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Abstract

Kernel methodsare amongthe importantrecentdevelopmentsn the eld of machinelearningwith
applicationsn computervision, speectrecognition bio-informatics,etc. This new classof algorithms
combinethe stability and ef ciency of linear algorithmswith the descriptve power of nonlinearfea-
tures. Kernelmethodsallow datato be mapped(implicitly) to a differentspace which is oftenvery
high dimensionatomparedo the input space sothatcomplex patternsin the databecomesimplerto
detectandlearn. Kernelfunction mapsthe dataimplicitly into a differentspace.SupportVectorMa-
chines(SVMs) are one of the kernelmethodswhich is widely successfufor classi cationtask. The
performancef algorithmdepend®n the choiceof the kernel. Sometimes,nding theright kernelis a
complicatedask.To overcomethis, learningthekernelis thenew paradigmwhichis developedin the
recentyears.For this,thekernelis parameterizedsaweightedinearcombinationof basekernels.The
weightsof the kernelarejointly optimizedwith the objective of thetask.

Learningboththe SVM parametersindthe kernelparameterss a Multiple KernelLearning(MKL)
problem. Many formulationsof MKL are presentedn literature. However, all thesemethodsrestrict
to linearcombinationof basekernels.In this thesiswe shav how the existing optimizationtechniques
of MKL formulationscanbe extendedto learnnon-linearkernelcombinationssubjectto generalregu-
larizationon the kernelparametersAlthough, this leadsto non-cowex problem,the proposednethod
retainsall the ef ciency of existing large scaleoptimizationalgorithms. We namethe nev MKL for-
mulationasGeneralizedMultiple KernelLearning(GMKL). We highlighttheadwantage®f GMKL by
tacklingproblemdik e featureselectiorandlearningdiscriminatie partsfor objectcateyorizationprob-
lem. Here,we shav how the proposedormulationcanleadto betterresultsnot only ascomparedo
traditionalMKL butalsoascomparedo state-of-the-amvrapperand Iter methoddor featureselection.
In the problemof learningdiscriminatize partsfor objectcateyorization,our objective is to determine
minimal setsof pixels andimageregionsrequiredfor the task. We usethe Multiple kernellearningto
selectthe mostrelevant pixels andregionsfor classi cation. We thenshov how the framewvork canbe
usedto enhanceour understandingf the objectcateyorizationproblemat hand,determinethe impor-
tanceof context andhighlight artifactsin the training data. We alsotacklethe problemof recognizing
charactersn imagesof naturalscenesn MKL framework. Traditionallyit is not be handledwell by
OCRtechniquesWe assesshe performancef variousfeatureq usingbag-of-visual-verdsrepresen-
tation) basedon nearesheighborand SVM classi cation. Besideghis, we investicatethe appropriate
representatioschemedgor recognitionusingMKL.

In short,the contributionsof this thesisare:

1. Proposinghev MKL formulationthatcanlearnnon-linearkernelcombinationsubjecto general

regularizationon the kernelparameters.

2. Exploring the utility of multiple kernellearning formulationsfor featureselectionandto the

problemof learninginformative partsfor objectcateyory recognition.

3. Recognitiorof charactermagegakenin naturalscenesisingthestateof theartobjectrecognition

schemesAnd alsoexploring the appropriateepresentatioschemedgor recognitionusingMKL.
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Chapter 1

Intr oduction

1.1 Intr oduction

Patternrecognitionabranchof arti cial intelligence studiegheoperationganddesignof systemsvhich
recognizeghe patternsn data. This includessub elds, like discriminantanalysis featureextraction,
errorestimationgclusteranalysisgtc. Most of recognitionmethodsareeitheraboutsupervisedearning
or unsupervisedearningwith applicationsin wide rangeof areas. In general,recognitionschemes
consistf learningalgorithmwhereit learnsamodelbasedupona givendata( trainingdata) anduses
this modelto classifyunseerdata( testingdata).

Learningalgorithmsbasedon kernelshave foundto be successfuin variety of tasks.Classi cation
algorithmssuchas supportvector machineq15, 16], regressionalgorithmssuchas kernelridge re-
gressionsupportvectorregressions|17,18], andgeneraldimensionalityreductionalgorithmssuchas
kernel principle componentanalysis(KPCA) [19], kernellinear discriminantanalysis(KLDA) [20]
are basedon kernel methods. Many of thesemethodsare widely usedin various elds e.g. bio-
informatics[21-25], computervision [26—28], speechrecognition[29—-31], datamining [32, 33], in-
formation retrieval [34, 35], patternrecognition[36], etc. This shavs that the kernel methodshave
establishedhemselesaspowerful tools. Thesealgorithmswork by embeddinghe datainto a feature
spaceandthensearchindor linearrelationsamongtheembeddedlatapoints. They employ asocalled
kernelfunctionwhich intuitively computeghe similarity betweertwo pointsin thefeaturespace.This
informationis containedn thekernelmatrix, a symmetricandpositive semide nitematrixthatencodes
therelative positionsof all points. Cornvergenceof thetrainingalgorithmsis ensuredaslong astheker-
nel matrix is symmetricandpositive semide nite. Figure1.1 givesthe overview of the kernelmethod.
More detailsaboutkernelmethodss discussedn Chapter2. Notethatclassicakernel-basednethods
listedabore arebasedn a singlekernel.

Theperformancef thesdearningalgorithmsdepend®nthedatarepresentationT hekernelactually
de nesthesimilarity betweeniwo samples«;y, while de ning anappropriateegularizationterm for
the learningproblem. In somesituationsmore e xible modelsarerequired.Recentworks, shav that
usingmultiple kernelsinsteadof a singleonecanenhanceheinterpretabilityof the outputof algorithm
andseenmprovedperformancesOneof thecorvenientapproactwhichis consideredh suchsituations



f(x) =2 ak(x;,x)

Data Kernel Function Kernel Matrix Algorithm  Output Function

Figure1.1: Overview of kernelmethod. Datawith M sampless usedto computekernelmatrix (M
x M) usingkernelfunctionk(x;y). Then,learningalgorithmusesthis matrix to learnthe modeland
computesutputfunction.

is representingcernelfunctionk(x; y) asconiccombination®of basekernels.

k(x;y) = X dk(x;y)withd, O (1.2)
1=1

Eachbasekernel k; may either usethe full setof variablesdescribingx or subsetsof variables
stemmingfrom differentdatasources.Otherwise the kernelsk, cansimply be classicalkernelslike
Gaussiarkernels(i.e.exp ¥ YK*) etcwith differentparameterswithin this framework, the problem
of datarepresentatiothroughthekernelis thentransferredo the choiceof weightsd;.

Oneof themostwidely usedkernelmethods SupportvVectorMachineSVMs)[15]. SupportvVector
Machinesarebasictoolsin machindearningwhich areusedfor taskssuchasclassi cation,regression,
etc They nd applicationsn diverseareagangingfrom vision to bio-informaticsto natural-language
processing.The succes®f SVMs in theseareas,is often dependenbn the choiceof a goodkernel
andfeatures— which are typically hand-craftecand x ed in advance. However, hand-tuningkernel
parameterganbe dif cult asselectingandcombiningappropriatesetsof features.Learningboththe
SVM parameterandthe weights(d,) in a single optimizationproblemis a multiple kernellearning
(MKL) problem. For binary classi cation,the MKL problemwas rst introducedby [2]. Intuition
behindMKL formulationfor classi cationis discussedn moredetailin Section2.6.

Multiple KernelLearning(MKL) seeksto addresghe issueof appropriatedatarepresentatiofy
learningthekernelfrom trainingdata.In particular it focuseonhow thekernelcanbelearntasalinear
combinationof given basekernels. Many MKL formulationshave beenproposedn the literature. In
[4], it wasshawvn thatthe MKL Block |; formulationof [3] could be expressedasa Semi-in nite
LinearProgram.Columngeneratiormethodsandexisting SVM solverscouldthenbe usedfor ef cient
optimizationandto tacklelarge scaleproblemsinvolving as mary asa million datapoints. Gradient
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descentanbemoreef cient thansolvingaseriesof linearprogramsand[5] demonstratethattraining
time could be further reducedby nearly an order of magnitudeon somestandardmachinelearning
datasetsvhenthe numberof kernelsis large. SimultaneouslyMKL basedalgorithmshave achieved
very goodresultsfor bio-informatics[37,38] andcomputervision [6, 39] applications.Thesemethods
establishedheviability of MKL asatool for tacklingchallengingrealworld problems.

1.2 Problem Statement

Learningthe kernelis one of the popularparadigmdevelopedfor increasingperformanceandinter-
pretability of the outputof algorithm. MKL is a way of learningthe kernelfor the classi cationtask.
Many MKL formulationsare presentedn the literature[2-5]. But all the approachesre limited in
that they focuson learninglinear combinationsof basekernels— correspondingo the concatenation
of individual kernelfeaturespacesFar richerrepresentatiocanbe achieved by combiningkernelsin
otherfashions. This raisethe fundamentalquestionof what could be other possiblerepresentations.
This thesisaddressethe problemof how thekernelcanbelearntby usingnon-linearcombinationsin
speci ¢, we addresshefollowing issuesn thisthesisi) GeneralizingMKL to handlenon-linearkernel
combinations.In additionto kernelfunction, we also generalizethe regularizationon the kernel pa-
rametersii) How multiple kernellearningcanbe usedfor featureselection.We alsodemonstratéow
the non-linearfashionof combiningkernelsbooststhe performancevhencomparedo linear manner
of combiningkernels. We demonstrat@ur resultson standardnachinelearningand computervision
datasetsWe alsoshov how we canlearndiscriminatve partsfor objectrecognitionin MKL framework.
We demonstratehis on standarcbenchmarlobjectrecognitiondatasetsiii) Investigatinganddemon-
stratingtheuseMKL ontherealworld problemof characteimagerecognitiontakenin naturalscenes.
Here,we useMKL for combiningdifferentfeatureswvhich captureglifferentaspectdik e texture,edge,
etc. Thefeatureextractionmethodswve useherearewidely usedin objectrecognitionliterature.

The applications,on which we demonstrateéhe methodsdevelopedin the thesis,are of practical
importanceand have receved wide attentionin the eld of machinelearningand computervision.
Featureselection,the techniqueof selectinga subsetof relevant featuresfor building robust learning
modelsis dealtwith in this thesis.We alsocomparehe proposednethodwith state-of-the-annethods
proposedn literature.More detailsaboutthemethodsarepresentedn Chapters. Besideghis, we deal
with theproblemof doingobjectcategorizationef ciently . For thiswe exploretheuseof multiplekernel
learningto selectthe mostrelevant pixels andregionsfor classi cation. And thusdo classi cationby
usingselectedixels or regions. We apply this for the problemof genderidenti cation usingminimal
numberof pixels. This hasapplicationsin video suneillancewhereefcient classi ers are needed.
In Chapter6, we dealwith new problemof recognizingthe characteimagestakenin naturalscenes.
Solving this problemhaspracticalapplicationsn imageretrieval, etc. The resultsobtainedusingthe
methodsproposedn this thesisindicatelearningnon-linear( or generic) kernelcombinationshave
greatefimpactin improving theperformancén somecasesip to 9%, andincreasaheunderstandability
of certainproblems.

Thefollowing sectiongiveschallengesnvolvedin learningthe kernel. Sectionl.4 givesthe details
of variousapplicationsof MKL andsectionl.5 presentshe organizationof thethesis.

4



(e)Horse (f) Motorbike

Figure 1.2: Resultsof object detectiontask using MKL basedmethodproposedin [6] on some of
categyoriesfrom VOC Challengedataset.

1.3 Challenges

Extractingusefulknovledgefrom datais notalwaysatrivial task.In thecaseof MKL, we aimatlearn-
ing bestgeneralizedyuaranteealassi er and simultaneouslytry to explore and nd the bestpossible
featurespace.Thatis, we simultaneouslynd aseparatindiyperplaneandtheweightson eachindivid-
ual kernels. The weightsare chosenso asto maximizethe magin betweerthe two classes.Trying to
optimizeboththe objectvesat atime is dif cult asthetwo componentareinterlinkedto eachother
In a way this canbe framedaschicken-and-gg problem,whereyou do not know which oneto start
with, i.e., nd thebestclassi er or bestfeaturespace.Besideghis, whenyou have multiple heteroge-
neousdatasourcesit is extremelydif cult to identify andexplore the desiredfeaturespace.Thereis
alsonecessityto nd out which sourcesare neededo be givenimportanceandwhich neednot to be
given. Extendingto muchmore genericcombinationsand regularizationscan make the formulations
to be non-comwex optimizationproblems.And, nding stablesolutionsto suchtypesof problemsare
dif cult.

Otherchallengesnvolvedis thatthe optimizationof suchformulationsis not straightforvard. Many
of theseoptimizationshave the overheadof computationakcalability statisticalstability which lim-
its the applicability of solutionsto small or mediumscaleproblems. Scalingthe solutionsto larger
problemsis alsooneof the majorchallengesn solvingthe problem. Also scalingis essentialn mary
practicalsituations.



1.4 Applications

Multiple kernellearningcanbe appliedfor wide rangeof applicationsn various elds. Fieldsinclude
computewision, machindearning,speectprocessingbio-informatics signalprocessinggatamining,
etc. TheseapplicationsuseMKL eitherto increaseanterpretabilityof outputor to increaseprediction.
Essentiallytheseapplicationsexploit oneof the following views of multiple kernellearning.

To Combinethe multiple heterogeneoudatasources.
To obtainthe optimalweightsof differentfeaturesusedfor thetask.

To interpretthe sparsityafterlearningthe weightsof thekernels.

Designingandintegratingkernelshasprovento be an appealingapproacho addresseveral chal-
lengingrealworld applications.Speci cally, problemsinvolving multiple, heterogeneoudatasources
in computewvision, bio-informaticsaudioprocessingroblemsgtchave beentackledsuccessfullyFor
e.g. in computervision it is used[6, 9,39-41]to combinedifferentfeaturesvhich capturevariousas-
pectslike shapecolor, texture,etcfor image/objectlassi cationor objectdetection seeFigurel.2).
In thelater chaptersof this thesiswe will investigatein greaterdetailsabouttheir usefor visual object
classi cationin particular Someapplicationsin speechprocessingareaare spealer veri cation [42]
andspealer recognition. Someof the signalprocessingpplicationscanbe foundin [43]. In thearea
of bio-informatics,it is usedfor variousdiseaseredictionandclassi cation[37,38,44] tasks. There
arealsoseveral otherapplicationan machinelearningto interpretthe learningmodel[45,46]. In this
thesiswe addresshe problemof featureselectionin detail.

1.5 Organizationof the Thesis

Chapterl providesthebroadoverview of thethesis.Themajorcontributionsof thethesisareintroduced.
Thechallengesnvolvedin tacklingthe problemandthe possibleapplicationsvherethe solutionsplay
acrucialrole arediscussedChapter2 givesthe backgroundor readingthethesis.This givesdetailed
explanationof kernelmethodsandthe multiple kernellearning.This chapteinintroducethefundamental
ideabehindthekerneltrick alongwith theelementargheoryof kernelfunctions.Populakernelmethod,
SupportVectorMachineis kernelizedasan exampleto demonstratéhe kerneltrick. The dependenc
of thealgorithmon choiceof thekernel,popularkernelsusedin elds like computerisionandthe ne
detailsof MKL aregiven. Chapter3 presentghe literaturesurvey on Multiple KernelLearning. Here
we review thedevelopmentof MKL from initial work to currentstate-of-the-annethods.

In Chapter4, we shav how the MKL is generalizedo learn non-linearkernel combinationssub-
jectto generalregularization. This is achiezed while retainingall the ef ciency of existing large scale
optimizationalgorithms. We namethe nev MKL formulationasgeneralizednultiple kernellearning
(GMKL). Thetheoryanddetailsof the formulationaregiven here. In Chapter5 we demonstratehe
applicationsof GMKL. Herewe highlight the advantagesof GMKL by tackling problemslik e feature
selectionandlearningdiscriminative partsfor objectcateyorizationproblem. For featureselectionwe



usevariousbenchmarkcomputervision and machinelearningdatasets.Here we shav how the pro-

posedormulationcanleadto betterresultsnotonly ascomparedo traditionalMKL but alsocompared
to state-of-the-anvrapperand Iter methoddor featureselection.In the problemof learningdiscrim-

inative partsfor objectcateorizationour objectie is to determineminimal setsof pixels andimage
regionsrequiredfor thetask. We arguethatinformationpresenin imagescanberedundanand,there-
fore, looking at the entireimagemight not be necessaryor performingcertainclassi cationtasks.We

usemultiple kernellearningto selectthe mostrelevant pixels andregionsfor classi cation. We then

shawv how theframewvork canbeusedio enhanceurunderstandingf theobjectcategorizationproblem
athand,determingheimportanceof context andhighlight artifactsin thetrainingdata.

In Chapter6, we tackle new problemof recognizingcharactersn imagesof naturalscenes. In
particular we focuson recognizingcharactersn situationsthatwould traditionally not be handledwell
by OCR technigues.We presentresultson an annotateddatabasef imagescontainingEnglish and
KannadacharactersThe problemis addresseih anobjectcateyorizationframewvork basedon a bag-
of-visual-wordsrepresentationiWe assestheperformancef variousfeaturesdasednnearesheighbor
andSVM classi cation. Besideghis, we investicatethe performancesf MKL onthe problem.Finally
the conclusion®f thethesisaregivenin Chapter7.

Thusthe contritutions of thesisare: (i) Proposingnev MKL formulationwhich is generalizedo
non-linearkernel combinationssubjectto generalregularizationon the kernel parameterg Chapter
4) . (ii) Exploringthe utility of multiple kernellearningformulationsfor featureselectionandto the
problemof learninginformative partsfor objectcatayory recognition( Chapter5). (iii) Recognition
of perspectrely imagedcharacteimagesusingthe stateof the art objectrecognitionschemes.Also
exploring theappropriateepresentatioschemedgor recognitionusingMKL (Chapter6).

1.5.1 Noteto thereader

Chapter2 is written asatutorial for theintroductionto kernelmethodsandmultiple kernellearning. It
is not necessaryo readthis for understandinghe thesis.However it is recommendedbr readersvho
are unfamiliar with kernel methodsand have dif culty in understandinghe multiple kernellearning
problem. Readersvho arefamiliar with the eld may skip the chaptemwithout losing continuity Sec-
tion 2.1 to Section2.2 givesthe introductionto kernelmethods.In Section2.3, we explain SVM for
classi cationandhow it canbe kernelized.Section2.4, 2.5 givestheoryof kernelsandsomeexample
kernelfunctions.And nally Section2.6 givesthedetailsof multiple kernellearningin detail. Readers
who arefamiliar with kernelmethodsandnotwith multiple kernellearningcanskipttill Section2.5and
canstartreadingfrom Section2.6.



Chapter 2

Background on Kernel Methods and
SVMs

2.1 Intr oduction to kernel methods

Over pastdecadekernelmethodshave receved wide attentionand have establishedhemselesto be
powerful toolsin numerousiomains.Thesemethodsare basedon the similaritiesbetweerthe objects
or sampleghey allow, e.g.the predictionof propertiesof new objectshasedn the propertiesof known
ones( classi cation, regression) or identi cation of commonsubspace®r subgroupsn otherwise
unstructurediatacollections( dimensionalityreduction clustering).

In generallinearalgorithmsarewidely usedfor mary taskssuchasdimensionalityreduction clas-
si cation, becausef its numericalandstatisticalstability. Linearrelationshipsareeasierto detectirom
dataandmostnaturalestimateof anunknawvn relationshipamongseveral variables.Principal Compo-
nentAnalysis[47], LinearPerceptronl.inear Predictve Coding[48] aresomeof thelinearalgorithms
usedfor compressionmodeling prediction,etc. But, thesemethodsarelimited to only certaindescrip-
tive power. On the other handnon-linearalgorithmshave much more descriptve power thanlinear
algorithms.Thesemethodsareextremelyusefulwhentasksgetcomple aslinearmethodgurnsout to
performpoor But thesenon-linearalgorithmsarebaseduponnon-linearfunctionswhich aredif cult
to estimateandhasproblemswith stability ( numericalandstatistical) andcorvergence.In past,one
of eithermethodss useddependinguponsituationsas,thereare no otherclassof methodswhich has
descriptie power aswell asnumericalandstatisticalstability. Lateron, kernelfunctionsareintroduced
to draw theadvantageof boththe methods.

Kernelfunctionsare rst demonstrateth theintroductionof SupportVectorMachineq SVMs) [15]
for the classi cationproblem. Thesefunctionshave successfullycombinedthe advantage®f boththe
linear algorithmand nonlinearfunctions. The methodaimsat building a linear classi er in a feature
spacehatis nonlinearlyrelatedto theinput space Thisis donewithout explicitly accessinghefeature
space. The fundamentalideais that a complec relationshipin the input datacan be simpli ed by
recodingthe datain anappropriatenanner This paradigmis of little usefor problemsinvolving high-
dimensionablata.However, with the useof kernelfunctionto indirectly accessherecodeddatavia the



inner productmalkesestimationof non-linearfunctionsfeasible. Ever sincethe introductionof SVM,
a numberof successfulinear algorithmssuchasPCA, LDA arekernelized[19, 20] usingthe kernel
trick to incorporatethe power of nonlinearity The resultingalgorithmsare superiorto their linear
counterpartén termsof descriptve power, andarestable.

Any kernelfunctioncanbeusedwith a kernelizedalgorithmwithout effecting the statisticalproper
ties,suchasgeneralizatiortapabilityof thealgorithm(in caseof classi cationalgorithms).Thisallows
domainspeci ¢ knowledge(or prior) to beincorporatedn to the kernelfunctionwithout changingthe
algorithm. This modularitymakesthe developmentof powerful andstablealgorithmsfeasible.Several
otheradwantage®f kernelmethodswill be describedn thefollowing sections.The underlyingtheory
of kernelmethodss coveredin a numberof books [49-51]. In the following section,differentmod-
ulesof kernelmethodsandbasicmethodologyof eachmoduleis explainedin detail. The useof kernel
functionsin SVM, how the performancef SVM canbeimprovedby learningthe kernelandthenhow
thesekernelsareusefulin computervision areexplainedin latersections.

2.2 Overview of Kernel Methods

In generalkernelmethodssolutioncomprise®f two parts.Firstly, amodulethatperformsthemapping
into the featurespaceand secondly a learningalgorithm designedo discover linear patternsin that
space.Thetwo mainreasonsvhy this approachs usedare, (i) Detectinglinearrelationshasbeenthe
focusof researchn statisticsand machinelearningfor decadesandthe resultingalgorithmsare both
well understooé@ndef cient. (ii) Thereis acomputationashortcutwhichmakesit possibleto represent
linear patternsef ciently in high-dimensionakpacego ensureadequataepresentationgbower. This
shortcutis calledkerneltrick with the help of kernelfunction.

The stratg)y adoptedhereis to embedthe datainto a spacewherethe patternscan be discovered
aslinearrelations. This is donein a modularfashion. Two stepswith distinctcomponentsliscussed
earlierwill performthis. The initial mappingcomponentis de ned implicitly by a so-calledkernel
function. This componentvill dependon the speci ¢ datatype anddomainknowledgeconcerninghe
patternghatareto be expectedn the particulardatasource.The patternanalysisalgorithmcomponent
is generaburposeandrobust. Furthermoreit typically comeswith a statisticalanalysisof its stability.
Thealgorithmis alsoef cient, requiringanamountof computationatesourceshatis polynomialin the
sizeandnumberof dataitemsevenwhenthe dimensionof theembeddingpacegrows exponentially

In later section,we will introducethe mainingredientsof kernelmethodsusing SVM asexample.
Following four key aspect®f theapproachwill be highlightedin theexample.

1. Dataitemsareembeddedhnto avectorspacecalledthefeaturespace.
2. Linearrelationsaresoughtamongthe datapointsin thefeaturespace.

3. Thealgorithmsareimplementedn sucha way that the coordinatef the embeddegbointsare
not neededopnly their pairwiseinnerproductsarerequired.

4. The pairwiseinner productscan be computedef ciently directly from the original datapoints
usinga kernelfunction.



Thesefour obserationswill imply that, despiterestricting oursehes to algorithmsthat optimize
linearfunctions,approachwill enablethe developmentof arich toolbox of ef cient andwell-founded
methoddor discoseringnonlinearrelationsin the data.In thefollowing section linearversionof SVM
is rst explainedthenkernelextensionof it.

2.3 Support Vector Machines

Classi cationis a commontaskin machinelearning. Given somedatapointswith informationof the

classt belongdo, thegoalof classi cationalgorithmis learnthemodelto predictunseersamplesvhich

classit belongsto. SupportvectormachineqdSVMs) area setof relatedsupervisedearningmethods
usedfor classi cationandregression.A SupportVectorMachineis trainedso thatthe directdecision
functionmaximizesthe generalizatiorability. Here,a datapointis viewedasam dimensionalvector
(alist of m numbers)andwe wantto knov whethemwe canseparatsuchpointswith am dimensional
hyperplane.This is calleda linear classi er. Therearemary hyperplaneghat might classifythe data.
Onegoodchoiceasthe besthyperplaneis the one that representshe largestseparationpr mamgin,

betweenthe two classesSVM chooseghe hyperplanesothatthe distancefrom it to the nearestata
point on eachsideis maximized. If sucha hyperplaneexists, it is known as the maximum-magin

hyperplaneandthelinearclassi erit de nes,is known asa maximunmargin classi er .

2.3.1 Primal and Dual Formulation : SeparableCase

Consideratwo-classclassi cationproblem,letM m dimensionatrainingsamples¢;(i = 1, ;M)
belongto eitherclassl or class2. And y; bethecorrespondindgabelswhichis 1 for classl and 1 for
class2. Considemproblemto be separabl@ndneedto learnthe decisionfunctionwx + bwherew is

m dimensionaliector bis abiasterm. It is greatethanzerofor y; = 1 andlessthanzerofory; = 1.
For controlledseparabilitythe following inequalitiesareused
8
<
1 fory; =1
wix; + b, yi 2.1)
. 1 foryj= 1

Above Equationcanalsoberewritten asandequialentto
yvi(w'xj + b 1fori=1; M (2.2)

In the hyperplaneEquation
wixi+ b=c (2.3)

whenc = 0, it is the separatindnyperplanevhich runsin themiddleandparallelto thetwo hyperplanes
withc= land 1. Thedistancebetweerthesetwo hyperplaness calledthemargin. Figure2.1shavs
the hyperplandormedwhenc = 0;1; 1. It canbeenseenthattherearemary hyperplanesatisfying
Equation(2.2). However, generalizatiomability of eachthe possiblehyperplanesvaries. Intuitively
the hyperplanewhich hasmaximummagin will have more generalizatiorability andis calledasthe
optimal separatinghyperplane. Margin hereis distancebetweenthe two hyperplanesv!x; + b= 1
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Figure2.1: Maximummaigin hyperplanéan atwo-dimensionatiata
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andw'x; + b= 1whichis equivalentto Wzk Theoptimalseparatindiyperplanecanbe obtainecby
minimizing thefollowing objectie functionJ.

J= %wtw
subjecto  yi(wixj+b) 1 8i (2.4)
yi2 f 119

The squaren the objective function of above formulationmalesit a quadraticprogrammingprob-
lem and feasiblesolutions exists aslong asdatais linearly separable As the above formulationhas
guadraticobjectie functions,thereexists non-uniquesolutionsbut the value of objective functionis
unique.Thisis oneof the advantageof supportvectormachinesver neuralnetworks. The datawhich
satisfytheequalitiesn rst constrainof formulationgivenin Equation(2.4)arecalled supportvectos
. In Figure 2.1thepointswhich areroundedaresupportvectors.

By solvingthe formulationof Equation(2.4),w andb areestimated.So,the numberof variablesto
be solvedis thedimensionof input vectorplusonei.e m + 1. Whenthe numberof input variablesare
small abore quadraticprogrammingproblemcan be solved without muchdif culty . But asdiscussed
earlierwe maptheinputspaceo a high-dimensionaleaturespacewhichmightgoin nite sometimes,

nding the solutionmight not be feasible. For this, above formulationis cornvertedinto an equivalent
dual where numberof variablesis equalto the numberof training samples. This is corvertedinto
following unconstrainegroblem.

b4
Quib )= Jw'w X+ 1 (25)
i=1
where | 0 arethe nonngative Lagrangianmultipliers. The optimal solutionof Equation(2.5) is
givenby saddlepoint, whichis minimizedwith respectow , bandmaximizedwith respecto ( 0);
andit satis esthefollowing Karush-Kuhn-Tucker (KKT) conditions:

@(ngb; ) -0 (2.6)
@(VCV@; b ) _ 2.7)
ifyi(w'xj+b 1g=0  8i (2.8)
i 0 8i (2.9)

Consideringequationg2.9), (2.8) togethereither ; = Oor ; 6 0andy;(w!x; + b) = 1 mustbe
satis ed. Thetraining sampledor which ; 6 0 arecalled supportvectos. Using Equationy2.6),
(2.7)and(2.9) we candeduce

w = iYiXi (2.10)



and,
M
iyi = 0 (2.11)
i=1
Using abore two Equationsand substitutingin Equation(2.5), following dual problemis obtained.
Maximize

pd LR M .
Qu( ) = 5 i jYiYiXiXj
i=1 i=1 j=1
hd (2.12)
subjectto ivi=0
i=1
i 0

Above problemis aconcae quadratiqgorogrammingproblemandthe solutionexistsaslong asdatais
separableThevaluesof theprimal J anddualobjectve Qq4( ) functionscoincidesat optimalsolution
andis calledthe zeroduality gap. This is calledhardmaigin supportvectormachines.

2.3.2 Primal and Dual Formulation : Non-SeparableCase

Whenthe datais inseparablehard-magin supportvectormachinedails, asthey cannotnd afeasible
solution. To handleinseparableasesoft-magin supportvectormachinesareproposedHeretheabove
formulationof a separablgroblemcanbe extendedto a nonseparabl@neeasily by introducinga set

of slackvariables ; i = 1;:::;| in Equation(2.1)andbecomes
wixi+b +1 ; for y; = +1 (2.13)
wixi+b 1+ ; for yj= 1 (2.14)
i 0 8i (2.15)

which canberewritten as,
vilw'xi+b 1 ; for i=1:::;M (2.16)

Slackvariables ; in the above Equationactsas penaltyfor misclassifyingthat particularsample.
Thesevariablesareoptimizedby addingit to Equation(2.4) andthe problembecomesninimizing,

1 M
J= éWtW+C i

‘ (2.17)
subjecto yi(w'x;j+b) 1 ; 8i

i>0y; 2 f 1;1g 8i

13



Similarto thelinearly separablease this canbereformulatecasminimizing,

X X X

Qw:b; ; ; )= %WTW+ C i - P yiwTxi+ b 1+ (2.18)
i=1 i=1 i=1
where ; Oand ; 0 arethenonngative Lagrangiarmultipliers. Following KKT conditionsare
appliedto getoptimal solution.

@(w;b; 5 ;)
av (2.19)

@(w;b; ;5 )
=0 2.20
@ (2.20)

@(w;b; ; ;)
=0 2.21
@ (2.21)
ifyi(WtXi +b 1+ ;g=0 8i (2.22)
ii=0 8i (2.23)
i 0 O0; O 8i (2.24)

By substitutingequationg2.19),(2.20),(2.21)in (2.18)leadsto following Equations.
b
w = iViXi (2.25)
i=1
M
iyi=0 (2.26)
i=1

i+ i=C 8i (2.27)

Substitutingabove threeEquationsn Equation(2.18)following dualproblemis obtained Maximize

M IRl _
Qa( )= 5 i jYiY) i Xji
[ i=1 j=1
pd (2.28)
subjectto Vi i=0; 8i
i=1
C i 0, 8i

Theonly differencebetweerthe dualformsof soft-marignsupportvectormachinesandhardmaigin
supportvectormachiness that ; cannotexceedC. And decisionfunctionis givenby

M
f(x) = iyilxi;xi + b (2.29)
i=1
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2.3.3 Non- Linear SVM

Kernel Trick : The supportvectormachinegdiscussedn the previous sectionsaddressethe classi-
cation problemby building a linear classi er. Thelearntclassi er may not have high generalization
ability thoughthehyperplanesredeterminedptimally. This canbesolvedby introducingnonlinearity
throughkernelizingthe SupportVectoralgorithm. As discussedt the beginning of the chaptetthis can
be doneeasily by mappingtheinputspacento ahigh-dimensionatlot-productspacecalledthefeatue
space

x2<™7l (x)2F <P (2.30)

By usingthenonlineawectorfunction ( x) = ( 1(x); ; p(X))! whichmapsthem dimensional
inputvectorx intothep dimensionafeaturespace.This featurespaceneedso be Hilbert space.The
lineardecisionfunctionin thefeaturespacebecomes,

wt (x)+ b (2.31)

Now, w is anp dimensionalvector asp increaseshe problemof solving formulation given in
Equation(2.17)becomedlif cult. Ontheotherhand,in dualformulation,thealgorithmneedsheinner
productsbetweendatapointsin the featurespaceF . It is worth taking the advantageof dual solution
to solve the problem.The compleity of evaluatingeachinnerproductis proportionalto the dimension
of the featurespace. The inner productscan, however, sometimede computedmoreef ciently asa
direct function of the input features,without explicitty computingthe mapping. In otherwordsthe
feature-ectorrepresentatiostepcanbe by-passed.The classof functionswhich performthis direct
computatiorare kernelfunctions

De nition 1. A kernel is afunctionk sud thatfor all x;y 2 X satis es

k(x;y) = h( x); ( y)i;

where isamappingfromX to aninner productfeatule spacer
X7 (xX)2F

The idea of kernelfunction can be illustratedwith the help of following example. Considerthe
mappingof atwo-dimensionalnputspaceX <2 with featuremap,
| 0 5 1

X1
x= 27 (0=@ 3 K2F=<

X
? 2X1X2
Herethe featuremaptakesthe datafrom two-dimensionato a three-dimensionadpacewherethe
linear relationsin featurespacecorrespondso quadraticrelationsin the input space.Now, the inner
productin featurespacecanbe evaluatedasfollows,
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23 xaa)i (253 2vay)
X5y1 + X35 + 2X1X2y1Y2

(X1y1 + X2Y2)?

hx;yi?

h( x); (y)i

Hence thefunction

k(x;y) = h;yi?

is thekernelfunctionwith F its correspondindeaturespace Now, theinnerproductcanbe computed
betweerthe projectionsof two pointsinto the featurespacewithout explicitly evaluatingtheir coordi-
nates.Canevery functionbe a kernelfunctionandwhatsetof kernelfunctionscanbe calledaskernel
functionis discussednorewidely in Section2.4.

Kernel SVM : Now, kernelizinglinear versionof supportvector machineis straightforvard. In
Equation(2.28)insteadof accessingheinputsamplesonly via theinnerproducthx;; x;i, canbemade
accessethroughfeaturespacethroughkernelfunctionk(x;; x;). Thedualproblemin featurespaces,
maximize

b R
Qu( )= 5 i jYiyk(Xi;xj)
i i
b (2.32)
subjectto yi i=0;, 8i
i=1
C i 0 8i

In general kK(x;; X;) is precomputedndstoredin a matrix calledkernelmatrix (K). For theinner
productbetweerx;; X; is obtainedoy accessing jj insteadof computingit onthe y . And thedecision
functionis

X
f(x) = iVik(xi;x)+ b (2.33)

i=1
Sincethe discovery of kernelization,SVMs have beenwidely usedfor a numberof applications
involving classi cationandrecognition.Notethattill now we aresolvingtwo-clasq binary) classi ca-
tion problem. This canbe easily extendedto multi-classclass cationproblems. Startingwith naive
approachesnd more advancedformulations/approachesf multi-classclassi cationscan be found

in [52-56].

2.4 Valid Kernels

The kerneltrick is to operaten featurespacevia a kernelfunctionk(;) Thefeaturespaces accessed
indirectly via pairwiseinner product.We now discusghe propertiesof thesekernelfunctionshere.
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De nition 2. Let k(x;y) be a real-valuedsymmetricfunction with x andy being m-dimensional
vectos. For anysetof dataxy; ;xym anda= (a;; ;am)!withM beinganynatural numbeyif

akKa 0 (2.34)

is satis ed (i.e., K is a positivesemide nitematrix), we call k(x;y) a positive semi-de nitekernel,
whee

0 1

K(xm:x1) 0 K(XmiXm)

Therefore,if k is a positive de nite kernelthenthereexists a function ( x) thatmapsx into the
dot-producfeaturespaceandx satis es

k(y)= (x)'(y) (2.35)

Theconditionin Equation(2.34)is called Mercer's conditionandkernelwhich satis esthisis called
Mercer kernel in generalkernel. Now we seewhatarethe generakernelsfunctionsusedandhow the
new kernelscanbedesignedrom the existing setof kernels.

2.4.1 Kernels

Linear Kernels: In thelinearly separablease thereis no needto mapto high-dimensionaspace.In
suchcaseave canuselinearkernel,
k(x;y) = x"x (2.36)

Polynomial Kernels: Thepolynomialkernelwith degreed, whered is a naturalnumberis given by,
k(x;y) = (x"x)¢ (2.37)
This is homogenougorm of polynomialkernel, whereas non-homogenousersionof polynomial
kernelis givenhy,
k(x;y) = (x"x + 1)¢ (2.38)

Whend = 1it is linearkernelplusone. By adjustingb in the decisionfunction both kernelsproduces
samedecisionfunction.Whend = 2 andm = 2 Equation( 2.38) becomes

k(x;y)

1+ 2X1y1 + XYz + 2X1X2y1Y2 + X33 + X3y3
()" (y)

_(1.P5, P55 P55 o o7 _ _ - -
where ( X) = (1; 2x1; 2X2; 2X1X2;X{;X5)': Thusfor d =2 andm = 2 polynomialkernelssatisfy

Merecers condition. This proof canalsobe extendedeasilyfor any valueof d;m.
Radial BasisFunction Kernels: Theradialbasisfunction (RBF) kernelis givenby

k(x:y) = expl Kx YK (2.39)
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where is a positive parametefor controllingtheradius. This is oneof the mostwidely usedkernel.
The adjustableparameter playsa crucialrole in the performanceof the kernel,andshouldbe tuned
carefully dependinguponthe problem. If overestimatedthe exponentialwill behae almostlinearly
andthe higherdimensionalprojectionwill startsto loseits non-linearpower. On the other hand, if
underestimatedhe functionwill lack regularizationandthe decisionboundarywill behighly sensitve
to noisytrainingdata.

Hyperbolic Tangent(Sigmoid) Kernel: The SigmoidKernelcomesfrom the NeuralNetworks eld,

wherethe sigmoidfunctionis oftenusedasactivationfunctionfor arti cial neurons.

k(x;y) = tanh(x'y + ¢ (2.40)

SVM modelwhich usesa sigmoidkernelfunctionis equivalentto a two-layer perceptromeuralnet-
work.

Theabove listed kernelsaresomeof the standardckernelswhich areusedwidely. Theremary other
kernelsarepresentedn theliteraturewhich arespeci ¢ to domain[57-67].

2.4.2 Kernel Design

Kernelfunctionplaysakey rolein theperformancef thekernelalgorithms.New kernelfunctioncanbe
constructedrom known kernelfunctionsby performingcertainoperations We now seethe properties
of positive semide nitekernelsthatareusefulfor constructingnew positive semide nitekernels.

Resultl. If
k(x;y) = & (2.41)

wherea > 0; k(x;y) is positivesemide nite
Proof. For ary naturalnumberM ,

K=( a:::; aif a:::; a) (2.42)
k(x;y) is positive semide nite. O
Result2. If ki(x;y) andkz(x;y) are positivesemide nitekernels,

k(x;y) = arka(x;y) + azka(x;y) (2.43)
is alsopositivesemide nite whee a; anda; are positive

Proof. Forary M ; a; andx;

a'Ka = a'(a1K 1 + axK»)a
= a;a'K ja+ axa'K »a (2.44)
0
Thereforek(x;y) is positve semide nite. O
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Result3. If ky(x;y) andkx(x;y) are positivesemide nitekernels,
k(x;y) = Ka(x;y)ka(X;y) (2.45)
is alsopositivesemide nite

Proof. To prove this it is sufcient to shav thatif M M matricesB = fl gandC = fcijgare
positive semide nite, a;; by is also positive semide nite. SinceB is positive semide nite, through
mercerconditionwe cansaythatB is expressetby B = F'F, whereF isanM M matrix. Then

bj = fi'f, wheref; is thejth columnvectorof F. Thusfor ary arbitrary(ag;:::;am ),
a'Ka = hihj ajj hj
i =1
)M t
= hi hj fi fj bj
i =1 (2.46)

(hifi)'(h; ;)b
ihj =1
0

Thusk(x;y) is positive semide nite. Ol

In the next sectionwe seesomeof the popularkernelsusedin speci ¢ eld computevision.

2.5 Kernelsfor computer vision

Overthelastyears, kernelmethodshave establishedhemselesaspowerful toolsfor computetvision
researcheraswell asfor practitionersAll themethoddor regressiondimensionalityreduction outlier
detectionclustering recentmethodf non-classicalechniquedgor the predictionof structuredata,for
the estimationof statisticaldependeng andfor learningthe kernelfunctionitself areillustratedwith
successfubxamplesapplicationdn therecentcomputenvision researcHiterature.

Imagesandvideosarea datasourcewith avery specialcharacteristicbecaus@achpixel represents
ameasurementmagesaretypically very high dimensional Smallerresolutionimageof 256x 256 will
containmorethan65k pixelsandmoving to higherresolutionwill be of evenmorehighin dimensional.
This is the main reasonwhy kernelsmethodsare widely applicablein the eld of computervision.
Therefore,ComputerVision researcherlave given specialattentionon nding gooddatarepresenta-
tions and algorithmsto tackle problems,suchas (i) Optical characterecognition: classifyimagesof
handwrittenor printedlettersor digits [68], (ii) Objectclassi cation: classifynaturalimagesaccording
to the objectcatayory they contain[39], (iii) Action recognition:classifyvideosequencebasednthe
action performedin them[69], (iv) Imagesegmentation: partition an imageinto the subregionsthat
correspondo differentimageaspectse.g. backgroundor foreground[70], (v) ContentBasedimage
retrieval: nd imagesthatare mostsimilar to a queryimagefrom a collectionor databasg¢71]. (vi)
ObjectDetection:identify the boundaryof the objectpresenin theimage[6]
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Figure 2.2: Sampleimagesof classelk taken from Caltech256 [7] dataset.Notice the variationsin
color, location,contrastin background.And therearealsolots of variationin pose& structureof the
objectclass.

Kernelmethodshave proved successfuin all of theseareasmainly becausef their interpretability
and e xibility. By constructinga kernelfunction onecanintegrateknowledgethathumanshave about
thecurrentproblem.And thisleadsto improved performanceomparedo pureblack-boxmethodghat
donotallow theintegrationof prior knowledge.Thereis muchresearchn designingoromisingkernels
which is speci ¢ to the task. Onceit is designedt canbere-usedn ary kernelmethodnot only just
in the context it wasoriginally designed.This givesresearcheraswell aspractitionersa large pool of
establishedernelfunctionsto choosdrom, therebyincreasinghechance®f nding awell-performing
one. In thefollowing, we introducesomeof the existing kernels the assumptionshey werebasedon,
andtheir applicabilityto practicalcomputewision tasksstartingwith somebasics.

2.5.1 Interestpoints, Descriptors and Bag-of-Words

In computewision, visualdescriptorr imagedescriptoraredescriptionf the visualfeaturesof the
contentsin imagesor videos,which are calculatedat certainpoints called interestpoints At these
points, descriptordescribeelementarycharacteristicsuchas the shape the color, the texture or the
motion. Thesedescriptorscarry the knowledgeof the objectsandeventsfoundin a video,imageand
thisis usedto for furtherprocessing.

But advancedcomputervision tasksrequiregeneralizatiomot only betweendifferentviews of the
sameobjects,but alsobetweemmary differentobjectsthatsharea semantiaspectge.g. animalsof the
samespecies. The visual variationswithin sucha classcanbe very large, andis illustratedwith an
examplein Figure2.2. Thesevariationsgenerallyoccurdueto changeof pose truncationor occlusion.
But typical partsareoftencommonfor all objectinstancesPart-basedepresentationsf naturalimages
have beendevelopedo overcomeall of theseproblems.They arebasedntheideaof treatingtheimage
ascollectionsof mary local partsinsteadof assingleobjectwith globalproperties.

To nd relevantpartsof theimage,in generabneappliesasetof operatorgor thedetectiorof interest
points. Theseoperatorccomprisef low-level differential Iters basedon differencesof Gaussiaror
Waveletcoefcients , etc. It is shavn in practicethatinterestpointsonaregulargrid or randomlocations
andscaleg72] work well. Eachregion of interestde nes a smallimagefrom which one calculates
an invariantrepresentationpften called a descriptor The popularSIFT descriptor[72] doesthis by
combiningsereralideas. Many otherdescriptord73—77] have beendevelopedthat follow similar or
someotherdesign.Many of thesedescriptorsaareusedfor problemswhich areaddresseth this thesis
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Figure2.3: Thedescriptorsvhich occurin naturalimagesdo notlie uniformin the spaceof all possible
descriptorshut they form clusters. BOW (right) dividesthe descriptorspaceinto Voronoy cells that
respectheclusterstructurebut SPK(left)doesnot do this. Imagecourtseg [8]

andmoredetailsof themaregivenat appropriateplace.After this rst preprocessingtep,theimageis
representedsasetof descriptovectors,oneperregion of interestin theimage.All descriptors/ectors
areof thesamdength,typically betweer20and500dimensionsThenumberof regionsanddescriptors
variesdependingn the imagecontents.Dependingon the methodfor interestpoint detectionandthe
resolutionof image,thenumberof interestpointsperimagevary.

After interestpoint detection,eachimageis abstractedy several local patches.Featurerepresen-
tationmethodsdealwith representationf patchesasnumericalvectors.Naturalimageshave inherent
regularities that causethe extracteddescriptorsvectorsto form clustersin the descriptorsspace. For
example,edgesand cornersare typically much morefrequentthan, e.g.,checler board-like patterns.
Ononehand,alargenumberof grid cellswill stayempty andontheotherhand existing clusteranight
besplit apart.

Thevectorrepresentingatchesrerepresenteth the next level using codevords A codevord can
beconsideredsarepresentatie of severalsimilar patchesOnesimplemethodis performingK-means
clusteringover all the vectors [78]. Codevordsarethende ned asthe centersof the learntclusters.
The numberof the clustersis the size of codebook. This is also calledas vocalulary size Thus,
eachpatchin animageis mappedo a certaincodevord throughthe clusteringprocess As a simplest
representationwe countfor eachclustercenter how oftenit occursasanearesheighborof adescriptor
in x andform theresultingK-bin histogram.This constructioris oftencalledbagof visualwords,since
it is similarto the bag-of-wordsconceptin naturallanguageprocessing.

2.5.2 Pyramid Match Kernel

Pyramidmatchkernel[79] is afastkernelfunction(satisfyingMercer's condition)which hasbeenbuilt
over thesedescriptorsand proven themselesin the taskslike objectrecognition. The compleity of
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comparingtwo imagesin part-basedepresentatiomanbe madelinear insteadof quadraticby quan-
tizing the spaceof possibledescriptorvalues. The pyramid matchkernel(PMK) [79] doessowell by
subdviding the d-dimensionakpaceof imagedescriptorsnto a hierarcly of axisparallelcellsin adata
dependentvay. In the nest layer, eachdescriptorliesin a cell of its own. Coarselayersarebuilt by
meiging neighboringcellsin ary dimension.This constructioris repeatedintil the coarsestayerhas
only onecell containingall descriptorsit is de ned as

N ) )
kemk (;y) = 2 min(h" (x); h" (y)) (2.47)

whereh'J (x) arehistogramsf, how mary featuresof x falling intoj thcell of | th pyramidlevel.
This kernelhasbeensuccessfullyjdemonstratean caltech101 [14] and ETHZ database§80]. But
guantizationof the descriptorspaceby a regular grid, asusedby the pyramid matchkernel,doesnot
re ect properclustering seeFigure2.3.

2.5.3 Kernelsfor BOW Representations

Therepresentationf imagesasfeaturecounthistogramdeavesuswith mary possibilitieswhich ker
nel functionto apply on them. A directanalogueof the pyramid matchkernelEquation(2.47)is the
histogramintersectiorkernel[67]:

X/ .
ki (x;y) = min(h';h") (2.48)
i=1

the histogramof y .

For x edlengthhistogramswve canapply all kernelsde ned for vectors,e.g. linear, polynomialor
Gaussianlf thenumberof featurepointsdiffersbetweerimagesijt oftenmalkessensdo rst normalize
the histogramse.g. by dividing eachhistogrambin by the total numberof featurepoints. This allows
theuseof kernelsfor empiricalprobability distributions,e.g.the Bhattacharyy&ernel

Xp___
Kbhattachar yya(X;Y) = h'; h™ (2.49)
i=1

Anotherpopularlyusedkernelin Computenisionis 2-kernel:

X/ (hl h°i)2
i=1 h'+ h"

which hasshawvn very good performancein the taskslik e objectrecognition[39], objectdetection
[81].

k 2(X;y) = exp (2.50)
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2.5.4 Spatial Pyramid Kernel

The bag of visual words model completelyignoresthe spatialstructureinformationfrom the image.
However, in sometasksspatialinformationcanbe a valuablesourceof information,e.g. if onewants
to recognizescendik e highway wheresky regionstendto occurmuchmorefrequentlyatthetop of the
imagethanatthe bottom. Consequentlytheideaof local histogramshasproved usefulin this setupas
well. In the placeof globalvisualword histograma numberof local histogramsareformed,typically
in a pyramid structurefrom coarsetio ne assimilarto pyramid matchkernel. Eachsub-histogranhas
V bins and countshow mary descriptorswith centerpoint in the correspondingpyramid cell have a
speci ¢ codebookvectorasnearesneighbor Then,eitherall local histogramsareconcatenatethto a
singlelargerhistogram, or separaté&ernelfunctionsareappliedfor eachievel andcell, andtheresulting
kernelvaluescombinednto a singlespatialpyramidscore e.g. by aweightedsum[82]:

N i
ksp(X;y) = d k(h(l;j);h(|;j)) (2.51)
=1 j=1
whereL is thenumberof levels,d, is a perlevel weightfactorandh .y, h?l;k) arethelocal histograms
of X, y respectrely. Thebasekernelk is typically choserfrom the sameselectionof histogramkernels
asabove, with or without separaténistogramormalization.

2.6 Learning the Kernel

Kernelmethodposesmary adwantage®therthannonlinearitysuchasmodularity ability to work with
heterogeneoudescriptionof data,etc. The majorissuein the kernelmethodsis the choiceof kernel
function. The kernelfunctionde nesthe geometryof spacein which analgorithmoperatesandthisis
crucialfor the performancef thatalgorithmin thatspaceln generakernelmethodauseasingle x ed
kernelfunction. Differentkernelfunctionsinducedifferentfeaturespaceembeddingsndaretherefore
differently well suitedfor a given problem. Finally, the choiceof the kernelis taskdependent.The
quality of akernelis determinedyy how well thetrainedkernelmethodperformsin thatparticulartask
athand,e.g.in thecaseof aclassi er by theaccurag onunseerdatapoints. Although,mary estimators
for thegeneralizatiorerrorhave beendevelopedandusedfor parameteselectiong.g. cross-validation
and bootstapping which work by iteratingbetweentraining andtestprocedure®n differentpartsof
thetrainingset.

2.6.1 Kernel Target Alignment

Theideaof learningthe kernelmatrix hasoriginatedfrom [1]. which de nesanalignmentbetweera
kernelanda setof labels. The intuition of kerneltargetalignments(KTA) [1] is thatthe valuesof a
goodkernelfunctionk shouldresemblehe valuesof a (hypothetical)idealkernell. This idealkernel
or tagetkernelis constructedby [(x;y) = yiy; withy; 2 f 1;+1g. Thealignmentbetweenkernel
k;lisde nedas
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HK; Li
Akil) = P (2.52)
K ;Kigh;Lig
whereK ; L is the kernel matrix using kernelk; | in featurespaceF respectiely. This canalsobe
viewed asthe cosineanglebetweertwo bi-dimensionalvectorsk andL. Substitutingl = yy ! where

y is vectorof labelsof thetrainingsamplesthen

. t;
Al = p W IE
K Kighyytyytie
hK;yy tie
m HMK;Kig

(2.53)

To selectonekernelfunction out of a setof alternatves, we choosethe kernelfunction that maxi-
mizesA(k;1). Sincethis proceduredoesnotrequireto train andevaluatea classi er, it is in particular
fasterthan,e.g.,multiple cross-alidationruns. Anotheradwantageof the kernelalignmentscoreis its
differentiability with respecto the kernelfunctionk. For kernelsthatdependsmoothlyon real-valued
parametersit thereforepossibleto nd locally optimal parameterg€ombinationby gradient-descent
optimization.

2.6.2 Multiple Kernel Learning

For mary tasksthe choiceof representatiomandfeaturesdependon the applications.For instancein
computervision for a problemcolor, texture, or edgeorientationmight be the mostrelevantcue. Most
often,one nds thatdifferentaspect@areimportantatthe sametime, andonewouldliketo nd akernel
functionthatre ects theaspect®of severalkernelsatthe sametime.

Kernel methodsin generalare well suitablefor suchfeaturecombinations. ConstructingKkernel
functions,the sumand productof existing kernelsarekernelsagain, equallyre ecting the properties
of all basekernel. However, in situations,wherewe believe that somekernelsare more important
thanothers,we might prefera weightedlinear combinationof kernelinsteadof their unweightedsum.
Multiple kernellearning(MKL) allowsusto nd theweightsof suchlinearcombinationsTheintuition
hereis thatkernelor combinatiorof kernelsgivesriseto amaigin whenusedin thetrainingof asupport
vectormachineanddueto thelinearkernelconstructionye can nd anexplicit expressiorfor thesize
of themaugin. Theconcepbf maximummaugin learningtells usto preferclassi erswith alargemaigin
betweerthe classesMKL procedurgointly nds the SVM weightvectorandthe linear combination
weightsof the kernelfunctionsthat realizedthe generalizedinear classi er of maximalmangin. See
Figure2.4for anillustration.

Linear kernel combinations: Letky;  kx bekernelfunctionsk; : with inducedHilbert
spaced; andfeaturemaps ;. Now theinterestliesin nding thebestSVM classi er for kernel
X
k(x;y) = diki(x;y) (2.54)
I=1
withd; 0.
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Figure2.4: Giventwo kernelsk1; ko with featuremaps 1; 2 thenconsidetthe kernelformedthrough
linearcombinationk = ki + (1 )k with inducedfeaturespace(p* 1; 1 ). Plotscor
respondingo = 0;1;0:9;0:2 canbefoundin (a),(b),(c),(d)respectiely. It is clearthatdatais not
muchseparablén the original featurespacea), (b) whencomparedo to featurespacegc),(d). Image
courtsg [8]

25



productask:

. % .
h( x); (y)i=  dh (x); (¥
I=1
(2.55)
= diki(x;y)
I=1
= k(x;y)

Findingthe bestcoefcients enablesbetterconstchtiomf featurespace.Thereforeto nd thebest
coefcients for thelinearcombinatiorkernelkoy: = | dik|, following objective functionis presented
in [39]. Minimize

1 X X
J = EWTW + C i + d
[ |
subjecto yi(w'( xj)+b 1 ; 8i
i>0y 2 f 1;1g 8i (2.56)
d OAd p
X

(x)t(x) = d (Cxa)i (xp

1=1
whered arekernelparameterandA ; p aretheparameterso includeprior knonvledgeonkernelparam-
eterd. Theobjective functionin formulation(2.56)is similarto |; softmaigin SVM formulation(2.17).
Giventhemisclassi cationpenaltyC, it maximizesthe maigin while minimizing the hingelosson the
training set. The only additionto it is kernelparameterlsooptimizedalongwith SVM parametersin
generamostof theweightswill bezerodependingntheparameters which encodeprior preferences
for particularkernels.Thel; regularizationthuspreventsover- tting asonly few kernelsarebeingused
attheend.And therearetwo additionalconstraintsvhich areaddedn comparisorwith standardsVM.
The rst, d 0, thisis to ensurethatweightsareinterpretableandalsoleadsto a muchmoreef cient
optimizationproblem.ThesecondAd  p it to encodeprior knowledgeaboutthe kernelparameters.
The nal conditionis justrestatementf Equation(2.54).

Similarto the Equation(2.17),above objective functioncanbereformulatedcasmaximizing

1 X X X
Q(w;b; ;d; ; ; ;)=§wTw+c i+ d P yiwT (X)) + b 1+

i 1d d '‘Aj+pt (257)

P
Notethat '(Ad  p) isrewrittenas <, di 'A; p'
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where i; i; |; | arethenonngative LagrangiammultipliersandA | is Ith columnof thematrix A .
On differentiationwith respecto w; b; i; dx, we have,

@ _ . A
g =09 w= . i (xi) (2.58)
R_oo N
@07 B iyi = 0 (2.59)
Cg?zoz) C= .+ (2.60)
X
@707 1T A e ) )P
(2.61)
ifyiw!x;+ b 1+ jg=0 8i (2.62)
i i=0 8i (2.63)
i 0 ; O; 0d 0 8il (2.64)
=0 8I (2.65)
“(Ad p)=0 (2.66)

whereQ, is a vectorcontainingall zerosof size |(x;). Equationsfrom (2.62)to (2.66) are KKT
conditionsand substitutingequationsfrom (2.58)to (2.61)in (2.57) we getfollowing dual problem(
for moredetailedderivationseeAppendixA ). Maximize

Qq=1" +p
subjecto O ; C; 0 ; 1Y =0 (2.67)
1 t t
- YK Y A
2 | | |

wherethenon-zero ; correspondo the supportvectors,Y is a diagonalmatrix with labelsof training
sampleonthediagonal. Thedualis convex with a uniqueglobaloptimum.By solvingeitherprimal or
dual,onecanobtainthe bothkernelandSVM parameterandthuskernelis learnt.

Thereareotherversionsof MKL [5, 83] in the literature. The main differencebetweenall themis
thedifferencein objective functionformulation. Oneof the extensionare in nite kernellearning [84]
which combineghe advantage®f kerneltargetalignment and multiple kernellearning, allowing to
learnliner kernelcombinationwhile atthe sametime adjustingthe kernelparametersin this thesiswe
useandextendthe abore formulation.

2.7 Further challengesn kernel methods

Therearemary challengesn kernelmethods.One of the major limitationsin kernelmethodsis the
compl«ity of training andtestingprocess.So far we have seenkernelalgorithmsprovide a boostin
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performanceby mappingthe input samplegso featureandthenapplying linear algorithmover there.
And this mappingis doneef ciently with thehelpof kernelfunction. Kernelmethodsaccesshefeature
spacevia the input samplesandhencekernel algorithmsneedto storeall the relevantinput samples.
For instancetestingin caseof SVM for anew sampleall the supportvectorsareneededo be storedso
thatthey canbeusedto projecton the separatindiyperplane.The compleity of this testingprocesss
high, asthe sizeof kernelmatricesncreasejuadraticallyasthe numberof SVsincreasesSoreduction
of suchcompleities is highly necessaryo run a particularsetof applicationgaster Therearenumber
of attemptgo dothis [85,86], but still thisis a challengingoroblemwith scopefor furtherresearch.

Another limitation is the appropriatenesef choice of kernels. Unlessthe datais representedn
appropriatdeaturespacejmpravementin performancef methodcannotbe seen.For this, researchers
have startedwith designinghekernelsandnow it is moving towards"learningthekernel”. In thisthesis
wework onlaterpartandlearnthekernelin nonlinearfashionratherthantraditionallinearfashion,and
shawv theimprovementin the performancesattaskslik e featureselection.

Kernelalgorithmshave broughta signi cant boostin the performancen thetaskslik e objectrecog-
nition, objectdetectionobjectlocalization,etc. Someof kerneldesignsareseenin the chapter In the
caseof images,the representations much high dimensionalthe limitation on the compleity holds
here.Thereductionof suchcomplecities is still anactive researclarea.
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Chapter 3

Literatur e Survey on Kernel Learning

3.1 Overview

Theperformancef thelearningalgorithmsfor taskslik e classi cationandregressiorstronglydepends
onthedatarepresentationin kernelmethodsthe datarepresentatiors implicitly chooserthroughthe
kernelk(x;y). This kernelactually de nes the similarity betweentwo samplesx;y, while de ning
an appropriateregularizationterm for the learningproblem. In somesituations,more e xible models
arerequired. Recentworks, shav that usingmultiple kernelsinsteadof a single one canenhancehe
interpretabilityof the decisionfunctionandimproved performances.

Someof the earliestwork on MKL wasdevelopedin [87,88]. Their focuswason optimizing loss
functionssuchaskerneltargetalignmentratherthanthe speci ¢ classi cationor regressiorproblemat
hand. This wasaddresseth thein uential work of [2] which shavedhow MKL could be formulated
appropriatelyfor a giventaskandoptimizedasan Semi-De nite Programming SDP)or Quadratically
ConstrainedQuadraticProgramming QCQP)for non-ngjative kernelweights. NeverthelessQCQPs
do not scalewell to large problemsandoneof the rst practicalMKL algorithmswaspresentedn [3].
In [3], theblockl; formulation, in conjunctionwith M-Y regularizationwasdevelopedsothatef cient
gradientdescentould be performedusingthe SequentiaMinimizing Optimization(SMO) algorithm
while still generatinga sparsesolution.

The work presentedn [4] retainedthe block |1 regularizationand reformulatedthe problemasa
Semi-In nite Linear Programmingproblem (SILP). This madeit applicableto large scaleproblems
andthe authorswere impressiely ableto train their algorithm on a million splice dataset. Further
ef ciency wasobtainedn [5,39] via gradientdescenbptimizationand[83] openedup the possibility of
training on anexponentiallylarge numberof kernels.Otherinterestingapproachebave beenproposed
in [89-92]andinclude Hyperkernelsandmulti-classMKL. In the next sectionthe methodsproposed
in [2-5,88] arediscussedh detailanddiscusshow the problemhasbeentackledatthe beginningto the
latestmethodologyusedfor solvingthe problem.
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3.2 MKL Approaches

3.2.1 Kernel TargetAlignment [1]

Thisis the oneof theinitial paperwhich soughttheideaof learningthe kernelfor improvementin the
performancelt startswith the ideaof de ning the notion of the alignmentbetweenwo kernels. This
notion of alignmentbetweertwo kernelsis thenextendedto the alignmentbetweerkernelandlabels,
by constructinga “targetkernel’t(x;; x;) = yiy; withy; 2 f 1;+1g. Thealignments de ned as

K yy tie

MK Kiehyy b yytie
hCyy tie

S m KGKiE

Akit) = p

(3.1)

wherey is vectorof labelsof the training samplesandm is the numberof training samples.Optimal
kernelK opt is characterizedsbelowv equation,

X
Kopt = d|K| (3.2)
I=1
whereK| = vvi andy; is eigenvectorsof original kernelmatrix K. Now the optimal alignment
becomes
K opt 5 YY tiF i dihvi;yi2
A(Kopt) = —&p BEL = > F (3.3)
m i didihvivi; v viie m d?

P
Maximizing the alignmentby addingthe constraint | d|2 = 1 yields the following Lagrangian
formulation.

X . X
max dhv;yiz (& 1) (3.4)

| |
Solvingabore givesd, _ hn;yi%. It is shavn thatlearningthekernelhasimprovedtheperformance
whencomparedo directkernel. This hasestablishedhe useof linear combinationsof basekernels.
Although, somegeneralizatiorboundshave beengiven, the taskis not directly relatedto classi cation
anddoesnoteasilygeneralizgo otherlossfunctions.Thisis oneof themajordravbackof this method.

3.2.2 Learning the Kernel Matrix with SDP[2]

In [2], it is shovn thatSemi-De nite Programming SDP)techniquesanbeappliedto learnthekernel
matrix. In speci c, this work focuseson lossfunctionfor classi cationproblem( in SVM framework
). It involvesjoint optimizationof kernelmatricesandthe coefcients in a coniccombinationof kernel
matricesandthe coefcients of a discriminative classi er. Finally, the problemis posedasa QCQP
problem,whichis specialform of SDR

30



This work apply the ideato the problemof combiningdatafrom multiple sources. Speci cally,
assumingthat eachsourceis associatedvith a kernel function, suchthat a training setyields a set
of kernelmatrices. Thetools thatthey developedin their work madeit possibleto optimize over the
coefcients in a linear combinationof suchkernel matrices. Thesecoefcients canthenbe usedto
form linear combinationof kernelfunctionsin the overall classi er. Thus,this approachallows usto
combineheterogeneoudatasourcesmakinguseof the reductionof heterogeneoudatatypesto the
commonframeavork of kernelmatrices,and choosingcoefcients that emphasizehosesourcesmost
usefulin theclassi cationdecision.This laterwasnamedasMultiple KernelLearning.

Semide nite programming and Multiple kernel learning

Semide nite programmingdealswith the optimizationof corvex functionsover the corvex cone of
symmetric,positive semide nitematrices

P=fX2RPPjX =X X 0g (3.5)

or af ne subsetof this cone. With this, given P canbe viewed asa searchspacefor possiblekernel
matrices.Thissearchspacas constrainedh orderto preventover tting andachiere goodgeneralization
on testdata. For MKL, a restrictedsetK of kernelsis taken which is a setof positive semide nite
matrices. And theseare boundedwith tracethat canbe expressedasa linear combinationof kernel
matricesfromthesetfK 1; ;K ,g. Thatis, K is thesetof matricesK satisfying
X
K = daK;; K 0; tracgK) ¢ (3.6)
[
Additionally the parametersl, canbe constrainedo be non-ngative (i.e. d,  0). By doingso,a
signi cant computationatompleity is reduced.The problemis formulatedasfollowing quadratically
constrainedjuadratigoroblem.

1 X!
min -ww+ C i
2 [
subjectto yi(wtxd(xi)+ b) 1 ;>0 8i
K= d|K|; d| 0 8l
[
tracgK) = ¢

(3.7)

wherec is a constant.This corvex optimizationproblem,a QCQPmorepreciselyis a specialinstance
of anSOCP( Second-Orde€oneProgrammingproblem,which canbe solved ef ciently), whichisin
turnaspeciaform of SDP. Sparse&kernelweightsareobtainedoy solvingtheformulation. This canalso
be extendedo optimiseanappropriatecostfunctiondependingn thetaskat hand.Otherpossibleloss
functionsaresquarehinge,KTA, regressiongtc.

Solvingtheformulationin QCQPis morechallenginghana QuadratidProgrammindQP) problem,
but in principleit canbe solved by general-purposeptimizationtoolboxes. But QCQPdoesnot scale
well andbecomesapidly intractableasthe numberof learningexamplesor kernelsbecomdarge.
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3.2.3 MKL with SequentialMinimization Optimization Algorithm [3]

The formulationin SDPframework is corvex but is a non-smoothminimizationproblem. This makes
the directapplicationof simplelocal descentalgorithmssuchassequentiaminimizationoptimization
infeasible. Therefore, [3] hasconsideredhe smoothedsersionof problemfor which they proposeda
SMO-like algorithmthatenablego tacklemedium-scal@roblems.

A classi cationalgorithmcalledsupporkernelmachingd SKM) wasintroducedn [3]. It is motivated
asa block-basedsariantof the SVM andrelatedto mamgin-basedclassi cation algorithms. But their
underlyingmotivation wasthe factthat the dual of the SKM is exactly the problem(3.7) which they
establishin their work. Here, input samplex; in divided into n blocksandis represente@sx; =
(X1i;X2i;  :Xpi). For kernelization,mappedfeaturespaceof input sampleis assumedo have n
components( xi) = ( 1(Xi); ; n(xi)). Thusw alsohasthe sameblock decompositionw =
(wi1;  ;wp). SKM is thenextendedto SMO-like algorithm making use of Moreau-Yosida(MY)
regularization.Finally the formulationis,

X 1 X
min - S(  diwiiz)”+ 5 ajwiiz+ C
% [ [
subjecto yi( w} ((x;)+b 1 ; 8i (3.8)
|
i 0 8i
where(a)) aretheMY-regularizationparametersBlock | 1 -regularizationensuresparsityat block level
andmakesw to be sparse.This methodhassuccessfullyenabledo tacklemediumscaleproblemsbut

notwell to large scaledata.

3.2.4 LargeScaleMKL usingSILP [4]

Theapproachn [4] reformulateghe problemassemi-in nite linear program(SILP). This algorithm
solvestheproblemiteratively solvingaclassicalSVM problemwith asinglekernelandalinearprogram
who's humberof constraintsncreasesalong with iterations. This is one of major advantageof the
methodasthereexistsalot of toolboxesto solve SVM with singlekernelandthustacklesthe problem
with large-scaledata. Theformulationgivenin [3] is posedasfollowing SILP program.

max

X
subjectto d; O d=1
|
X 1 X X 3.9
dl(é i Yiyiki(xix;) i) 8 2C (39
| i X i
c=f 2R"™j0 i C; yi i = 0g

[
The above formulationis solved ef ciently by using cutting planemethod[93]. It is aniterative
approachin whichthe rst stepcomputegheoptimal(d; ) for arestrictedsubsebf constraintsThen
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in the next stepanotheralgorithm generates new, unsatis ed constraintdeterminedby . These
E)onstraiBtareaddedo thesetof coBstraintsin the rst stepandtheiterationscontinueuntil thecreteria

el (% i1 Yiviki(Xiix;) i) is satis ed. First partis Linear Programming(LP)
problemand secondstepcan be solved throughSVM. Essentiallyit is iterative LP-QP solution. In
eachiterationLP problemsgrons morecomple asthe constraintsetincreasesThis algorithmcanbe
extendedo alarge classof corvex lossfunctions.

This solutioncan now tackle large scaleproblemsandit is shavn thatit is capableof solving the
problemconsistingof 30,000examplesand 20 kernelsin reasonabléime. But, doesnot scalewell to
the problemswhich dealswith large numberof kernels.

3.2.5 SimpleMKL [5]

Anotheralgorithmwhich scalesthe solutionof MKL problemto larger problemsis presentedn [5].
This methodis basedupongradientdescenbptimizationandobtainsfurtheref ciency whencompared
to SILP in scalingto large problems.The algorithmis fairly simpleandusesfollowing alternateopti-
mizationalgorithm.

X
mc}nJ(d) suchthat d=1d O (3.10)
I=1
where 8 P P
3min 3 Fliwiji*+C ;i 8i
J(d) = gs.t. vil wit ((xp)+b 1 (3.11)
0, 8i

Here,problem( 3.10) is solved by usinga simplegradientdescenscheme.The objective function
J(d) is actually an optimal SVM objective value. This formulationresultsin a smoothand corvex
optimization problemwhich is equivalentto other MKL approachesliscusseckarlier But the new
objective functionis moresmootherwhich makesdescentnethodspractical.

Similar to the SILP algorithm, nal algorithmiteratesover two stepsuntil somecorvergences met.
Onesstepperformsgradientdescento estimatekernel parametersanotherstepusessimple SVM to
estimateclassi er parameters.This is muchef cient asthe numberof stepsneedfor corvergenceis
lesswhencomparedo SILP approachThis is becauseILP approactdoesnot usesmoothnessf the
objective function. Othermethodswhich aresimilar to this approachs [39,83,94,95], the difference
comeswith changdn objective functionformulation.

3.2.6 Other Approaches

Besidestheseapproachessomeotherinterestingapproachesre in nite-dimensionalkernelfamilies
suchas hyperkernels[90,91] or generalcorvex classef kernels[89]. Otherapproachegims at
studingthe regularizationfor sparsityin kernelselectionN95-97]. Therearealsosomeapproachesn
extendingto multi-class[92] andmulti-labelmultiple kernellearning[98].
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3.3 Remarks

All the methodsdescribedn the previous sectionessentiallyearnlinear combinationof basekernels
subjectto 11, or sometimed, [88,99], regularizationof the kernelparametersMost formulationsare
convex or canbe madeso by a changeof variables. On the other hand, hierarchicalmultiple kernel
learning[83] considerdearningalinearcombinationof anexponentianumberof linearkernels which
is ef ciently representedsa productof sums. This methodcanalsobe classi ed aslearninga non-
linearcombinationof kernelshut the basekernelsarerestrictedto concatenatiofernels.
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Chapter 4

GeneralizedMultiple Kernel Learning

4.1 Intr oduction

The succes®f SVMs at differenttasksis often dependenbn the choiceof a goodkernelandfeatures
— onesthataretypically hand-craftecand x edin advance. However, hand-tuningkernel parameters
canbedif cult ascanselectingandcombiningappropriatesetsof features.Multiple KernelLearning
(MKL) seekdgo addresghisissueby learningthe kernelfrom trainingdata.In particular it focuseson
how the kernelcanbe learntasa linear combinationof given basekernels. Many MKL formulations
have beenproposedn theliterature.

NeverthelessMKL approachearelimited in thatthey focuson learninglinearcombination®f base
kernels- correspondingo the concatenatiowf individual kernelfeaturespacesFar richerrepresenta-
tions canbe achiezed by combiningkernelsin otherfashions.For example,taking productsof kernels
correspondso takingatensorproductof their featurespacesThis leadsto a muchhigherdimensional
featurerepresentatioascomparedo featureconcatenationFurthermorepy focusingmainly on fea-
ture concatenationyIKL approachedo not considerthefundamentatjuestionof whatareappropriate
featurerepresentationfor a giventask. This canalsobe illustratedwith an help of example. In the
Figure4.1,samplel, 2 ( in redcolor) belongsto oneclassandsample3, 4 ( in blue color) belongsto
otherclass.A classi er which separateheseclassesannotbe built neitherin individual featurespaces
norin combinedkernelspaceusingsum. But, by usingkernelspaceof productof kernels,a classi er
which canseperatdoththe classesanbebuilt easily

Here,we obsere thatit is fairly straightforward to extendtraditional MKL formulationsto han-
dle generickernelcombinations.Furthermorethe gradientdescenbptimizationdevelopedand used
in [5,39,83,100] canstill be appliedout of the box. It is thereforepossibleto learnrich featurerepre-
sentationsvithouthaving to sacri ce ary of theadvantage®f awell developedjargescaleoptimization
toolkit. In additionto thekernelfunction,it is alsopossibleto generalizeéheregularizationonthekernel
parametersThis canbe usedto incorporateprior knowledgeaboutthe kernelparameters available.
However, the pricethatonehasto payfor suchgeneralityis thatthenew MKL formulationis nolonger
corvex. Neverthelessye feel thatthe ability to explore appropriatdfeaturerepresentatiois probably
moreimportantthanbeingableto corvemeto the globaloptimum(of aninappropriateepresentation).
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Figure4.1: In (a), (b) datapointsarein individual 1-D featurespaces 1; ». In (c), (d) datapoints
arein combinedkernelfeaturespacessumandproductof kernelsrespectiely. It canbeenseenthat
datapointsarenot seperablén individual featurespacesandsumof kernelfeaturespace But, they are
seperablén productof kernelsspace.

Thisis borneoutby our experimentakesults.

In this chapterwe presenthe detailsof GMKL in Section4.2, 4.3 andwe extendit for multi-class
problemin Sectiord.4similarto theoneproposedn [5] whichwill beusefulfor featureselectionvhile
extendingto multi-classproblems.

4.2 GeneralizedMKL : Formulation

Our objectie is to learna function of the form f (x) = w' 4(x) + bwith the kernelkgq (xi;Xj) =

L(xi) a(x;) representinghedotproductin featurespace parameterizetly d. Thefunctioncanbe
useddirectly for regressioror the sign of the function canbe usedfor classi cation. Thegoalin SVM
learningis to learnthe globally optimal valuesof w andb from training dataf (xi;yi)g. In addition,
MKL alsoestimateshekernelparametersl. We extendthe MKL formulationof [39] to

X
min  Jw'w+  I(yi;f (X)) + r(d) (4.1)
w;b;d i
subjecto d O 4.2)

whereboththeregularizerr andthekernelcanbeary generalifferentiablefunctionsof d with contin-
uousderiative. And | couldbe oneof variouslossfunctionssuchasl = C max0;1 vy;f (x;j))P for
classi cationor insensitvelossl = C max0;jy; f(xj)j ) forregressionseeFigure4.2).In case
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Figure4.2: Commonlyused(a) classi cationand (b) regressionossfunctions. For classi cation0/1
lossfunctionpenalizesl for every misclassi cation.It is discontinuousndnot corvex whereashinge
andquadraticarecorvex. For regressioranalysis insensitve andquadratidossareusedwidely. Image
courtse [9]

of classi cationwhenp equalgo oneit becomesingelossandwhenp equalgo two it is quadratidoss
function. For regressiorotherlossfunctionsarequadratidossl = C(y;  f (x;))?.

Threethingsareworg'l notingaboutthe primal. First, we chooseo usea non-cowex formulation,as
opposedo thecorvex | wiw,=d [5], sincefor generakernelcombinationsw{w, neednot tendto
zerowhend, tendsto zero. Secondwe placer (d) in the objectge andincorplgratea scaleparameter
within it ratherthanhaving it asanequalityconstrainf(typically ,d; = 1or |d|2 = 1). Third, the
constraintd 0 canoftenberelaxedto a moregeneralonewhich simply requiresthelearntkernelto
bepositive de nite. Corverselytheconstraintsanalsobestrengthened prior knowvledgeis available.
In eithercase|f r 4gr existsthenthe gradientdescenbasedoptimizationis still applicable.However,
the projectionbackinto thefeasiblesetcangetmoreexpensve.

4.3 GeneralizedMKL : Algorithm

In orderto leverageexisting large scaleoptimizers we follow the standargrocedurg100] of reformu-
lating the primal asa nestedwo stepoptimization.In the outerloop, the kernelis learntby optimizing
overd while, in theinnerloop, thekernelis held x edandthe SVM parameterarelearnt. This canbe
achiezed by rewriting the primal asfollows

I\/Lin T(d) subjecto d O (4.3)
X

where  T(d) = Mig swiw + (i f (xi)) + r(d)
w3

We now needto prove thatr 4T exists, and calculateit efciently, if we areto utilize gradient
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descenin the outerloop. This canbe achiered by moving to the dual formulationof T givenby (for
classi cationandregressiorrespectiely)

Wc(d) = max 1! 'YKqY +r(d) (4.4)
subjecto  1'Y =0; 0 C (4.5)

NIl

and

Wg(d) = max 1ty 3 'Ky
+r(d) 1Y (4.6)
subjecto 1' =0; 0 jj C 4.7)

whereK ¢ isthekernelmatrix for agivend andY is adiagonalmatrix with thelabelsonthediagonal.
Note thatwe canwrite T = r + P andW = r + D with strongduality holding betweenP and
D. Therefore,T(d) = W(d) for ary givenvalueof d, andit is sufcient for usto shav thatW is
differentiableandcalculater 4W. Proofof the differentiabilityof We andWgr comesfrom Danskins
Theorem[101]. Sincethe feasiblesetis compact,the gradientcan be shavn to exist if k, r, r gk
andr 4r aresmoothlyvarying functionsof d andif |, thevalueof thatoptimizesW, is unique.
Furthermorea straightforward extensionof Lemmaz2 in [100] canbe usedto shav thatWe andWg
(aswell asothersobtainedfrom loss functionsfor novelty detection,ranking,etc) have derivatives
givenby
(4.8)

whereH = Y KY for classi cationandH = K for regression.Thus,in orderto take a gradientstep,
all we needto dois obtain . NotethatsinceW¢ or Wgr areequivalentto their correspondingingle
kernelSVM dualswith kernelmatrixK 4,  canbeobtainedby any SVM optimizationpackageThe
nal algorithmis givenin Algorithm 1 andwe referto it asGeneralizedMKL (GMKL). Thestepsizes"
is choserbasednthe Armijo rule to guaranteeorvergenceandthe projectionstep,for theconstraints
d 0, is assimpleasd max0;d). Note that the algorithmis virtually unchangedrom [39]

Algorithm 1 GeneralizedVKL.

n O

2: Initialize d° randomly

3: repeat

4. K k@d")

5. UseanSVM solwer of choiceto solve the singlekernelproblemwith kernelK andobtain
6 dt d " & 3 '@

7:  Projectd"*! ontothefeasiblesetif ary constraintsareviolated.

8 n n+1

9: until corverged
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Figure4.3: (a) Plot of UCI datase(Sonar)using rst two dimensions.(b) Valueof objective function
usingsumof kernels.(c) Valueof objective functionusingproductof kernels.

apartfrom the more generalform of the kernelk andregularizerr. If a fasterrate of corvergence
wasrequired,our assumptiongould be suitablymodi ed so asto take secondorderstepsratherthan
performgradientdescent.

Only very mild restrictionshave beenplacedon the form of the learntkernelk andregularizerr.
As regardsk, the only constraintshat have beenimposedarethat K be strictly positive de nite for
all valid d andthatr gk existsandbe continuous.Many kernelscanbe constructedhat satisfythese
propertiesOnecan,of coursejearnthe standarcsumof basekernels.More generally productsof base
kernelsandothercombinationsvhichyield positive de nite kernels,canalsobelearr&;noN. In addition,
onecanalsotungkernelparametersin generakernelssuchaskq(Xi;Xj) = (do+ | dix!Axj)" or
Ka(Xi;xj) = e 1 XTA X Combinedwith asparsitypromotingregularizerond, this canbeusedfor
non-lineardimensionalityreductionandfeatureselectionfor appropriatechoicesof A . Note,however,
thatsuchkernelsdo notleadto corvex formulations.

As regardsr, we only requirethatits derivative shouldexist and be continuous. Sinced canbe
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restrictedto the non-neative orthant, variousforms of p-norm regulariserswith p 1 fall in this
catggory. In particulay |1 regularizationwith r(d) = 'd or variationsof [12] could be usedfor
learningsparsesolutions. Alternatively, I, regularizationof the form r(d) = (d o i(d )
can be usedwhenonly a small numberof relevant kernelsare presentor if prior knovledgein the
formof and is available (for instancefrom transferlearning). Finally, for regressiononecould
incorporateghetermlogjK 4j intor soasto obtainaMAP estimateof a probabilisticformulation. The
navesubstitution = K 'y wouldthenrenderourformulationnearidenticalto amaginal likelihood
approachn GaussiarProcesses.

Toy Example : For toy dataseiwe took Sonardatasefrom UCI repository From this we picked
two featureq seeFigure4.3a). Plotsof the objective functionscorrespondingo sumand productof
kernelsis givenin 4.3band4.3crespectrely. Althoughthe productof kernelsis a non-comwex function
the objective functionis smoothwhich enablego do gradientdescensearch.

4.4 Multi-class extensions

TheproposedsMKL for binaryclassi cationproblemcanbe extendedo tacklemulti-classclassi ca-
tion problems. Multi-classclassi ersaimsto assignlabelsto instancesisinglearntmodel,wherethe
labelsaredravnfrom a nite setof severalelementsThemostcommonapproachs to reducethesingle
multi-classprobleminto multiple binary classi cation problems.Eachof the problemsyield a binary
classi er, which producean outputfunction that gives relatively large valuesfor examplesfrom the
positive classandrelatively smallvaluesfor examplesfrom the negative class. Therearetwo common
methoddo build suchbinaryclassi ers,whereeachclassi er distinguishebetweer(i) oneof theclass
labelsto therest(one-versus-all)or (i) betweerevery possiblepair of classegone-\ersus-one).

ConsidetthereareN classe$n amulti-classclassi cationproblem.Classi erscanbebuilt in oneof
thefollowing two approaches

1. One-wersus-All: HereN binary classi ersarebuilt, wherei™ classi er is trainedwith the ex-
amplesin thei classas positive labelsand othersas negative labels. For classifyingunseen
samplesoutof theN classi ers,theclassi er with the highestoutputassigngheclass.

2. One-\ersus-One Hereclassi ersarebuilt for every possiblepair of classes.SoN(N  1)=2
classi ersarebuilt. For new instancesmax-winsvoting stratgy is used.In which every classi er
assigngheinstanceo oneof thetwo classesthenthevote for the assignedlassis increasedy
onevote,and nally theclasswith maximumvotesis assignedo it.

In the two approaches differentset of kernelweightswaslearntfor eachclass. Above two ap-
proachesarewidely usedandperformswell in mary practicalapplications.

Otherapproachthan splitting into multi-classi ersis to optimize all the classi ers altogether We
alsoadoptthe multi-classparametesharingstrat@y of [5] andextendour generalizeckernellearning
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frameawork to thefollowing N classprimal

X
Mi I(d)+  iwlw,+ C1 4.
Wn;bnl;r(}; n (d) n=1 anwn ¢ " ( 9)
subjecto Y ,( twhp+h) 1, (4.10)
n 0d O (4.11)

wherethe subscriptn refersto the nth 1-vs-All problem. Applying the standarchestedoptimization
strat@y yieldsthe gradientdirection

a a_ e X ty oy
~ A A z n n— 5 n n
@ @ @ =1 @

(4.12)
where |, arethe supportvectorcoefcients for the nth 1-vs-All SVM andY n andK,, arethecor
respondingraining labelandkernelmatricesrespectiely. In summarythe problemis madetractable
by optimizing all the s independentlythoughthey areall optimizedjointly with d. This particular
formulationwill beusefulwhenwe dotaskslik e featureselection.Othermulti-classMKL formulations
canbefoundin [92,102].

4.5 Summary

We have proposedMKL canbe extendedto generickernelcombinationssubjectto generalregulariza-
tions on kernelparametersAnd we explainedhow it is donewith out compromisingwith ef ciency.
We have shavn how it canbeappliedto multi-classproblems.n the next chapterwe shov someof the
applicationsof proposednethod.
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Chapter 5

Applications

5.1 Intr oduction

The GMKL formulationwhich we presentedn the previous chapteris quite generalandcanbe used
for kernelcombinationkernelparametetuning, non-linearfeatureselection dimensionalityreduction
andotherapplicationswvhich arelistedin Chapterl. In this thesis we focuson following two applica-
tions (i) FeatureSelectionand(ii) Learningdiscriminative partsfor objectcatayorization. In boththe
applicationsve exploit theweightslearntduring MKL.

Featureselectionis anareaof patternrecognitionwhichis usedto selecta subsebf relevantfeatures
for building robust learningmodels. The basicideaof featureselectionis to remose mostirrelevant
andredundanteaturedrom thedata,it helpsto improve the performancef learningmodelsby (i) En-
hancinggeneralizatiorcapability (i) Improvesthe speedof learningprocess.(iii) Improving model
interpretability For our experimentswe employ UCI dataset$103] which arepopularfor benchmark-
ing machinelearningalgorithms. In our experiments,we shawv that for a x ed numberof selected
features,standardVIKL canlag behindour formulation. Statedin anotherway, our formulationis
capableof reachingthe sameclassi cation accurag as MKL with only a sixth of the features. We
alsopresentomparatie resultswith AdaBoost,OWL-QN [11], LP-SVM [13], SparsesVM [12] and
BAHSIC [104].

In the secondapplication,our objectie is to determineminimal setsof pixels andimageregions
requiredfor a given objectcategyorizationtask. Informationpresentn imagescanbe redundantand,
therefore)ooking atthe entireimagemight notbenecessarjor performingcertainclassi cationtasks.
In othercasessomeimagepartsmightin uence decisionmakingbut might not be crucial. Suchparts
could potentiallybe ignoredwhile still keepingclassi cationaccurag above anacceptableéhreshold.
Selectingdiscriminative pixelsandregionscandirectly improve ef ciency andcompressiomndreduce
datatransmissiorcosts. It canalsobe usedto enhanceour understandingf the objectcateyorization
problemat hand,determinethe importanceof context andhighlight artifactsin the training data. We
explore the useof multiple kernellearningto selectthe mostrelevant pixels andregionsfor classi ca-
tion. Resultsarepresentedn benchmarlproblemssuchasgendeiidenti cation andobjectrecognition
onthe Caltech-10J14] andCaltech-256Glatabasef/].
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In the following sectionwe rst discusssomeof the popularfeatureselectionmethodswhich we
comparewith ourmethod.Thenwe give detailsof theotherexperimentsvhichcomparewith otherother
multiple kernellearningmethods.In the section5.3 we explain the problemof learningdiscriminatie
partsin detailandpresentelatedexperiments.

5.2 Feature Selection

5.2.1 Popular Methods

As anapplicationwe apply GeneralizedKL on featureselectionproblem.We compareour formula-
tion to traditionalMKL aswell asthefollowing featureselectionmethods

Boosting: The LPBoostformulationof [105] is similar to thatof standardVIKL andboostinggen-
eralizesstandardMKL's decisionfunction. Boostingcanthereforebe usedto learnlinearcombinations
of basekernels. Individual “weak classi er” SVMs arepre-learntfrom eachof the givenbasekernels
and combinedusing AdaBoost. This can be attractve whenthereare a large numberof kernelsor
whenkernelsare madeavailableincrementally While the computationatostsarelow, the empirical
resultswerefoundto be poorasthelearntkernelweightscould notin uence the pre-learntweakclas-
si ers. Of course,in traditionalboosting,the weakclassi ersandthe weightsarelearnttogetherand
we presentcomparatie resultsto [106] which representa state-of-the-arboostingmethodfor gender
identi cation.

OWL-QN [11] : Thisis alarge scaleimplementatiorof |, logistic regression.The methodlearnsa
functionof theform f (x) = w'x by minimizing (1=C)jjwjj1 +  ; I(yi; f (xi)) wherel is thelog loss.
Despitebeinglinear, the methodcansometimeutperformboosting.Neverthelessthe overall perfor
manceis poorascomparedo the otherlinear methodssinceOWL-QN doesnot have an explicit bias
term. Onecould simulatea biasby addinga constanfeaturebut the correspondingveightcould be set
to zerodueto thel; regularization.Whenthis doesnt happenOWL-QN's performancéds comparable
to LP-SVM andSparse-SVM.

LP-SVM [13]: ThisisthestandardsVM formulationbut with thel, regularizationronw replacedy
|1 regularization.We considethelinearformulationwhichlearnsafunctionof theformf (x) = wx+b
by minimizing jjwjj1 + C  ; I(y;; f (xi)) wherel is the hingeloss. Seeingthatthe hingelossis very
similar to the log loss, the formulationappeardo be very similar to OWL-QN. However, dueto the
explicit biasterm b which is not includedin the |, regularization,LP-SVM can sometimegperform
muchbetterthanOWL-QN. Someavhatsurprisingly the performancef thelinearLP-SVM couldeven
bebetterthanthatof non-linearMKL (thoughnot GMKL).

Sparse-SVM[12] : This methoddoesnot useexplicit 11 regularizationto enforcesparsity Instead,
it placesa direct cardinality constrainton gne hyperplanenormal. It learnsa function of the form
f (x) = wix + bby minimizingjjwjjz + C ; I(yi;f (xi)) subjecttojjwjjo  r, wherel is the hinge
loss. We take the corvex QCQPrelaxation(QCQP-SSVM)proposedy the authors.Empirically, we
foundthe performancef Sparse-SVMo be very similar to thatof LP-SVM though,beinga QCQR it
took muchlongerto optimize.
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BAHSIC [104]: Thisisaleading Iter methodwhichrunsabackwardselectioralgorithmdiscarding
featureshbasedon their label dependencas measuredy the Hilbert-Schmidtindependenceriterion.
We useanRBF kernelfor thedata(the sameasusedby boosting MKL andGMKL) andalinearkernel
for thelabels.BAHSIC outputsa ranked ist of featuredrom which a subsebf the desiredsizecanbe
selected An SVM with an RBF kernelis thentrainedusingthe selectedeatures.In our experiments,
we foundbackward selectionto be computationallyery expensve without offering any adwvantagesn
termsof classi cationaccurag. Givenidenticalkernels,BAHSIC performedsubstantiallyworsethan
GMKL,

5.2.2 Experiments- UCI Datasets

In this sectionwe evaluategeneralizedkernellearningon featureselectionproblems. We investicate
this problemon the UCI datasets.We found out therecanbe asmuchasa 6% to 10% differencein
performancebetweenGMKL and MKL. We also demonstratehat GMKL performsbetterthanthe
othermethodsconsidered.

To generatdeatureselectionresults,we canvary the hyperparameteC in the wrappermethodgo
selectadesirechumberof featuresHowever, this stratgly doesnotyield goodclassi cationresultseven
thoughglobally optimal solutionsare obtained.Low valuesof C encouragedjreatersparsitybut also
permittedmore classi cation errors. We obtainedmuch betterresultsby the theoreticallysuboptimal
stratgy of xing C to alargevalue(choservia cross-alidationsoasto minimizeclassi cationerror),
learningtheclassi er, takingthetop ranked component®f w (or d) andrelearningthe classi er using
only theselectedeatures.

This techniquewas usedto generatehe resultsin Tables 5.1 For eachdatasetthe very last row
summarizethenumberof featureselectedN s) by eachwrappemethodandtheresultantlassi cation
accurag. Whenthe numberof desiredfeatures(N4) is lessthan Ng, the classi cation accurag is
determinedusingthe N4 top ranked features.OtherwisewhenNy > Ng, thetableentryis left blank
asthe classi cationaccuray eitherplateausor decreaseas suboptimalfeaturesareadded.In sucha
situation,it is betterto chooseonly N ¢ featuresandmaintainaccurag.

For experimentson UCI datasetswe follow the standardexperimentaimethodology{5] where70%
of the pointsareusedfor training andthe remaining30% for testing. We use10% of thetraining data
for validation. Resultsare reportedover 20 randomsplits of the data. All datasetsare preprocessed
to have zeromeanandunit variance.An RBF kernelis assignedo eachof theM featuresn a given
datasetTheM RBF kernelsarethencombinedinearly for st?pdard\/IKL andby takingtheir product
Br GMKL. The learntkernelsare of the form kq(Xi;Xj) = :\11 die @i xi)* andkg (Xi;Xj) =

M e da xi0? respectiely.

Table5.1 lists thefeatureselectionresults.AdaBoosttendedto performthe worstandselectecnly
few featureson average. The poor performancevasdueto the factthat eachof the SVMs waslearnt
independently The weak classi er coefcients (i.e. kernelweights)did not in uence the individual
SVM parametersBy contrastthereis a very tight couplingbetweerthe two in MKL andGMKL and
this ensuredbetterperformance.

LP-SVM, Sparse-SVMandOWL-QN performevenbetterthanstandardKL (thoughnotbetterthan
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Ng AdaBoost OWL-QN LP-SVM S-SVM BAHSIC MKL GMKL
5 752 69 840 60 867 31 870 31 871 36 851 32 909 1.9
10 876 22 906 34 902 35 902 26 878 24 937 21
15 81 19 930 21 919 20 926 30 877 22 941 21
20 892 1.8 928 30 924 25 934 26 878 28
25 891 19 926 27 924 27 940 22 879 27
30 926 26 929 25 943 19
34 926 26 929 25 946 20

751(9:8) 892(25:2) 926(34:0) 929(34:0) 881(29:3) 94:4(16:9)
(a)lonosphereN = 246 M = 34, Uniform MKL = 899 2:5, Uniform GMKL = 94:6 2.0
Ng AdaBoost OWL-OQON LP-SVM S-SVM BAHSIC MKL GMKL
3 794 65 8L7 27 764 45 761 58 852 38 837 44 86:3 41
7 826 33 862 27 861 40 885 36 847 52 926 29
11 835 28 860 35 861 31 894 36 863 43
15 870 33 863 31 899 35
22 872 32 872 30 910 35

80:2(5:2) 836(11:1) 87:2(22:0) 87:2(22:0) 883(14:6) 927 (9:0)
(b) ParkinsonsN = 136 M = 22 Uniform MKL = 87:3 3.9, Uniform GMKL = 91.0 3.5
Ng AdaBoost OWL-QN LP-SVM S-SVM BAHSIC MKL GMKL
10 642 40 728 29 698 51 726 37 765 35 800 30 811 38
20 655 41 760 44 738 49 767 41 836 33 845 34 899 23
30 654 41 808 25 790 28 794 30 867 28 862 33 92.6 1.7
40 816 29 8L5 32 818 28 874 28 870 32 93:3 20
60 830 19 836 28 835 24 900 26 878 33
100 834 29 833 25 936 18
166 834 29 833 25 93:8 1:9

655(31:1) 835(86:7) 834 (166:0) 833(166.0) 882 (73:2) 936(57:9)

(c) Musk,N = 333 M = 166 Uniform MKL = 90:2 3:2, Uniform GMKL = 938 1.9

Ng AdaBoost OWL-OQN LP-SVM S-SVM BAHSIC MKL GMKL
5 646 66 689 56 680 79 684 62 611 66 704 45 744 51
10 679 64 687 46 715 54 709 59 731 61 746 56 80:2 4.9
15 673 64 714 36 74 33 722 45 747 77 765 7.0 807 55
20 731 26 737 28 740 31 779 57 795 46 82.0 53
25 735 28 741 35 736 36 786 52 811 42
30 739 32 734 34 738 39 808 47 8L4 42
40 736 38 737 38 814 39
60 736 36 735 40 846 4.1

67:38(18:7) 747(39:3) 736(60:0) 735 (60:0) 81:4(38:6) 823(20:4)

(d) SonarN = 145 M = 60, Uniform MKL = 829 3:4, Uniform GMKL = 84:6 4:1

Ng AdaBoost OWL-QN LP-SVM S-SVM BAHSIC MKL GMKL
5 767 22 742 41 754 27 755 27 766 21 678 60 761 38
10 772 52 759 46 765 38 773 23 687 33 778 33
15 778 55 762 51 442 50 762 00 694 51 783 36
20 781 53 777 52 701 51

782 52

773 63



Database SimpleMKL GMKL

Sonar 806 51(793) 82:3 4:8(60)
Wpbc 767 1:2(442) 79:0 3:5(34)
lonosphere 915 2:5(442) 93:0 2:1(34)
Liver 659 2:3(091) 72:7 4:0(06)
Pima 765 2:6(117) 77:2 2:1(08)

Table5.2: Comparisorwith theresultsin [5]. GMKL achievesslightly betterresultsbut takesfar fewer
kernelsasinput.

Database N M HKL GMKL
Magic04 1024 10 844 08 86:2 1:2
Spambase 1024 57 919 07 93:2 0:8
Mushroom 1024 22 999 02 100 0.0

Table5.3: ComparisorbetweerHKL andGMKL.

GMKL). BAHSIC, whichis a non-linear lter method,follows the sametrendandits performancas
signi cantly worsethanGMKL with identicalkernels.This would suggesthatwrappemethodsased
ontheright featurerepresentatioshouldbe preferableo Iter methodsvhich do notdirectly optimize
for classi cationaccurag. Fora x ednumberof featuresGMKL hasthebestclassi cationresultseven
ascomparedo MKL or BAHSIC (thoughthevariancecanbe high for all the methods) Furthermorea
kernelwith x eduniform weightsyields ballparkclassi cationaccuraciethoughGMKL canachieve
the sameresultsusingfar fewer features.

Comparisonto SimpleMKL and HMKL

Theclassi cation performanceof standardVIKL canbeimproved by addingextra basekernelswhich
are eithermore informative or help betterapproximatea desiredkernelfunction. However, this can
leadto a more complex andcostlierlearningtask. We thereforeleave asidefeatureselectionfor the
momentandcompareour resultsto thosereportedin [5]. Table5.2lists classi cationperformanceon
the 5 dataset®f [5]. The numberof kernelsinput to eachmethodarereportedin braclets. As can
be seen,GMKL canachiese slightly betterperformancehan SimpleMKL while training on far fewer
kernels. Of course,onecanreducethe numberof kernelsinput to SimpleMKL but this will resultin
reducedaccurag. In thelimit thatonly a singlekernelis usedperfeature we will getbacktheresults
of Table5.1whereGMKL doesmuchbetterthanstandardvKL.

The resultsfor Liver wereobtainedusingl, regularization. This leadto a 7% improvementin per
formanceover SimpleMKL asa sparsaepresentatiois not suitablefor this databaséthereareonly 6
features) Pimaalsohasvery few featuresout |; andl; regularizationgive comparableesults.

Finally, we also cBmpareresuItsto HierarchicalMKL [83]. We usea quadratickeénelof the form
ka(Xi;Xj) = (L+ | dixiXj1)? ascomparedo the more powerful kg (Xi;Xj) = = (1 + Xixj1)*
of [83] which decomposet a linearcombinationof 5M kernels.Neverthelessasshavn in Table5.3,
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we achieve slightly betterresultswith lesscomputationatost.

5.3 Learning discriminative parts for object categorization

Our objectve is to performobjectcateyorizationby focusingon only a subseif the pixels or regions
presentn animage. Informationpresentn imagescanbe redundantindlooking at the entireimage
might not be necessaryor performingcertainclassi cation tasks. Furthermore even thoughsome
imagepartsmightin uence decisionmaking,they might not becrucial. Suchpartscould potentiallybe
ignoredwhile still keepingtheclassi cationaccurag abose anacceptablehreshold.

Selectingdiscriminatve image pixels canbene t mary potentialapplications. It canimprove the
efciency of objectrecognitionalgorithmsandleadto betterimagecompressionFor instance mary
mobile and network cameraapplicationsrequiretransmittingimagesto a sener for classi cation. By
detectingandtransmittingonly the discriminative imageregionsonecanenhancesaluablebatterylife
or reducebandwidthconsumptiorwhile payingonly a small performancehit in termsof classi cation
accurag. In otherareassuchasastronomyand medicalimaging,thereis greatinterestin designing
specializedcamerasvhich take only afew imagemeasurementsatherthancapturingthewholescene.
For instancejn MRI [107], onemight bewilling to slightly sacri ce classi cationaccurag in orderto
gain imaging speedby makingasfew discriminatve imagemeasurementas possible. Selectingdis-
criminative regionscanalsobe usedto enhanceur understandingf the objectcateyorizationproblem
athand,determingheimportanceof context andhighlight artifactsin thetrainingdata.

Here, we useMultiple Kernel Learning(MKL) to selectthe mostrelevant pixels and regions for
classi cation. Our goalis to selectasfew of theseregionsaspossiblewhile minimizing theimpacton
classi cation performance.Threescenariosareinvesticateddependingon the form of the data. First,
whenthe datais perfectly aligned, a kernelis associatedvith eachpixel in the imageand MKL is
usedto performkernel(pixel) selection. Secondwhenthe datahasonly roughalignment,the image
is partitionedinto a grid and a kernelassociateavith eachgrid elementfollowed by MKL selection.
Finally, whentherecanbe no alignment,a kernelis associatedvith eachcodeavord (in a bagof words
frameavork) andMKL usedto learnthe mostdiscriminative codebookentries.Only the imageregions
correspondindo the selecteccodavordsarethenkept. We employ FERET, Caltech101 and Caltech
256datasetso demonstrat¢hethreescenariogsespectiely. Figuress.2, 5.4and5.7illustratethethree
cases.

5.3.1 RelatedWork

Onecanuseinterestpoint detectord108] to select‘important” or “informative” regionsin animage.
Unfortunately theseregions are not learntto maximize classi cation performanceon the given task
but aredesignedo maximizestability andrepeatability The methodof [109] doeslearnobject-speci ¢
salientpartsfor classi cation. However, it is gearedowardsobjectidenti cation from verylittle positive
training dataratherthan object catayorization. A per imagedistancefunction is learntfor retrieval
in [110,111]. Thealgorithmlearnsweightsfor patchbasedmagefeaturesandcanbe usedto identify
the salientimageregions. However, our methodselectspixels andregionsat the cateyory, ratherthan
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Ng AdaBoost B&R 2007 OWL-QN LP-SVM S-SVM BAHSIC MKL GMKL
10 763 09 795 19 716 14 849 19 795 26 8L2 32 808 02 887 08
20 826 06 805 33 876 05 856 07 85 1.3 838 07 932 09
30 834 03 848 04 893 11 886 02 8%4 24 863 16 951 05
50 869 10 888 04 906 06 895 02 910 1:3 894 09 955 07
80 889 06 904 02 906 1.1 924 1.4 905 02
100 895 02 906 03 905 02 941 1.3 913 13
150 91:3 05 903 038 907 02 945 07
252 931 05 908 0.0 943 01

76:3 (12:6) 91(221:3) 91(58:3) 90:8(252) 91.6 (146:3) 955 (69:6)

Table 5.4: Genderidenti cation results. The nal row summarizeghe averagenumberof features
selected(in braclets) by eachwrappermethodandthe resultantclassi cation accurag. Seetext for
details.

theimage,level. Thesearelearntdirectly for the classi cationtaskat hand. Finally, alot of work has
beendoneonimagesalieny whichis relatedto ourwork (see[112,113] andreferencesvithin).

In the rst scenariove useMKL asa featureselectiontool for the task. Sowe comparewith the
methodgdescribedn sections.2 andperformancef MKL to thesemethodsn Section5.3.2.

5.3.2 Experiments

In this sectionwe evaluateour generalizedkernel learning formulation. To testthe casewhenthe
imagescanbealignedwe assesgendelidenti cation performancen thebenchmarlEERETsubsebf
faceq10]. It is shavn thatthe productsof kernelsformulationcanachieze morethan95%classi cation
accurag by samplingasfew as30 pixelsin animage. Thus,we cangetan eighttimescompression
factorwhile sacri cing lessthanhalf a percentn classi cationaccurag. Theseresultsaresigni cantly
betterthanthe standardVIKL formulationwhich achiaresonly 86.32%whenrestrictedto 30 pixels.
Similarly, for the unalignedcasein someof the Caltech256 classesye canobtainnearlyathreetimes
compressiorfactorwhile reducingclassi cationaccurag by only 1%. Again, productsof kernelsare
betterthansumsof kernelsby nearly10to 15%for a x edfeaturesetsize. However, for the roughly
alignedcaseon Caltech101 sumsof kernelsyield betterresultsthanproductsof kernels.

Gender Identi cation

We tacklethe binary genderidenti cation problemon the benchmarldatabas®f [10]. The database
hasimagesof 1404 maleand 711 femalefacesgiving a total of 1755imagesin all ( gure 5.1 shavs
sampleimages) We follow the experimentaketupof [10] andusel053imagedfor trainingand702for
testing.Resultsarereportedafteraveragingover 3 randomsplits of thetrainingandtestsets.
Eachimagein the databasdéasbeenpre-processely [10] to be alignedandhasbeenscaleddowvn
to have dimension®21 12 Thus,eachimagehas252 pixels andwe associatean RBF kernelwith
eachpixel basedon its grey scaleintensitydirectly. For GeneralizedMKL, the 252 basekernelsare
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Q 252

combinedby taking their productto getkq (xi;xj) = - 2 e (i X)* wherex; andx;| represent
theintensityof thelth pixelin imagei andj respectiely. ForstaBdard\/lKL, thesame252basekernels
arecombinedusingthe sumrepresentatioto getkq (xi;x;) = 22die ™ i XiD*  Both methods
aresubjectto I; regularizationon d sothatonly afew kernelsareselected AdaBoostcanalsobeused
to combinethe 252weakclassi ersderivedfrom theindividual basekernels. The methodof [106] can
be consideredisa state-of-the-aboostingvariantfor this problemandoperate®n pairsof pixels. We
useRBF kernelsfor BAHSIC aswell while the othermethodsarelinear.

Sinceeachimagecan also be consideredas a 252 dimensionalfeaturevector a numberof linear
featureselectionalgorithmsbecomeapplicable.So,we benchmarka numberof otherfeatureselection
methodspresentedn the previous sectionbesideswo MKL formulations. Table 5.4 lists the feature
selectiorresults.Resultsarepresentedimilarly to thetable5.1 Similarto UCI results AdaBoostended
to performthe worstandselectednly 12.6featureson average.The poor performancevasdueto the
factthateachof the 252 SVMs waslearntindependently The weakclassi er coefcients (i.e. kernel
weights)did not in uence theindividual SVM parametersBy contrastthereis a very tight coupling
betweenthe two in MKL andGMKL andthis ensuredetterperformance.Of course,otherforms of
boostingdo nothave thislimitation andthe state-of-the-atboostingmethodof [106] performsbetterbut
is still signi cantly inferior to GMKL. Figure5.2 shavs theweightgivento eachpixel by the different
featureselectiomalgorithms(apartfrom themethodof [106] which doesnot assignveightsto individual
pixels).

The performancef the linearfeatureselectionmethodds quite variable. The analysisis similar to
thatof UCI datasetexceptthatOWL-QN performspoorly astheimplicit biasweightgotsetto zerodue
to the |1 regularization. On the otherhand,BAHSIC, LP-SVM and Sparse-SVNMperformeven better
than standardVKL (thoughnot betterthan GMKL). The comparisorbetweenMKL and GMKL is
evenstarler. GMKL achiaresaclassi cationaccurayg of 93:2% usingasfew as20featuresand95:1%
usingonly 30featuresIn comparisonstandardKL achieresjust83:8% and86.3% respectiely. This
reinforcesthe obsenration that choosingthe right kernelrepresentatiomrs much moreimportantthan
converging to the globally optimal solution. Finally, the MKL and GMKL resultsfor x ed uniform
weightschoservia cross-alidationare92:6  0:9 and94:3  0:1 respectiely. Notethattheseresults

B]8|8/5/3|6/2/8/5/%|%/8 /810 6/¢/99/
HHHHEEEOEEOREEERO0EHE
HOHEEEHEEREOOEOERA0H
HEHEEEEEEEERRR0ERE00

Figure5.1: Samplefacesrom the databasef [10].
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(b) Selected

(e) AdaBoost (f) owL-on (g) s-svm (h) Lp-svm (i) summkL (j) ProdmkL

Figure5.2: A maleandfemalefaceareshawvn in (a) and(c) while (b) and(d) depictthetop 30 pixels
selectedusingthe ProductMKL formulation. Classi cationaccurag usingthese30 pixelsis the same
asthatobtainedusingall the pixels. The pixel weightslearnton the rst training testingsplit for the
variousfeatureselectionmethodsare shavn in (e)-(j) with black indicating small weightsand white
large weights. The numberof pixels selectedandclassi cationaccuraciesre: (e) AdaBoost,13 pixels
and76:.07% (f) OWL-QN [11] 51 pixelsand84:61%; (g) Sparse-SVM12] 55 pixelsand91:31% (h)
LP-SVM [13] 50 pixelsand91:51%; (i) SumMKL 146pixelsand91.02% and(j) ProdMKL 77 pixels
and96:43%

areobtainedusingall 252 features. GMKL canobtaina similar classi cationaccurag usingasfew as
25features.

In summary there can be a differenceof almost10% betweenstandardMKL and GMKL for a
x ed small numberof featuresand we can achieze an 8x compressiomratio by sacri cing lessthan
half a percentclassi cationaccurag. This hasmary practicalimplications. For mobile and network
applicationsthat needto transmitimagesfor classi cation, this cansigni cantly prolongbatterylife
andreducebandwidthconsumptionIn othercasesthis approactcanbe usedto reducethe sizeof the
training set. This caneven enablethe classi er to be loadedinto the very limited RAM of the mobile
or network cameralkinally in medicalimaging,if aninexpensve preprocessingtepcandeterminethe
alignmentransformationthenour procedureanbeusedto signi cantly speeduiptheimageacquisition
andclassi cationprocess.
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Caltech101

We now turnto the situationwhentheimagesarenotwell aligned.It is nolongermeaningfuito de ne
kernelson individual pixels sincea pixel lies on differentpartsof anobjectin differentimages.Since
the objectsareroughlyaligned,imagescaninsteadbe partitionedinto a rectangulagrid wherethereis
alignmentacrosgrid cells (in amannersimilar to a singlelevel in spatialpyramid matching[114]). A
kernelcannow be de ned over featurescomputedn eachgrid cell andMKL canbe appliedto select
kernels(grid cells).

While ary feature,or setsof featurescould be usedwe experimentwith the Gist featuresof [115].
Imagesarepartitionedinto agrid of 8 8 cellsandthe mean Iter responsesalculatedfor eachori-
entationandscaleto geta 20 dimensionafeaturevectorin eachcell. An RBF kernelis de ned over
the featurevectorin eachcell to get 64 kernels. Theseare then combinedusing the standardVIKL
andGMKL formulationasin the previous case Notethatthelinearfeatureselectiormethoddried out
in the caseof genderidenti cation areno longerapplicable.Boostingwasappliedin [116] to reduce
the dimensionalityof the Gist featurevector at the imagelevel so asto presere pairwisedistances.
However, both our methodologyand objective arevery different. Furthermorewe needto apply the
multi-classMKL formulationin orderto selectacommonsetof imageregionsacrossall cateyories.

We testthe GMKL formulationonthe Caltechl01databasgl4]. It consistf 102 classe®f which
101 belongsto objectcatayoriesandoneis backgrounctlass.Samplesof differentclassess shavn in
Figure5.3. Eventhoughthe cateyoriesin the databaseshow alot of variability therearemary classes
which canbe saidto be roughly alignedin termsof scale,orientationand position. We emplg the
standardxperimentaketup[39] wherewe teston all 102 catgyoriesandusel5imagespercategory for
traininganda different15 for testing.

We rst look at somequalitative resultsto seewhich regionsaregettingselectedn speci c classes.
This canreveal discriminatve partsof objectsaswell asdatabasartifactsandtherole of contet. For
thesequalitative resultsalone, the training setwas split into disjoint training and validation sets. A
1-vs-All classi er wastrainedusingthe standardVIKL formulation. This resultedin a short, ranked
list of grid cellsaccordingto the learntkernelweights. We further discardedhosegrid cellsfor which
eliminationdid notresultin adecreasn classi cationaccurag asmeasuren thevalidationset. The
resultsareshovn in Figuress.4and5.5.

For the catgyoriesshavn in Figure 5.4, mostly regions on the object are usedto distinguishthe
class. For Windsor Chair, only 2 regions are selected. The back of the chair is quite distinctive but
usingthatregion alonecausesonfusionwith afew otherimageswhich have a vertical stripedtexture
in thatregion. Adding the region on the seatof the chair clearsthis ambiguity For Motorbikes, the
mostdistinguishingregionslie on the wheel. However, sincethe classis not perfectlyaligned,a few
Motorbike imageshave only their backgroundsisible in thoseregions. Adding the white borderregion
which is presentiin mostMotorbike images(an artifact of the databasehelpsclassify someof these
imagesbut thenotherimageswith a white borderstartgettingmisclassi ed. Adding theregion around
thepillion takescareof suchimages.For Hedgehogshetexturedareaonthebackis themostimportant
thoughtheregionaroundtheeyeis necessaryo fully distinguishthecategory. For FacesEasytheareas
aroundthe neckandfacecontourgetthe highestweightfollowed by the eye andhair. Droppingary of
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Figure5.3: 101 classe®f Caltech101[14] dataset.
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Figure5.4: Sampleémagesrom the cateyories(from top to bottom)WindsorChair, Motorbike, Hedge-
hogandFacesEasyandtheregionsselectecdby SumMKL. Mostly regionsonthe objectarebeingused
for distinguishingthe cateyory. 53



Figure5.5: Sampleimagesfrom the catgyories(from top to bottom) Car Side, Faces,Leopardsand
Minaret andthe regions selectecby SumMKL. Mostly regions not lying on the objectare usedfor
distinguishingthe category.
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theseregionscausesnisclassi cations.

The catgyoriesshavn in Figure 5.5 highlight the role of context andshow artifactsof the database.
Theimagesn thecategory CarSidecanvary alot. Theappearancef theroadis muchmorestableand
thusgetsselectedy the algorithm. However, to dealwith the casesvhentheroadis shadeved, some
vegetatiorregionsatthetop of theimagearealsoselectedThe Facescatayory needsnary regionssince
theimagesarenot alignedandthe algorithmneedso look at mary regionsto nd theface. This also
letsthe algorithmlook at the backgroundvhich is necessaryor distinguishingFacesfrom FacesEasy
(which hasexactly the samesetof imagesbut with the backgrounccropped).For Leopardsthe most
distinguishingregionsareattheimagecornerswvhich aremostly sky andgrasswith ablackborder The
textureontheleopardis needednly to pin dovn acoupleof imagesrom otherclassesvhich alsohave
a similar appearance the cornerregions. Finally, theimagesof minaretshave all beenpre-processed
to have the sameorientation. The rotation artifact provides the mostimportantdistinguishingregion
for this class.However, sinceotherclasseslsohave rotationartifactsaswell assimilar looking edges
in that region, the algorithmchoosegwo extra sky regionsto compensate Someof theseexamples
highlight that thereare cateyoriesin the Caltech101 databasevhich canbe recognizedwithout even
looking atthe objectof interest.
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Figureb5.6: Variationin classi cationaccurag with numberof imageregions.

For amorequantitatve measurewe applythe multi-classMKL formulationgivenin Section4.4to
selecta commonsetof imageregionsacrossall 102 classesUsing 1-vs-1land1-vs-allformulationsa
differentsetof kernelweightswaslearntfor eachclass. In the presentcontet, this would imply that
eachbinary 1-vs-1or 1-vs-All classi er would selectdifferentsetof features.Whenmary classesare
presenthis couldresultin examiningwhole setof features.Thereforewe useotherformulationwhere
thekernelweightsarejointly learntwith all theclassi ers.

Thereare 64 kernelcorrespondindo the 64 grid cells andtheseare combinedusingthe Sumand
Productformulation. The resultsare plottedin Figure5.6. Note that our intentionis not to surpass
the state-of-the-arin termsof classi cationaccurag by combiningmultiple featuresandgettingeven

55



With ParameteSharing  Without ParametefSharing
# Regions MKL GMKL MKL GMKL
17 61.00(12) 65.00(12) 59.00(12) 58.00(12)
34 68.00(24) 69.00(22) 64.00(16) 65.00(24)
54 69.00(38) 79.00(36) 66.00(34) 68.00(35)
79 72.00(58) 85.00(54) 70.00(49) 71.00(49)
102 72.00(74) 87.00(68) 70.00(62) 74.00(62)
172 72.00(118) 88.00(116) 73.00(111) 74.00(111)
300 72.00(200) 88.00(200) 73.00(200) 74.00(200)

Table 5.5: The variationin classi cation performanceof Sum and ProductMKL, with andwithout
parametesharing,asthe numberof selectedegionsis varied. The numberof selecteccodevordsis
shavn in braclets.

morecomple representationsOn the contrary we aim to shav thatgiven ary descriptor(or ary set
of descriptorsve canreducethe numberof imageregionswith only a modestdrop in classi cation
performance For instancethe classi cationaccurag obtainedby standardVIKL usingall 64 kernels
basedon the Gist descriptoris 59:67% (this is comparabldo the SVM basedperformancenf leading
individual featuressuchasgeometricblur (62.98%)andself similarity (60.83%)[39]). Our objectve
is to reducethe numberof selectedegionsasmuchaspossiblewhile keepingclassi cationaccurag
above anacceptablehreshold As it turnsout, virtually the sameclassi cationaccurag canbereached
usingonly 40 regions. Usingonly 20 and 10 regionsthe classi cationaccurag dropsto 90%and75%
of theoriginal. The practicalimplicationsaresimilar to the caseof genderidenti cation in termsof in-
creasingatterylife andimagingspeedr reducingbandwidthconsumptionNotethatthe performance
of GMKL is extremelypoorin this case.lt would appeathat,in this case theright featurerepresenta-
tionsis actuallyobtainedoy concatenatingheindividual featuremapsratherthenby takingtheir tensor
product.

Caltech 256

In theprevioustwo caseswheretheimagescouldbealigned,we couldsamplediscriminatve pixelsand
regionsfrom a novel imagewithoutevenlooking atit. Thisis nolongerpossibleif the objectcanoccur
at ary orientation,scaleandpositionin theimage. Neverthelessfrom a compressiorperspectie, we
canstill useMKL to selecta setof discriminatve imageregions. We tacklethe problemby usingMKL
to selectthe mostdiscriminative codevordsin a codebookandby only keepingthoseimageregions
correspondingo theselectedcodevords. Notethatwe choosenotto learnweightsfor featuresorimage
regionsdirectly sincewe wish to avoid ary training whendeterminingregionsfor testimages(since
trainingafterdeploymentis infeasiblein mostapplicationscenarios).

In moredetail,we useGeometridlur [117] with aradiusof 10 pixelsto compute300featuresn each
training image. The featuresare clusteredusing K-Meansto learn50 visual codevords per category.
Thesearethenaggregatedacrosscateyoriesto form the codebook.While we have chosena standard
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way of generatinghe codebookpthermethodscould be usedaswell [118]. Givena codebookjmage
featuresarethenlabeledby the codavordsvia vectorquantizatiorto obtaina histogranor bagof visual
wordsmodel.

To apply MKL, we associatean exponential 2 kernelwith eachcodevord and combinethemus-

ing the Sum and Productformulation. For Sum MKL, the kernelsare combinedas kq(Xi; Xj) =
P (il Xj|)2

 die "X wherex; andx; representhe histogramsof imagei andj respectiely andthe
subscripk runsoverthe codeboolentries( | is setasin [39]). For ProductMKL, we usetherepresen-

Q d (i ><j|)2

tationkq (Xi;xj) = e '"Xi*X1" . Notethatboth representationsanbeextendedstraightforwardly
to the spatialpyramid matchingcaseby de ning the kernelfor a particularcodebookoy summingover
grid cells and pyramid levels. Many othermethodshave alsobeenproposedor selectingcodevords
(for aby no meansexhaustve list see[118—121]andreferencesvithin) but thesearemethodsasecn
mutualinformation,or informationbottleneckor relative frequeng of occurrencevhereaswve directly
optimizefor the classi cationtaskat hand. We alsoreportresultswith andwithout multi-classparam-
etersharing.Whenthe parameteraresharedur methodlearnsa commonsetof codevordsacrossall

classes.The without sharingcasesenesasa baseline.In this methodwe learnindividual codavord
rankingsfor eachclassusingthe 1-vs-All MKL formulation. The union of the top ranked codevords
from eachclassis thentakento form thecommonsetof selecteccodevords.

The proposedormulationis testedon the following 4 classedrom the Caltech256 [7] database:
Elk, Fire Truck, FrenchHorn andTeddyBear We choosel0 imagesfrom eachclassfor trainingand
25 for testing. Since50 codavordsare learntfrom eachclasswe obtaina codebookof size 200 and
thereforealsohave 200 kernels. Table 5.5 givesthe results. In this case,GMKL with featuresharing
doessigni cantly betterthanMKL. This is understandablsinceproductsof kernelswork in a much
higherdimensionafeaturespaceandaremoreproneto over tting. Parametesharinghelpsovercome
this problemandtheresultsaremuchbetterthanMKL with or without parametesharing.For instance,
using all 300 imageregions GMKL gets88% and this goesdown by just 1% whenusingonly 102
regions.By contrastMKL getsonly 73%and72%respecirely. Figure5.7 shavs somesamplemages
andselectedegions.

In termsof practicalapplicationspur approactis mostusefulin mobile andnetwork cameraappli-
cationssincethey have enoughcomputingpowerto extractfeaturesout typically notenoughmemoryto
storeatrainingset. Ourapproacttanbeusedo minimizethenumberof imageregionstransmittecback
for classi cationor, if sufcient compressiortanbe achiezed,to compresgraining histogrammodels
to t in thedevice'smemory

5.4 Summary

We tackledthe featureselectionusing GMKL. Proposednethodgave goodresultson variousdatasets
notonly ascomparedo traditionalMKL but alsoascomparedo state-of-arivrapperand lter feature
selectiormethods We alsotackledthe problemof learningdiscriminative pixelsandimageregionsfor
objectcateyorization. Our objectie is to reduceimagerepresentatiosize andwe demonstratedhat
compressiorfactorsrangingfrom 1.5to 8x canbe achieved with lessthana 1% dropin classi cation
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Figure5.7: Regionsselectedby GMKL in the Caltech256images.

accurag. This hassigni cant practicalimplicationsfor objectrecognitionbasedon mobile or network
cameras.

We usedourformulationto learnproductsof kernelsandshavedthatthis couldimprove performance
by morethan10%in somecasesHowever, productsof kernelsarealsomoreproneto over tting and
careshouldbe takento validatethatthey do leadto an appropriatefeaturerepresentatioffior a given
problembeforethey areapplied.
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Chapter 6

Character Recognitionin Images

6.1 Intr oduction

With today’s omnipresencef inexpensve portablecorvergentdevicescontainingdigital camerasand
processorgherangeof possiblecomputewisionapplicationdasexperiencedfastgrowth. It is easyto
ervisagehow PDAs will aid peoplewho arecurrentlyunattendedby technology For instancecamera-
phonewith characterecognitionsoftwarewill helpthevisually impairedto identify streetsigns,roads
andshopsnamesgroceryproductsetc. This canalsobe of usefor thosewho cannot readtext in the
locallanguage.

Automaticrecognitionof characterdrom imagesis a problemthat hasbeenapproachedincethe
early stagef computewision, beinganactive researcheld sincethe mid 1950.s[122]. Undercon-
trolled situationsthis is oneof the mostsuccessfuapplicationsof computewision, andtherearemary
solutionsavailablecommercially In thesecasestheimageis usuallyacquiredoy scanningdocuments
with arelatively high resolution,andusuallya smallamountof noiseanddistortionis allowed. Such
methodsare not expectedto performwell for imagesobtainedfrom photographsn which characters
preseniperspectie distortion,occlusion,variationsin contrast,color, styleandmotion blur. However
mostof theresearchasfocusedcharacterérom the Latin alphabet.

We work heretowardsautomaticreadingof text in naturalsceneslin particular our focusis on the
recaynition of individual charactersn suchscenes.Figures6.2, 6.1 and 6.3 highlight why this can
be a deceptvely hardtask. Evenif the problemsof clutter andtext sgmentationwereto beignored
for the moment,the following sourcesof variability still needto be accountedor: (a) font style and
thickness;(b) backgroundas well as foreground colour and texture; (c) cameraposition which can
introducegeometriadistortions;(d) illumination and(e) imageresolution.All thesefactorscombineto
givetheproblema a vour of objectrecognitionratherthanopticalcharacterecognitionor handwriting
recognition. In fact, OCR techniquesannotbe appliedout of the box preciselydueto thesefactors.
Furthermore viable OCR systemshave beendevelopedfor only a few languages.and most Indic
languagesrestill beyondthe paleof currentOCRtechniques.

Marny problemsneedto be solvedin orderto readtext in naturalimagesincludingtext localization,
word andcharactesegmentationrecognition jintegrationof languagemodelsandcontext, etc Onecan
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Figure6.1: Examplesof high visualsimilarity betweensamplesof differentclassesausedmainly by
thelack of visual context.

approachhe problemperformingthe above tasksin eithertop down or bottomup manner Our focus,
here,is on the basiccharacterecognitionaspectof the problem(seeFigures6.1, 6.2, 6.5 and6.6).
We usedatabasef imagescontainingEnglishand Kannadatext * charactersovering uppercaseand
lowercasef alphabet&indnumbersin orderto assesthefeasibility of posingthe problemasanobject
recognitiontask, we benchmarkthe performanceof variousfeaturesin a bag-of-visual-vords (BoV)
representationAlong we alsousestateof art classi er usedfor objectrecognitiontask,whichis based
on Multiple KernelLearning(MKL). The resultsindicatethat even the isolatedcharacterecognition
taskis challenging. The numberof classeg€anbemoderatg62 for English)or large (657 for Kannada)
with very little inter-classvariationashighlightedby Figures6.1and6.2. This problemis particularly
acutefor Kannadawheretwo charactersn the alphabetcan differ just by the placemenbf a single
dot like structure. Furthermore While training datais readily available for somecharactersothers
might occurvery infrequentlyin naturalscenes.We thereforeinvestigate whethersurrogate training
data,eitherin the form of font generateaharacteror handwrittencharactersganbe usedto bolster
recognitionin sucha scenarioWe alsopresenbaselineecognitionresultson the font andhandwritten
charactedatabaseto contrasthe differencein performancavhenreadingtext in naturalimages.

6.2 RelatedWork

The taskof characterecognitionin naturalsceness relatedto problemsconsideredn camera-based
documentnalysisandrecognition.Mostof thework in this eld is basednlocatingandrectifyingthe
text areag(e.g.[123], [124], [125] and[126]), followed by the applicationof OCR techniques[127].
Suchapproachesre thereforelimited to scenariosvhere OCR works well. Furthermore even the
recti cation stepis not directly applicableto our problem,asit is basedon the detectionof printed
documentdgesr assumesghattheimageis dominatecdoy text.

Methodsfor off-line recognitionof handwrittencharacterd128], [129] have successfullyackledthe

L Availableat http://www.ee.surrg.ac.uk/CVSSP/demos/chars74k/.
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Figure6.2: A smallsetof Kannadacharactersall from differentclassesNotethatvowelsoftenchange
asmallportionof thecharacterspr adddisconnectedomponentso the character

problemof intra-classvariationdueto differing writing styles.However, suchapproachesgypically con-
sideronly alimited numberof appearancelassespotdealingwith variationsin foreground/background
colourandtexture.

For naturalscenessomeresearcherbave designedsystemghatintegratetext detection,segmenta-
tion andrecognitionin asingleframeavork to accommodateontectual relationshipsForinstance[130]
usedinsightsfrom naturallanguageprocessingndpresent Markov chainframework for parsingim-
ages[131] introducedcompositionmachinedor constructingprobabilistichierarchicaimagemodels
which accommodateontextual relationships.This approachallows re-usabilityof partsamongmul-
tiple entitiesandnon-Marlovian distributions.[132] proposeda methodthat fusesimagefeaturesand
languaganformation(suchasbi-gramsandletter case)in a singlemodelandintegratesdissimilarity
informationbetweercharacteimages.Theideais thatby comparingnstanceemittedby asourcge.g.
charactergrom the samesignboard),they helpensuringthatsimilar instancesregiventhe sameabel
andvice-versa.

Simplerrecognitionpipelinesbasedon classifyingraw imageshave beenwidely exploredfor digits
recognition(seg[133], [134] andotherworksonthe MNIST andUSPSdatasets)A morecomple and
robustapproaclhis basedon modellingthis asa shapematchingproblem(e.g.[73]): severalshapede-
scriptorsaredetectedandextractedandpoint-by-pointmatchingis computedbetweerpairsof images.
In BoV-basednethodsinsteadf matchingfeaturevectorsof pairsof imagesgeachimageis represented
by unstructuredeaturecounts.This robustrepresentatiors usedasinputto classi ers.

We usethe BoV representationvhich, to the bestof our knowledge,hasnot yet beenappliedfor
characterecognition.We assessghesuitability of six differentfeatureextractorsfor our datasetsThese
featureextractionmethodsare stateof art methodwhich is widely usedin computervision for object
recognition. For classi cation, we evaluatenearesheighbouy SVM andthe multiple kernellearning
methodof [39], which hasachieved state-of-the-antesultson benchmarlobjectrecognitiondatabases.

6.3 Datasets

Our focusis on recognizingcharactersn imagesof naturalscenes.Towardsthis end, we compiled
a databasef English charactergdaken from imagesof streetscenes.We also acquireda databasef
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hand-dravn characterandanotherof charactergeneratedyy computerfonts.

For English,we treatupperandlower casecharacterseparatelyandincludedigits to geta total of
62 classes.Kannadadoesnot differentiatebetweenupperandlower casecharacters.It has49 basic
charactern its alphasyllabarybut consonantandvowels cancombineto give morethan600visually
distinctclasses.

6.3.1 Natural ImagesDataSet- Img

A setof 1922imagesmostly of signboardshoardingsandadvertisementss collected.It alsoincluded
a few imagesof productsin supermarkts and shops. Someof theseoriginal imagesare shavn in
Figure6.3.

Individual charactersveremanuallysegmentedrom theseimages . We experimentedvith two types
of segmentations:rectangulaboundingboxesand ner polygonalsegmentsasshavn in Figure 6.4.
For the typesof featuresinvestigatedhere,it turnedout that polygonalsegmentatiormaskspresented
almostno advantageover boundingboxes. Therefore all theresultspresentedn Section6.5 areusing
theboundingbox sggmentations.

OurEnglishdatasehas12503characterspf which4798werelabeledasbadimagesdueto excessve
occlusionJow resolutionor noise.For our experimentswe usedthe remaining7705characteimages.
Similarly, for Kannadasa total of 4194 charactersvere extractedout of which only 3345were used.
Figures6.5and6.6 shov examplesof the extractedcharactersThesedatasetsvill bereferredto asthe
Img datasets.

6.3.2 Handwritten Dataset- Hnd

The handwrittendataset(Hnd) wascapturedusinga tabletPC with the penthicknesssetto matchthe
averagehicknesgoundin handpaintednformationboards For English,atotalof 3410charactersvere
generatedby 55 volunteers For Kannadaga total of 16425charactersveregeneratedby 25 volunteers.
Somesampleimagesareshovn in Figure6.7,6.8.

6.3.3 Font Dataset- Fnt

This datasets obtainedoy synthesizingenglishcharactersising254 differentfontsin 4 styles(normal,
bold, italic andbold+italic) to generatea total of 62992( 62 x 254 x 4 ) charactersEachimagesis of
128x 128, for eachcharacteandfont type,thefont sizeis adjustedo generate charactethatoccupies
mostof theimage;Theimagesarein 256grey levels,with white backgroundandblackforeground.The
intermediatagrey levelshapperaroundedgesasaresultof antialiasing.This datasetwill bereferredto
astheFnt dataset.
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Figure6.3: Samplesourceimagesusedto extractthe charactergor our datasets.1922mageswere
processedyf which, morethan17000charactersvereextracted.901 Frontallmage®r 1352Imagest+
Frontallmages-rom Frontalimagesthey extracted12504Englishcharacterand5238Kannadachar

acters.
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Figure6.4: Samplecharacterandtheir sggmentatiommasks.
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Figure6.5: Samplecharactersf the Englishimagesset.901 Frontallmagesor 1352Imagest+ Frontal
ImagesFrom Frontallmagesthey extracted12504Englishcharacterand5238Kannadecharacters.

6.4 Feature Extraction and Representation

6.4.1 Bagof Words

Bag-of-visual-vordsis a populartechniquefor representingmagecontentfor objectcateory recog-
nition. Theideais to represenbbjectsas histogramf featurecounts. This representatioguantizes
the continuoushigh-dimensionaspaceof imagefeaturego a manageableocalulary of visualwords.
This is achieved, for instancepy groupingthe low-level featurescollectedfrom animagecorpusinto
aspeci ed numberof clustersusinganunsupervisealgorithmsuchasK-Means(for othermethodsof
generatinghe vocalulary see [135]). Onecanthenmapeachfeatureextractedfrom animageontoits
closestvisualword andrepresentheimageby a histogramover the vocatulary of visualwords.

Most of the BoV-basedwvorksuseunsupervisedonstructiorof thevisualvocalularies. It is compu-
tationalyexpensveto build suchvocahularies sincesamplegrom all classesreused.As analternatve,
we chosethe methodof [76], which builds onevisual vocalulary per classandcombineghe resulting
representationisy concatenatioof the vectors.This mayleadto richerrepresentationsincethe class
labelsaretakeninto account.For all the featureextractionmethodswe useda dictionarythatconsists
of 5 centroidsper class. Thus,for the Englishcharacterslatabaseeachsampleis describedy a his-
togramof 310dimensionsThedictionarieswerebuilt usingK-meanswith the ? statisticsto evaluate
thedistancebetweerfeaturevectors.
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Figure6.6: A randomselectionof the Kannadamagesdatabase.

Figure6.7: Sampleshand-dravn charactersf the Englishdatasets.

6.4.2 Feature Extraction

We evaluatedsix differenttypesof localfeatures Not only did we try outshapeandedgebasedeatures,
suchasShapeContat, GeometridBlur andSIFT, but alsofeaturesusedfor representing texture,such
as Iter responsegatchesandSpinimagessincethesewerefoundto work well in [136]. We explored
the mostcommonlyusedparameterandfeaturedetectionrmethodsemplo/edfor eachdescriptoywith
alittle tuning,asdescribedelow.

As a pre-processingtep,the imagesare normalizefor zero meanand unit varianceover the grey

level values. The list below detailsthe parameterghosenfor thesedescriptors. Thesechoiceswere
basedon a numberof preliminaryexperiments.

ShapeContexts (SC) [73] is a descriptorfor point setsand binary images. We samplepoints
usingthe Sobeledgedetector Thedescriptoiis alog-polarhistogramwhichgivesa  n vector
where is the angularresolutionandn is the radial resolution. We used = 15andr = 4,

Figure6.8: Sampleshand-dravn charactersf the Kannadadatasets.
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innerradius(r;) is setto % andouterradius(r,) is setto 1. The above parametersesultin SC
descriptor®f dimension60. Theseparameterpresent goodtrade-of betweerradialresolution
andangularresolution.No rotationinvariancewasused.

GeometricBlur (GB) [74] is afeatureextractorwith asamplingmethodsimilarto thatof SC,but
insteadof histogrammingpoints, the region aroundan interestpoint is blurredaccordingto the
distancefrom this point. For eachregion, the edgeorientationsare countedwith a differentblur
factor This avoidsquantisatiorproblemsof SCandallowsiits applicationto grey scaleimages.

Scalelnvariant Feature Transform (SIFT) [72] are extractedon pointslocatedby the Harris

Hessian-Laplace&letectoy which gives af ne transformparameters.The featuredescriptoris

computedas a setof orientationhistogramson (4  4) pixel neighborhoods.The orientation
histogramsare relative to the keypoint orientation. The contritution of eachpixel is weighted
by the gradientmagnitude,andby a Gaussiarwith 1.5 timesthe scaleof the keypoint. The

histogramscontain8 bins each,and eachdescriptorcontainsa 4 4 array of 16 histograms
aroundthe keypoint. This leadsto featurevectorwith 128 elements.In our experimentsthe

detectorusuallylocatedat least100 keypointsperimage,but for someimagesnot enoughpoints
wereobtained.

Spinimage[75], [137] is atwo-dimensionahistogramencodinghedistribution of imagebright-
nessvaluesin the neighborhoodf a particularreferencepoint. The two dimensionsof the his-
togramared, distancefrom the centrepoint, andi, the intensityvalue. Sinced andi areinvari-
ant underorthogonaltransformation®f the image neighborhood Spin imagesare invariantto
af ne-normalisedpatches.We usedl11 bins for distanceand5 for intensity value, resultingin
55-dimensionatlescriptors.The sameinterestpoint locationsusedfor SIFT wereusedfor spin
images.

Maximum Responseof lters (MR8) [76] is a texture descriptorbasedon a setof 38 lters

but only 8 responsesThe lters includea Gaussiaranda Laplacianof a Gaussian(LOG) lter

both at scale = 10, anedge(rst derivative) Iter at 6 orientationsand 3 scalesand a bar
(secondlervative) Iter at6 orientationsandthesame3 scaleg x; y) = f(1;3);(2; 6); (4, 12)g.
Theresponsef theisotropic Iters (GaussiarandLOG) areuseddirectly, but the responsesf
the oriented Iters (barandedge)are collapsedat eachscaleby usingonly the maximum Iter

responseqcrossall orientations thereby ensuringrotationinvariance. This Iter is extracted
densely(sampledateach25 25 patch),giving alarge setof 8D vectors.Webernormalization
is appliedto theindividual featurevectorsandathresholddisregardscontinuousegions.

Patch descriptor (PCH) is the simplestdensefeatureextraction method. For eachposition,
theraw n  n pixel valuesare vectorised generatingan n? descriptor Webernormalizationis
appliedto eachvectorindividually. Weuseds 5 patchesWith asmallthresholdonthestandard
deviation of the pixel valuesto disregarduniform areaslmagesarescaledo 128 128 For each
patchposition,the5 5 pixelsareextractedfroma20 20 pixelsareaby sub-samplingnepixel
for eachfour pixelsperrow andcolumn.
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6.5 Experiments

This sectiondescribedaselineexperimentswith threeclassi cationschemes(a) nearesheighborclas-
si cation using 2 statisticsasa metric; (b) supportvectormachinegSVM); and (c) multiple kernel
learning(MKL). Additionally, on Englishdatasetsve show resultsobtainedby the commercialOCR
systemABBYY FineReadeB.0. For an additionalbenchmarkwe provide resultsobtainedwith the
datasebf the ICDAR Rolust Readingcompetition2003. This setcontains11615imagesof charac-
tersusedin English. Theimagesare more challengingthanour Englishimg datasetandit hassome
limitations, suchasthefactthatonly few samplesareavailablefor someof thecharacters.

Most of our experimentswveredonewith our Englishimg characterslatasetlt is demonstratethat
the performanceof MKL usingonly 15 training imagesis nearly 25% betterthatnthat of ABBYY
FineReadera commercialOCR system.Also, whenclassifyingthe Img testset,if appropriatdeatures
suchasGeometerBlur, areused,thena NN classi er trainedon the syntheticFnt datasets a asgood
astheNN classiifertrainedon anequalnumberof Img samplesFuthermore,sincesyntheticFnt datais
easyto generateanNN classi ertrainedon alarge Fnt datais easyto generateanNN classi ertrained
onalargeFnttrainingsetcanperformnearlyaswell asMKL trainedon 15 Imgsamplegerclass.This
opensup the possibility of improving classi cationaccurag without having to acquireexpensve Img
trainingdata.

6.5.1 English Datasets
HomogeneousSets

Thesix featureextractionmethodsvereevaluatedor thethreedatasets.Herewe shav resultsobtained
by training andtestingwith samplesfrom the sametype: Fnt, Hnd and Img. For someclassesthe
numberof availablesamplesf naturalimageswasjust above 30, sowe choseto keepthe experiment
setsbalancedand x thetestsetsizeto 15 samplesper classfor all the threedatabasesFor the test
sets,we variedthe numberof training samples.This wasrepeatedvith randomselectionsof training
samplesThenumberof samplesavailablefor training (with nointersectiorwith thetestset)was1001,
40 and 15 for Fnt, Hnd and Img, respectiely. The numberof training splits selectedat randomand
resultsareaveraged.Table6.1 shows theresultsobtainedwith trainingsetsof 15 samplegerclass.

The performanceof GB andSCis signi cantly betterthanall the otherfeatures.Also, therecanbe
morethana 20%dropin perfomancavhenmoving from trainingandtestingon Fnt or Hnd to training
andtestingon Img. This indicateshow muchmoredif cult recognizingcharactersn naturalimages
canbe.

The featureswere also evaluatedusing SVM with RBF kernelfor the Img dataset)eadingto the
resultsshavn in table 6.2. The kernel paramtergammais choosenthroughcross-alidation. As ex-
pected SVM leadto anincreasen performancavith mostfeaturesgxceptwith Patches Theevaluated
implementatiorwasa multi-classSVM with one-vs-allclassi cationscheme.

An additionalexperimentwas performedwith the multiple kernellearningmethodof [39], which
gave state-of-the-artesultsin the Caltech256challenge. We combinedall the six featureextraction

2http://algwval.essr.ac.ukficdar
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Feature Fonts | Handwritten \ Images\

GB 6971 064 | 6540 058 | 47.09
SC 64:83 0:60 | 6757 1:40| 3441
SIFT 4694 071 | 4416 079 2075
Patches 4493 0656941 0:72| 2140
SPIN 2875 076 | 2632 0:42 11:83
MR8 3071 067 | 2533 0:63 10:43
| ABBYY | 6605 0:00 | -] 3077
| #trainsplits | 10 | 5| 1]

Table6.1: Nearesneighbourclassi cationresults(%) obtainedby differentfeatureextractorson the

English datasets. Thesewere obtainedwith 15 training and 15 testingsamplesper characterclass
chosenFor comparisontheresultswith thecommerciakoftwareABBYY arealsoshovn. Thebottom

row indicateshow mary setsof training sampleswveretaken per classto estimatemeanand standard
deviation of the classi cationresults.

GB | 5258
SC | 3548
SIFT | 21:40
Patches| 21:29
SPIN | 1366
MR8 | 1118

| MKL | 55:26 |

Table6.2: Classi cationresults(%) obtainedwith SVM andwith MKL (combiningall the features)
for thelmg setwith 15 trainingsamplegerclass.

methodsat kernellevel and performedclassi cation experimentsusingthe one-vs-allscheme.Using
suchclassi ersensurehe optimalcombinationf differentaspect®f dataoptimally. This resultedon
the accurag of 55.26%using 15 training samplesper class. This represent&n improvementof less
than3% over theresultof the bestperformingfeaturealone(GeometricBlur).

As canbeseenfrom theseexperimentsit is possibleto surpasshe performancef ABBYY, a state-
of-the-artcommercialOCR system,using 15 training imageseven on the syntheticFnt dataset. For
themoredif cult Imgdatasethedifferencein performancédetweerMKL andABBYY is nearly25%
indicatingthat OCRis not suitablefor this task. Neverthelessgiven thatthe performancaisingMKL
is only 55%,thereis till tremendouscopefor improvementin the objectrecognitionframework.

We alsoperformedexperimentswith the ICDAR datasetpbtainingthe resultsin Table6.3. Dueto
the limitations of this datasetwe x edthe training setsize of 5 sampleger classandevaluatedit in
comparisorto our datasetAs canbe seenthe ICDAR resultsareworsethanthe Img resultsindicating
thatthis might be aneventougherdatabaself we train on Img andteston ICDAR thentheresultcan
improve asmoretrainingdatais added(seeTable6.4).

68



| Fir. |  Images| ICDAR |
GB 369 1.0 2781
SC |261 16| 1832
PCH | 137 14 9.67
MR8 | 69 07| 548

Table6.3: Nearesnheighbouresultsobtainedwith 5 trainingsamplegperclassfor someof thefeatures.
Herewe compareour Englishimg dataseandwith the ICDAR dataset.

Tr. Spls. | 15/class| ~ all |

GB 32.72| 40.97
SC 27.90| 34.51

Table6.4. Nearesnheighbouresultsobtainedoy trainingwith Englishimg andtestingwith the|CDAR
dataset- using15 trainingsamplegerclassandusingthewhole Img setfor training.

Hybrid Sets

In this subsectiorwe shav experimentswith hybrid sets wherewe train on datafrom the Fnt andHnd
datasetandtestonthesamel5imageserclassfrom thelmgtestsetusedin thepreviousexperiments.
Theresultsareshovn in Table 6.5 andindicatethatfor featuressuchas Geometeridlur, trainingon
easilyavailable syntheitcfontsis asgoodastraining on original Img data. However, the performance
obtainedby trainingon Hndis poor.

Feature Trainingon Fnt | Trainingon Hnd

GB 47:.16 0:82 2295 0:64
SC 3239 1:39 2682 1:67
SIFT 9:86 091 4:.02 0:52
Patches 5:65 0:69 1:83 044
SPIN 2:88 0:68 271 0:33
MR8 1:87 0:60 1:61 011
# testsplits 10 5

Table6.5: Nearesmneighbourresultswith mixed datatype: testingthe recognitionof naturalimages
usingtraining datafrom fonts and handwrittensets,both with 15 training samplesper class. These
resultsshouldbe comparedvith the Img columnof Table6.1.

To aid visualizationof the results, Figure 6.9 shavs resultsof the experimentsdescribedabore,
separatinganelsfor thetop threemethods:GeometridBlur, ShapeContets andPatches.Thereis one
cunve for eachtype of experimentwhereFntimgindicatestrainingwith Fnt andtestingwith Img, and
Hndimgindicategrainingwith Hnd andtestingwith Img. Theothercurvesshow resultsby trainingand
testingwith thesamekind of set(Fnt, Hhdandimg). Notethat,for Geometridlur, theNN performance

69



Geometric Blur sc Patches

70 70 F’/—P—H
60 60
——Hnd
] ] -%=Fnt
S 50 E 50 4= Img .
S § ||—Fntmg| .- x--CT
= 40 = 40O Hndimg| __.®--""" =
K 8 pes 2
@30 @30 =®
ol K
O 20 O 20 PP Sl
|
10 10
0 o IY: SEIF SRR YRR S SR
5 79 11 13 15 5 7 9 11 13 15 5 7 9 1 13 15
Tramlng set size / class Training set size / class Training set size / class

Figure6.9: Classi cationresultsfor the Englishdatasetsvith the top two featureextractionmethods:
GeometricBlur (left), ShapeContets (centre)andPatcheqright). The plots shov the meanandSTD
(error bars)varyingwith the sizeof the training sets. Theseweretaken assub-setof the 15-samples-
perclasssetsof tables6.1and6.5.
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Figure6.10: Classi cationresultsfor the Englishdatasetsith the otherfeatureextractionmethods:
MR8 Iter banks(left),SPIN (centre)andSIFT (right). The plotsshav the meanandSTD (errorbars)
varyingwith thesizeof thetrainingsets.Theseweretakenassub-set®f the 15-samples-petlasssets
of tables6.1and6.5.

whentrainedon Fnt andtestedon Img is actuallybetterthanNN performancevhentrainedandtested
onimg

In a practicalsituation,all the availablefonts or hand-printedlatacould be usedto classifyimages.
Table6.6shavstheresultsobtainedoy trainingwith all availablesamplesrom Fnt andHnd andtesting
with the sametestsetsof 15 sampleger classdescribedabore. Notethatfor GB andSC, theresults
obtainedby trainingwith Fnt werebetterthanthoseobtainedby trainingwith Img showvn in table6.1.
This demonstratethe generalisatiopower of thesedescriptorandvalidatesthe possibility of cheaply
generatedarge sizedsyntheticsetsandusingthemfor training.

Figure6.11shavstheconfusiormatrixobtainedor MKL whentrainedandtestedon 15Imgsamples
per class.Onecan notice two patternsof high valuesin parallelto the diagonalline. Thesepatterns
shaw that,for mary charactersthereis a confusionbetweeriower caseanduppercase.If we classify
characterén acaseinsensitve mannertheaccurag turnsoutto be57.20%(a 10%increasejor GB on
Imgand80.80%(a 11%increasefor GB on Fnt, bothusing15 trainingsamplegperclass.
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Figure6.11: Top: resultswith the multiple kernelcombinationof all the features(MKL, solid black

line), training andtestingwith Englishimg. For comparisonthis panelalsoshaws the resultswith the

bestindividual feature,GeometricBlur (asshavn in Figure6.9-left). Bottom: the confusionmatrix of
MKL for this experimentwith 15 trainingsamplegperclass.

6.5.2 Kannada Data Sets

Thelmg datasebf Kannadacharactersvasannotategersymbol,whichincludescharacterandsylla-
ble, resultingin a setof 990 classesSincesomeof theseclasse®ccurrarelyin our datasetyve did not
performexperimentgrainingandtestingwith Img. Insteadwe only performedexperimentson training
with Hnd characterandtestingwith Img. We selecteda subsebf 657 classesvhich coincideswith the
classescquiredor the Hnd dataset.

Table6.7shavs baselingesults.For theseexperimentsrandomguessvould have a0.15%accurag.
Thelow accuracieshav how dif cult areindic languages whencomparedo English.

Feature Trainingon Fnt | Trainingon Hnd
GB 54.30 24.62
SC 44.84 31.08
SIFT 11.08 3.12
Patches 7.85 1.72
SPIN 3.44 2.47
MR8 1.94 1.51
Trainingsetsize | 1016 55

Table6.6: Classi cationresults(%) obtainedwith the sametestingsetasin table 6.5, but herethe
wholesetsof syntheticfontsandhandwrittencharactersreusedfor training,i.e., 1016and55 samples
perclass respectiely.
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’ Fr. \ Trn/tstonHnd | Trn onHNd, tstonImg

GB 17.74 2.77
SC 29.88 3.49
SIFT 7.63 0.30
Patches 22.98 0.12
SPIN 2.37 0.16
MR8 512 0.00

Table6.7: Nearesnheighbouresults(%) for the Kannadadatasets(i) trainingwith 12 Hnd andtesting
with 13 Hnd samplesand(ii) trainingwith all Hnd andtestingwith all Imgsamples.

6.6 Summary

In this Chapteywe tackledthe problemof recognizingcharactersn imagesof naturalscenesWe use
adatabasef imagesof streetscenegakenin Bangalore,IndiaandshavedthatevencommercialOCR
systemsarenotwell suitedfor readingtext in suchimages.Workingin anobjectcateyorizationframe-
work, we wereableto improve characterecognitionaccurag by 25%overanOCRbasedsystem.The
bestresulton the Englishimg databasevas55.26%andwas obtainedoy the multiple kernellearning
(MKL) methodof [39] whentrainedusing 15 Img sampleger class. This could be improved further
if we werenotto be casesensitve. Neverthelesssigni cant improvementaneedto be madebeforean
acceptabl@erformancdevel canbereached.

Obtainingandannotatinghaturalimagesdfor trainingpurposesanbe expensve andtime consuming.
We thereforeexploredthe possibility of training on hand-printecandsyntheticallygeneratedont data.
Theresultsobtainedby trainingon hand-printedcharactersverenot encouragingThis couldbe dueto
thelimited variability amongsthe writing stylesthatwe wereableto captureaswell astherelatively
small sizeof thetraining set. On the otherhand,usingsyntheticallygeneratedonts, the performance
of nearesheighborclassi cationbasedn GeometridBlur featuresvasextremelygood. For equivalent
sizetraining sets,training on fonts usinga NN classi er could actually be betterthantraining on the
naturalimagesthemseles. The performancebtainedwhentraining on all thefont datawasnearlyas
goodasthatobtainedusingMKL whentrainedon 15 naturalimagesampleger class. This opensup
the possibility of hanestingsyntheticallygeneratedlataandusingit for training.

As regardsfeaturesthe shapebasedeatures GeometricBlur and ShapeContet, consistentlyout-
performedSIFT aswell astheappearancbasedeatures.Thisis not surprisingsincethe appearancef
acharactein naturalimagescanvary alot but the shapeemainssomevhatconsistent.

We also presentegreliminaryresultson recognizingKkannadacharactersut the problemappears
to be extremely challengingand could perhapsene t from a compositionalor hierarchicalapproach
giventhelarge numberof visually distinctclasses.
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Chapter 7

Conclusions& Futurework

7.1 Summary and Contrib utions

We have shavn how MKL formulationscanbe generalizedo learngeneralkernelcombinationssub-
ject to generalregularizationon the kernel parameters While our focuswas on binary classi cation
our approactcanbe appliedto otherlossfunctionsand even otherformulationssuchasLocal MKL,
multi-classandmulti-labelMKL. Generalizedkernellearningcanbeachieredvery ef ciently basecn
gradientdescenbptimizationandexisting large scaleSVM solvers. As suchiit is now possibleto learn
muchricherfeaturerepresentationascomparedo standardMKL withoutsacri cing ary ef ciency in
termsof speedf optimization.

ProposedsMKL formulationbasecn productsof kernelswasshavn to give goodresultsfor various
featureselectionproblems- not only ascomparedo traditionalMKL but alsoascomparedo leading
wrapperand Iter featureselectionmethods.Of course taking productsof kernelsmight not always
be the right approachto every problem. In suchcases,our formulation can be usedto learn other
appropriateaepresentatioincluding sumsof kernels.Finally, it shouldbe notedthatthe classi cation
accurag of GMKL with learntweightstendsto be much the sameas that obtainedusing uniform
weightschosenthroughcross-alidation. The adwvantagen learningwould thereforeseento lie in the
factthat GMKL canlearnto achiese the sameclassi cationaccurag but usingfar fewer features.We
alsotackledthe problemof learningdiscriminatie pixels andimageregionsfor objectcateyorization.
Our objective is to reduceimage representatiorsize and we demonstratedhat compressiorfactors
rangingfrom 1.5 to 8x canbe achieved with lessthana 1% dropin classi cationaccurag. This has
signi cant practicalimplicationsfor objectrecognitiorbasednmobileor network camerasWetackled
the problemof recognizingcharacterin imagesof naturalscenesWe shav thatevencommercialOCR
systemarenotwell suitedfor readingtext suchimages Workingin anobjectcatayorizationframenork,
wewereableto improve characterecognitionaccurag by 25%overanOCRbasedsystermusingMKL.

In summary we proposedGMKL which canlearn non-linearkernel combinations. Shavn how
effective it is, in tackling featureselectionandlearningdiscriminative partsfor objectcateyorization.
Shavn how the MKL canimprove the performancen the problemof recognitionof characteimages
takenin naturalscenesTheapplicationsonsideredn thethesisareof practicalimportanceandresults
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demonstratéhatlearningmuchricher combinationsof kernelscanrepresentlatain moreappropriate
manner

7.2 Future Scope

Although, MKL hasbecomepowerful tools for dataanalysis, nding the appropriaterepresentation
is still an active researcharea. More experimentsand applicationstowardsregressioncan be done.
Possibleextensionsof the work includes(i) scalingto large kernel matrix (i) extendingit to other
methodsof multi-classclassi cation(iii) solvingmulti-labelmulti-classproblems(iv) scalingto larger
numberof kernelsusingsomeparallelcomputingtechniques.

Not just limiting to classi cation or regressionproblemsthis techniquescan be explored towards
dimensionalityreductionor clusteringalgorithms.MKL canalsobeexploredin speci c to applications
in differentdomaindik e in computervision to the problemsof objectdetectionyisuallearning,etc.
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Appendix A

Notation

Symbol Description

SVM SupportVectorMachine

MKL Multiple KernelLearning

GMKL Generalizednultiple kernellearning
Xy Inputsamplesn vectorformof m  dimensional
k(x;y) KernelFunction

K KernelMatrix

M Numberof trainingsamples

N Numberof classes

K Numberof kernels

\% Vocalulary size

at Transposef vectora

hi Innerproduct
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Appendix B

Derivation of MKL

P
To nd thebestcoefcients for thelinearcombinatiorkernelin MKL Kopt = | dik|, following objec-
tive functioncanbeused.Minimize

1 b X
J= EWTW +C i+ d (B.1)

i [
subjectto yi(w'( xj)+b 1 ; 8i (B.2)
i>0y 2 f 1,1g 8i (B.3)
d OAd p (B.4)

X

(x)Cx) = di (xi)i () (B.5)

1=1

whered are kernelparameterand A ; p arethe parameterso include prior knowledgeon kernel
parameted.

Quib; idi ;i )= wlwaCl i+ diy oy )+ 1+
i=1 I=1 i=1
b X X
i 1d d ‘Aj+p'  (B.6)
i=1 I=1 I=1
1
where i; i; |; | arethenon-ngative LagrangiarmultipliersandA  is Ith columnof thematrix A .

P

Notethat '(Ad  p) isrewrittenas <, di 'A; p'
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For the optimalsolutionfollowing KKT conditionsaresatis ed,

@R_ o ow Y s

@_ O—) W = - iYi ( XI)

@_oy ¥

@-O—) . iVi=0

C@@?:O:) C = P+
@_ N @) (A _
@I_O_) . iyi(w a@ )t o A=0
X 1

iyi (w'[01 1(Xi) OK]tﬁ) + 1 ‘'A=o0

i=1

p_ _ p__

(since (x)=[ & 10) @ 1) de w (xl)
had 1

= 1+ A+ iyi(w'[0y 1(Xi) OK]t)ﬁ
i=1 '

SubstitutingequationB.7

W 1
1= g+ A+ iyi((. ivi ( xi))'[01 1(xi) Ok ]t)ﬁ

i=1 i=1
_ t X __,_p* _...p* pf it _
1+ A+ i gYiyi[ droa(xi)i do(xi)in de ok (Xi)][01 1(Xi)
i=1 j=1
LM
= 0+ tA|+§ EVA/RICONIED)

ifyi(wixi+ b 1+ ig=0 8i

ii=0 8i
i O 0 0d 0 8il
d =0 8I

‘(Ad p)=0

whereQ, is avectorcontainingall zerosof size |(x;).
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(B.9)

1
ok It —
K])ﬁ

(B.10)

(B.11)
(B.12)
(B.13)
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(B.15)



Taking Equation(B.6),i.e.,

Q= %WTW+C i+t d P yiwT (xp)+ b 1+

hd X X
i 1di d A+ p!

andby substitutingequation(B.7)

LW W X t
= 5( iYi ( %i))'( iy (%) i(yi (( iYi (X)) (xp)+b 1+ j)
i=1 j=1 i=1 j=1
hd X hd X X
+C i+ dy i 10 d ‘A +p'
i=1 1=1 i=1 1=1 1=1
Simplyfying further,
LH W t IR t N N
= - i Yy (%) (xj) igYiY (x) (%) b iy + i
i=1 j=1 i=1 j=1 i=1 i=1
hd hd hd X X
ii+C i it d 1di d A+ p!
i=1 i=1 i=1 I=1 =1 I=1
Usingequation(B.8)
LX W t W X
= 5 i Yy (xi) (x5) 0+ i (it i Cit+ d
i=1j=1 i=1 i=1 I=1
X X
1d d A+ p!
1=1 I=1
Substitutingequation(B.9) and(B.10)
T t X X o t
= = Yy (X)) (Oxg)+ i 0+ d(+ A+ 5 i Yy 1)t oi(xi))
i=1 j=1 i=1 1=1 i=1 j=1
X X
1d d A+ p!
1=1 1=1

Finally, thedualobjectie functionis

Q= i+ p' (B.16)

=1 + p! (B.17)



For the constraintgart,
Similarto SVM, from equationgB.9), (B.13)we have

Equation(B.8) is rewritten as,
1'y =0
Equation(B.10)is rewritten as,

1
1= 1+ tA|+§ 'YK Y

étYK|Y + = | A
% 'YK Y A
So,dualformulationis, maximize
Qa=1" +p'
subjectto 0 c; 0 ; 1ty
% 'YK Y A
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