (tnk � 1) � ln

�
1 + e� Z nk

�	
: (13)

With this soft version,an improvementin both patchlabelling andimagelabelling is
obtained.Comparative resultsfor the two discriminative models(probabilisticnoisy
ORandsoft) aregivenin Section5.1.
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Fig.3. Graphicalrepresentationof thegenerativemodelfor objectrecognition.

4 The GenerativeModel with Patch Labelling

Next weturnto adescriptionof ourgenerativemodel,whosegraphicalrepresentationis
shown in Figure3. Thestructureof thismodelmirrorscloselythatof thediscriminative
model.In particular, thesameclass-labelvariables� nj areassociatedwith thepatches
in eachimage,andagain theseareunobservedandmustbemarginalizedout in orderto
obtainmaximumlikelihoodsolutions.

In thediscriminative modelwe representedtheconditionaldistribution p(t jX ) di-
rectlyasaparametricmodel.By contrastin thegenerativeapproachwemodelp(t ; X ),
which we decomposeinto p(t ; X ) = p(X jt )p(t ) andthenmodelthe two factorssep-
arately. This decompositionwould allow us, for instance,to employ largenumbersof
`background'images(thosecontainingno instancesof theobjectclasses)duringtrain-
ing to determinedp(X jt ) withoutconcludingthattheprior probabilitiesp(t ) of objects
is small.

Again, we begin by consideringa single imagen. The prior p(t ) is speci�ed in
termsof K parameters k where0 6  k 6 1 andk = 1; : : : ; K , sothat

p(t ) =
KY

k=1

 t k
k (1 �  k )1� t k : (14)

In generalwe do not needto learnthesefrom the training datasincethe prior occur-
rencesof differentclassesis morea propertyof the way the datawascollectedthan
of therealworld frequencies.(Similarly in thediscriminative modelwe will typically
wish to correctfor differentpriorsbetweenthe trainingsetandtestdatausingBayes'
theorem.)



The remainderof the model is speci�ed in termsof the conditionalprobabilities
p(� jt ) and p(X j� ). The probability of generatinga patchfrom a particularclassis
governedby a setof parameters� k , onefor eachclass,suchthat � k > 0, constrained
by thesubsetof classesactuallypresentin theimage.Thus

p(� j jt ) =

 
KX

l =1

t l � l

! � 1 KY

k=1

(tk � k ) � j k : (15)

Note that thereis an overall undeterminedscaleto theseparameters,which may be
removedby �xing oneof them,e.g.� 1 = 1.

For eachclassk, the distribution of the patchfeaturevector x is governedby a
separatemixtureof Gaussianswhichwedenoteby � k (x ; � k ), sothat

p(x j j� j ) =
KY

k=1

� k (x j ; � k ) � j k (16)

where� k denotesthe setof parameters(means,covariancesandmixing coef�cients)
associatedwith thismixturemodel,andagain thebinaryexponent� j k simplypicksout
therequiredclass.

If we assumeN independentimages,andfor imagen we have Jn patchesdrawn
independently, thenthejoint distributionof all randomvariablesis

NY

n =1

p(t n )
J nY

j =1

[p(xnj j� nj )p(� nj jt n )] : (17)

Sincewewishto maximizelikelihoodin thepresenceof latentvariables,namelythe
f � nj g, we usetheEM algorithm.Theexpectedcomplete-datalog likelihoodis given
by

NX

n =1

J nX

j =1

(
KX

k=1

h� nj k i ln [tnk � k � k (xnj )] � ln

 
KX

l =1

tnl � l

!)

: (18)

In theE-steptheexpectedvaluesof � nk j arecomputedusing

h� nj k i =
X

f � nj g

� nj k p(� nj jxnj ; t n ) =
tnk � k � k (xnj )
KX

l =1

tnl � l � l (xnj )

: (19)

Noticethatthe�rst factoron theright handsideof (15) hascancelledin theevaluation
of h� nj k i .

For theM-stepwe �rst setthederivative with respectto oneof theparameters� k

equalto zero(noLagrangemultiplier is requiredsincethereis nosummationconstraint
on thef � k g) andthenre-arrangeto give thefollowing re-estimationequations

� k =

2

4
NX

n =1

Jn tnk

 
KX

l =1

tnl � l

! � 1
3

5

� 1
NX

n =1

J nX

j =1

h� nj k i : (20)



Sincetheserepresentcoupledequationswe performseveral (fast) iterationsof these
equationsbeforeproceedingwith the next EM cycle (note that for this purposethe
sumsover j canbepre-computedsincethey donotdependon thef � k g).

Now considerthe optimizationwith respectto the parameters� k governing the
distribution � k (x ; � k ). The dependenceof the expectedcomplete-datalog likelihood
on � k takestheform

NX

n =1

J nX

j =1

h� nj k i ln � k (xnj ; � k ) + const: (21)

This is easily maximizedfor eachclassk separatelyusing the EM algorithm(in an
inner loop), since(21) simply representsa log likelihoodfunction for a weighteddata
setin whichpatch(n; j ) is weightedwith h� nj k i . Speci�cally, weuseamodelin which
� k (x ; � k ) is givenby aGaussianmixturedistributionof theform

� k (x ; � k ) =
MX

m =1

� km N (xj� km ; � km ): (22)

TheE-stepis givenby


 nj km =
� km N (xnj j� km ; � km )

P
m 0 � km 0N (xnj j� km 0; � km 0)

(23)

while theM-stepequationsareweightedby thecoef�cients h� nj k i to give

� new
km =

P
n

P
j h� nj k i 
 nj km xnj

P
n

P
j h� nj k i 
 nj km

� new
km =

P
n

P
j h� nj k i 
 nj km (xnj � � new

km )(xnj � � new
km )T

P
n

P
j h� nj k i 
 nj km

� new
km =

P
n

P
j h� nj k i 
 nj km

P
n

P
j h� nj k i

:

If oneEM cycle is performedfor eachmixturemodel� k (x ; � k ) this is equivalent
to a globalEM algorithmfor thewholemodel.However, it is alsopossibleto perform
several EM cycle for eachmixture model � k (x ; � k ) within the outerEM algorithm.
Suchvariantsyield valid EM algorithmsin which thelikelihoodnever decreases.

The incomplete-datalog likelihoodcanbeevaluatedaftereachiterationto ensure
thatit is correctlyincreasing.It is givenby

NX

n =1

J nX

j =1

(

ln

 
KX

k=1

tnk � k � k (xnj )

!

� ln

 
KX

l =1

tnl � l

!)

:

Notethat,for a datasetin which all tnk = 1, themodelsimply reducesto �tting a
�at mixture to all observations,andthestandardEM is recoveredasa specialcaseof
theabove equations.



This modelcanbe viewed asa generalizationof that presentedin [19] in which
a parameteris learnedfor eachmixturecomponentrepresentingtheprobabilityof that
componentbeingforeground.Thisparameteris thenusedto selectthemostinformative
N componentsin a similar approachto [5] and[18] wherethe numberN is chosen
heuristically. In our case,however, theprobabilityof eachfeaturebelongingto oneof
theK classesis learneddirectly.

Inferencein the generative model is morecomplicatedthan in the discriminative
model.Given all patchesX = f x j g from an image,the posteriorprobability of the
label� j for patchj canbefoundby marginalizingoutall otherhiddenvariables

p(� j jX ) =
X

t

X

� =� j

p(� ; X ; t )

=
X

t

p(t )
1

� P K
l =1 � l t l

� J

KY

k=1

(� k tk � k (x j )) � j k
Y

i 6= j

"
KX

k=1

� k tk � k (x i )

#

(24)

where� = f � j g denotesthe setof all patchlabels,and � =� j denotesthis setwith
� j omitted.Note that the summationover all possiblet values,which mustbe done
explicitly, is computationallyexpensive.

For theinferenceof imagelabelwe requiretheposteriorprobabilityof imagelabel
t , whichcanbecomputedusing

p(t jX ) / p(X jt ) p(t ) (25)

in p(t ) is computedfrom thecoef�cients f  k g for eachsettingof t in turn,andp(X jt )
is foundby summingoutpatchlabels

p(X jt ) =
X

�

JY

j =1

p(X ; � j jt ) =
J nY

j =1

P K
k=1 tk � k � k (x j )

P K
l =1 t l � l

: (26)

5 Experimentsand Results

In thischapter, wehaveusedatestbedof weaklylabelledimageseachcontainingeither
cows or sheep,in which theanimalsvarywidely in termsof number, pose,size,colour
andtexture.Thereare167 imagesin eachclass,and10-fold cross-validationis used
to measureperformance.For the discriminative modelwe useda two-layernonlinear
network having 10 hiddenunitswith `tanh' activation functions.Thenetwork had31
inputs,correspondingto theLJ or PCA coef�cient with colour featureasdiscussedin
Section2 and3 outputs(cow, sheep,background).For the generative modelwe used
a separateGaussianmixture for cow, sheepand background,eachof which has10
componentswith diagonalcovariancematrices.In our earlierstudy[17] we usedinput
vectorof size144which consistsof SIFT andcolour features.Usinga smallerfeature
vectorthis timebringscomputationalbene�t suchasspeedandcomputablecovariance
matrixes.



In the testphaseof bothdiscriminative andgenerative models,we input thepatch
featuresto the modelsandobtainthe posteriorprobabilitiesof the patchlabelsasthe
outputsusing(2) for probabilisticnoisyOR discriminative modelor (10) with normal-
ization for soft discriminative modeland(24) for thegenerative model.Theposterior
probabilityof theimagelabelis computedasin (5) for probabilisticnoisyORmodelor
(12) for thesoftdiscriminativemodeland(25)for thegenerativecase.Wecantherefore
investigatetheability of themodelsbothto predicttheclasslabelsof wholeimagesand
of their constituentpatches.Thelatteris importantfor objectlocalization.

5.1 Combining Strongly Labelled and Weakly Labelled Data for Training

Initial resultswith thegenerative modelshowed thatwith randominitialization of the
mixture modelparametersit is incapableof learninga satisfactorysolution[17]. We
conjecturedthat this is dueto theproblemof multiple local maximain the likelihood
function (a similar effect was found by [19]). To test this, we usedsomesegmented
imagesfor initializationpurposes(but not for optimization)in ourearlierstudy[17]. 30
cow and30sheepimageswerehand-segmented,andapatchwhichhasany foreground
pixel was labelledas foregroundanda patchwhich hasno foregroundpixel was la-
belledasbackground.Featuresobtainedfrom thepatchesbelongingto eachclasswere
clusteredusingthe K-meansalgorithmandthe componentcentersof a classmixture
modelwereassignedto the clustercentersof the respective class.The mixing coef�-
cientsweresetto thenumberof pointsin thecorrespondingclusterdividedby thetotal
numberof pointsin thatclass.Similarly, covariancematriceswerecomputedusingthe
datapointsassignedto therespective center.

In this chapter, we usethesesegmentedimagesalso for training optimizationin
orderto give both modelsthe samechance.In the generative case,including the seg-
menteddatainto learningrequiresonly a slight changein theexpectedcomplete-data
log likelihoodwhichbecomespartiallyexpectedin thiscase:

X

n 2 US

J nX

j =1

(
KX

k=1

h� nj k i ln [tnk � k � k (xnj )] � ln
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(
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KX

l =1

tnl � l

! )

(27)

whereS andUS denotesegmentedandunsegmentedimagesetsrespectively. For seg-
mentedimagesn 2 S, � nk j valuesarealreadyknown. Including the segmenteddata
to thegenerative modelis very easywherewe only needto assignknown patchlabels
insteadof their expectedlabelsin theouterE step(19)mentionedin Section4.

For theprobabilisticnoisyORdiscriminativemodel,theerrorfunctionbecomes

E (w) = �
X

n 2 US

KX

k=1

f tnk ln [1 � Znk ] + (1 � tnk ) ln Znk g

�
X

n 2 S

J nX

j =1

KX

k=1

� nj k ln(yk (xnj ; w)) (28)



wherethe �rst termon theright handsideof theerror function includesunsegmented
imagesand is the image labelling error, while the secondterm includessegmented
imagesandis thepatchlabellingerror.

Similarly, for thesoft discriminative model,theerror function(29) consistsof two
parts:onewith unlabelleddataandtheotherwith labelleddata.Thesetwo partsneed
to betreateddifferentlyduringall optimizationsteps.

E (w) = �
X

n 2 US

KX

k=1

�
Znk (tnk � 1) � ln

�
1 + e� Z nk

�	

�
X

n 2 S

J nX

j =1

KX

k=1

(yk (xnj ; w) � � nj k ) (29)

To testtheeffect of labelleddataon thegenerative model,we train thesamegen-
erative model with and without labelleddataand comparedthe results.When only
unlabelleddatais used(i.e. no initialization is performed)overall correctrate(ocr) for
imagelabellingis obtainedto be46:50%which is worsethanrandomlabelling.When
segmenteddatais usedfor initialization only thenthereis a signi�cant increasein the
performancewhereocrbecomes59:37%. Whenthesegmenteddatais usedfor training
aswell the performanceis not effectedmuchwhereocr staysat 59:37%. In Figure4
examplesfor generative modelpatchlabellingaregiven for differentsituationswhere
mostprobablelabel is assignedfor eachpatch.Patchcentersareshown by coloured
dotswherecolourdenotestheclass(red,white, greenfor cow, sheepandbackground
respectively). As canbeobservedfrom theimage,without initializationpatchlabelling
is asrandom(top imageof the �gure). Imagelabelling resultfor this particularsheep
imageis t = [1 0 1] for this samplerun which meansthat this is a cow image.With
initialization, mostof the patchesarelabelledcorrectly(middle imagein the �gure).
Imagelabelfor thesamesheepis t = [1 1 1] this timewhichmeanstherearebothcow
andsheep(aswell asbackground)presentin the image.Whensegmenteddatais also
usedfor training(bottomimage)patchlabellingperformancebecomesbetterandsheep
imageis labelledcorrectlyast = [0 1 1].

Using segmenteddatafor the probabilisticnoisy OR discriminative modelbrings
someproblems.When labelleddatais also usedfor training, althoughthe patchla-
belling performanceincreasessigni�cantly imagelabellingperformancedegrades.For
example,in Figure5 patchlabelling resultsduring a samplerun aregiven wherethe
mostprobablelabel is assignedto eachpatch.Top imageis an examplewhich is ob-
tainedwhensegmenteddatais not usedin training andocr for this caseis 62:50%.
Imagelabelling result is correctfor this particularcow with t = [0:99 0:50 1] which
becomest = [1 0 1] when0:5 is usedasathresholdfor imagelabelprobability. Middle
imageis obtainedwhensegmenteddatais usedfor trainingthemodelandocr for this
caseis very low, 30%. In this casepatchlabellingis betterbut imagelabelfor this par-
ticularcow imageis t = [1 0:831] whichmeansthatthereis ahighprobabilityof sheep
also.This is causedby a white (sheep)patchin the cow image.The bottomimageis



Fig.4. Patchlabellingresultsfor thegenerative modelwherethemostprobablelabelis assigned
to eachpatch(red, white, greenfor cow, sheepandbackgroundrespectively). Patch labelling
result in the top imageis obtainedwhenthe generative model is trainedwithout initialization.
Themiddleimageis whenlabelleddatais usedonly for initializing themodel.Thebottomimage
is whenthesegmentedimagesareusedfor bothinitializing andtrainingthemodel.

whenthesoft discriminative modelis trainedwith segmenteddatawhereocr becomes
78:1%. Patch labelling is asgoodas the previous casebut this time imagelabelling
is alsocorrectt = [1 0 1] for this particularcow imagealthoughtherearetwo white
(sheep)patches.Thisshows thatwhenweusesegmenteddataandforcetheprobabilis-
tic noisyOR discriminative modelto learnthosepatchesasthey arelabelledthenthe
discriminative power decreasesbecausethosepatchesmaynot be thatdiscriminative.
However this is not thecasefor soft discriminative model.



As wementionedin Section3.1outputsarelinearfor oursoftdiscriminativemodel
andthismeansthatoutputscantakeany realvalue.Thus,normalizationis requiredfor
thismodelwhenweneedpatchlabelprobabilities.

Fig.5. Patch labelling resultsfor discriminative modelswherethe most probablelabel is as-
signedto eachpatch(red,white,greenfor cow, sheepandbackgroundrespectively). Top image
is obtainedwhensegmenteddatais not usedin trainingof probabilisticnoisyOR discriminative
model.Middle row is whensegmenteddatais usedfor trainingthesamemodel.Thebottomrow
is whenthesoft discriminativemodelis trainedwith segmenteddata.



5.2 Comparisonwith Differ ent Feature Types

In this sectionwe will provide comparative resultsbetweenour generative (G) and
soft discriminative (D) modelwhenthey areusedwith differenttypesof featuressuch
as HL operatorwith LJ and colour feature(HL-LJ+C), DoG operatorwith LJ and
colour(DoG-LJ+C)andrandompatcheswith PCA coef�cients andcolour feature(R-
PCA+C).UsuallyDoG featurepoint operator�nds morepointsthanHL operatordoes
whenappliedonthesameimage.In therandomselectioncasewede�ne thenumberof
featurepointsandtheir localextension.In orderto eliminatetheeffectof dataquantity
in thecomparison,wearrangedthefeaturepointextractionalgorithmssothatthey pro-
duceroughly the sameamountof featurepoints(around100) for eachimage.Means
andstandarddeviationsof overall correctrate resultsover 10 fold runsaregiven in
Table1. Columnsarefor differentfeaturetypesandrowsarefor differentmodels.

Table1. Means(M) andstandarddeviations(SD)of overall correctimagelabelratefor different
featuretypes:HL with LJ and colour (HL-LJ+C), DoG with LJ and colour (DoG-LJ+C)and
randompatcheswith PCAcoef�cients andcolour(R-PCA+C).

HL-LJ+C DoG-LJ+CR-PCA+C
D (M)(%) 80.63 89.38 78.13
D (SD)(%) 7.13 4.74 3.83
G (M)(%) 56.25 56.25 75.62
G (SD)(%) 6.25 9.88 2.61

As canbeobservedfrom thetable,ocrfor discriminativemodelis noteffectedmuch
whendifferentfeaturetypesareused.Thebestoverall correctratefor thediscrimina-
tive model is obtainedby DoG-LJ+CfeatureandR-PCA+Cfeaturecausesthe worst
performance.Thegenerativemodelproduceshighly differentoverall correctrateswith
differentfeaturetypes.The bestperformancefor the generative model is obtainedby
therandompatches.With DoG-LJ+CandHL-LJ+C theperformanceis worsethanthe
randompatches.

It is alsointerestingto investigatethe extent to which the discriminative andgen-
erative modelscorrectlylabeltheindividual patches.In orderto make a comparisonin
termsof patchlabelling we use12 handsegmentedtest imagesfor eachclass.These
segmentedimagesaredifferent from thosewe have usedfor initializing andtraining
themodels.Patchlabelsareobtainedby (24) for thegenerative modelandby (10) for
the soft discriminative model.Normalizationis requiredfor the discriminative model
in order to obtainpatchlabel probabilities.Variousthresholdsareusedon patchla-
bel probabilitiesin orderto produceROC curvesfor thegenerative modelandthesoft
discriminativemodel,asshown in Figure6.

As canbeobservedfrom theplotsthegenerativemodelpatchlabellingis betterthan
thediscriminativemodelpatchlabellingfor all typesof featuresandpatchlabellingwith
DoGoperatorwith LJ andcolourfeatureis betterthanotherfeaturetypes.
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Fig.6. ROC curvesof patchlabelling.Each�gure containstwo curves.Onefor the generative
modelandtheotheronefor thediscriminativemodel.Left �gure is for R-PCA+Cpatches.Middle
oneis for DoG-LJ+C.Therightmostoneis for HL-LJ+C.



Someexamplesof patchlabellingfor testimagesaregivenin Figure7 for random
patches,in Figure8 for DoG patchesandin Figure9 for HL patches.In these�gures
eachpatch is assignedto the most probableclassand patchcentersare given with
coloureddotswherecolourdenotesthepatchlabel.

,

,

Fig. 7. Patchlabellingexamplesfor randompatches.Resultsfor discriminative model(top row)
andgenerative model(bottomrow) for cow (left column)andsheep(right column)image.Red
white, greendotsdenotecow, sheepandbackgroundpatchesrespectively andpatchlabelsare
obtainedby assigningeachpatchto themostprobableclass.

5.3 Comparison for Training Data Quantity

Wetrainedourmodelswith variousnumberof trainingdata.Weused50to 150images
with 25intervalsfrom eachclassfor trainingandplot overallcorrectrateversusnumber
of imagesusedin trainingfor bothmodelsin Figure10.Theleft �gure correspondsto
theuseof randompatches,while theright �gure correspondsto theuseof DoGpatches.
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Fig. 8. Patch labelling examplesfor DoG patches.Resultsfor discriminative model (top row)
andgenerative model(bottomrow) for cow (left column)andsheep(right column)image.Red,
white, greendotsdenotecow, sheepandbackgroundpatchesrespectively andpatchlabelsare
obtainedby assigningeachpatchto themostprobableclass.

Similar resultsas[13] and[4] areobtainedin thischapteralso.Sincethegenerative
modelperformsthebestwith randompatches(Section5.2)wewereexpectingthatwith
lessdatathegenerativemodelperformanceshouldbebetterthandiscriminativemodel.
As canbeobservedfrom theleft plots in Figure10 thegenerative modelperformance
is muchbetterthanthe discriminative onefor lessdataandasthe quantityof datais
increaseddiscriminative modelperformanceincreasesmuchfasterthanthegenerative
model's performance.WhenDoG-LJ+Cfeaturesareused,sincethegenerative model
doesnot performwell with this featuretype,we werenot expectingsametypeof be-
haviour. As canbe seenin the right handplots in Figure10, the generative and the
discriminative modelsbehave nearlythesameaswe increasethedataquantitybut the
discriminativemodelperformsbetterthanthegenerative modelall thetime.

6 Discussion

In our earlierstudy[17], we introducednovel discriminative (probabilisticnoisyOR)
andgenerative models.We usedSIFT featuresonly andshowed that theprobabilistic
noisyORdiscriminativemodelandthegenerativemodelhavecomplementarystrengths
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,

Fig. 9. Patchlabelling examplesfor HL patches.Resultsfor discriminative model(top row) nd
generativemodel(bottomrow) for cow (left column)andsheep(right column)image.Red,white,
greendotsdenotecow, sheepandbackgroundpatchesrespectively andpatchlabelsareobtained
by assigningeachpatchto themostprobableclass.

andlimitations.The discriminative model is ableto focuson highly informative fea-
tures,while thegenerative modelgiveshigh classi�cationaccuracy, andalsohassome
ability to localizetheobjectswithin theimage.However, thegenerativemodelrequired
carefulinitialization in orderto achieve goodresults.Also, inferencein sucha genera-
tivemodelcanbeverycomplex. A discriminativemodel,ontheotherhand,is typically
very fastoncetrained.

In thischapter, wehaveintroducedasoftversionof ourpreviousprobabilisticnoisy
OR discriminative model [17]. The soft discriminative model introducedherehasa
betterpatchlabellingcapabilitythanprobabilisticnoisyORone.

We have comparedour soft discriminative andgenerative modelsin termsof using
strongly labelledandweakly labelleddatatogetherin training.Combiningthesetwo
datatypesis very easyin thegenerative modeltrainingbut needslots of variationsin
thediscriminativecase.Thegenerativemodel,unlikethediscriminativeones,couldalso
bene�t from theuseof completelyunlabelledimages,althoughwe have not conducted
any experimentson thissofar.

We have usedseveral differentfeaturepoint operatorsandfeatureextractors,and
experimentedwith theeffect of differentfeaturetypeson the learningcapacityof the
models.First,we have comparedthemodelsin termsof imagelabellingperformance.
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Fig.10.Overall correctrateversusdatanumberplotsto show how themodelsbehaveasthedata
quantityis increased.Left �gure is whenrandompatchesareusedandthe right �gure is when
DoGfeaturesareused.

We have observed that the discriminative model is not effectedvery muchwhendif-
ferentfeaturetypesareusedandthe modelperformsthe bestwith DoG-LJ+C(DoG
operatorwith local jet andcolourfeatures).Randompatcheswith PCAcoef�cients and
colour featurescausedthe worst performancefor the discriminative model,while the
oppositeresultsareobserved for the generative model.The performanceof the gen-
erative modeldependssigni�cantly on the choiceof featuretypes,and the bestper-
formanceis obtainedwith randomfeatures.We alsocomparedthemodelsin termsof
patchlabelling.In all casesthegenerativemodeloutperformsthediscriminativemodel
in patchlabelling.But thebestpatchlabellingperformanceis obtainedwith DoG-LJ+C
featurefor bothmodels.This is avery reasonableresultbecauseDoGoperatorextracts
uniformregionsaspatchesandin mostcasesapatchis eitherfully backgroundor fully
foreground.However in othercasesmostof the time, a patchmaycontainsomefore-
groundpixelsaswell asbackgroundpixels.In randomlyselectedpatchesthis is more
serious.

We have alsocomparedthetwo modelswhendifferentnumberof imagesareused
for training. When this comparative experimentis performedusing randompatches
as features,we have observed that with small numberof datathe generative model
performsbetterthan the discriminative modelandas the dataquantity increasesthe
performancesfor both modelsincreasebut this increaseis moremarked for the dis-
criminative model,so that the performanceof the two approachesis similar for large
datasets.Whenthis comparative experimentis performedusingDoG-LJ+Cfeatures,
bothmodelsbehavednearlythesamefor all dataquantitiesbut thediscriminativemodel
performsbetterall thetimeaswe increasethedataquantity.

Our investigationssuggestthatthemostfruitful approacheswill involvesomecom-
binationof generative anddiscriminative models.Indeed,this is alreadyfound to be
thecasein speechrecognitionwheregenerative hiddenMarkov modelsareusedto ex-
pressinvarianceto non-lineartime warping,andarethentraineddiscriminatively by
maximizingmutualinformationin orderto achieve highpredictive performance.



Onepromisingavenuefor investigation is to usea fastdiscriminative modelto lo-
cateregionsof highprobabilityin theparameterspaceof agenerativemodel,whichcan
subsequentlyre�ne theinferences.Indeed,suchcoupledgenerative anddiscriminative
modelscanmutually train eachother, ashasalreadybeendemonstratedin a simple
context in [14].

Oneof the limitationsof the techniquesdiscussedhereis theuseof interestpoint
detectorsthat arenot tunedto the problembeingsolved (sincethey arehand-crafted
ratherthanlearned)andwhich arethereforeunlikely in generalto focuson the most
discriminative regionsof the image.Similarly, the invariantfeaturesusedin our study
werehand-selected.We expectthat robust recognitionof a large classof objectcate-
gorieswill requirethatlocal featuresbelearnedfrom data.

Classifyingindividual patchesisvery hard becausepatchesfr omdiffer entclasses
may seemsimilar due to the effectsof illumination, pose,noiseor similarity . This
ambiguity can be solved by modeling the interactions betweenpatches.The con-
textual information can be usedin the form of spatial dependenciesin the images.
Mark ov RandomField modelsaretraditional interaction modelsusedin vision be-
causethey canincorporate spatial relationshipconstraints in a principled manner.
For the purposesof this study we have ignored spatial information regarding the
relativelocationsof featurepatchesin the image.However, mostof our conclusions
remainvalid if a spatial model is combinedwith the local information provided by
the patch features.
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