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ABSTRACT

VISUAL FEATURE LEARNING

FEBRUARY 2001(REVISEDJUNE14,2001)

JUSTUSH. PIATER

Dipl.-Inform., UNIVERSITY OF MAGDEBURG,GERMANY

M.Sc.,UNIVERSITY OF MASSACHUSETTSAMHERST

Ph.D.,UNIVERSITY OF MASSACHUSETTSAMHERST

Directedby: ProfessorRodericA. Grupen

Humanslearnrobust ande� cientstrategiesfor visual tasksthroughinteractionwith their
environment. In contrast,mostcurrentcomputervision systemshave no suchlearningcapa-
bilities. Motivatedby insightsfrom psychologyandneurobiology, I combinemachinelearning
andcomputervision techniquesto developalgorithmsfor visual learningin open-endedtasks.
Learningis incrementalandmakesonly weakassumptionsaboutthetaskenvironment.

I begin by introducinganinfinite featurespacethatcontainscombinationsof localedgeand
texture signaturesnot unlike thoserepresentedin the humanvisual cortex. Suchfeaturescan
expressdistinctionsover a wide rangeof specificityor generality. The learningobjective is to
selectasmallnumberof highlyusefulfeaturesfrom thisspacein atask-drivenmanner. Features
arelearnedby general-to-specificrandomsampling.This is illustratedon two di� erenttasks,
for which I give very similar learningalgorithmsbasedon the sameprinciplesand the same
featurespace.

Thefirst systemincrementallylearnsto discriminatevisualscenes.Whenever it fails to rec-
ognizeascene,new featuresaresoughtthatimprovediscrimination.Highly distinctive features
areincorporatedinto dynamicallyupdatedBayesiannetwork classifiers.Even afterall recog-
nition errorshave beeneliminated,thesystemcancontinueto learnbetterfeatures,resembling
mechanismsunderlyinghumanvisualexpertise.This tendsto improve classificationaccuracy
on independenttestimages,while reducingthenumberof featuresusedfor recognition.

In the secondtask, the visual systemlearnsto anticipateuseful handconfigurationsfor
a haptically-guideddextrous robotic graspingsystem,much like humansdo when they pre-
shapetheir handduring a reach. Visual featuresare learnedthat correlatereliably with the
orientationof the hand. A finger configurationis recommendedbasedon the expectedgrasp
qualityachievedby eachconfiguration.

Theresultsdemonstratehow a largely uncommittedvisualsystemcanadaptandspecialize
to solve particularvisualtasks.Suchvisuallearningsystemshave greatpotentialin application
scenariosthatarehardto modelin advance,e.g.autonomousrobotsoperatingin naturalenvi-
ronments.Moreover, thisdissertationcontributesto ourunderstandingof humanvisuallearning
by providing acomputationalmodelof task-drivendevelopmentof featuredetectors.
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CHAPTER 1

INTRODUCTION

Humanshave a remarkableability to act reasonablybasedon perceptualinformation about
their environment. Our perceptualsystemfunctionswith suchspeedand reliability that we
aredeludedinto underestimatingthe complexity of everydayperceptualtasks. In particular,
humansrely heavily onvisualperception.Weorientourselves,recognizeenvironments,objects,
andpeople,andmanipulateitemsbasedon vision without ever thinking aboutit. Given the
importanceof vision to humans,it is not surprisingthatvision hasbeenthemost-studiedmode
of machineperceptionsincetheearlydaysof artificial intelligence.Nevertheless,despitefifty
yearsof active researchin artificial intelligence,roboticsandcomputervision,many real-world
visuomotortasksremainthatareeasilyperformedby humansbut arestill unsolvedby machines.
Therobustnessandversatilityof biological sensorimotorinteractioncannotyet bematchedin
roboticsystems.

What is it thatenableshigheranimals,first andforemosthumans,to outperformmachines
so dramaticallyon real-world visuomotortasks?I believe that the answeris groundedin the
following two thesesthatform thebasisof this dissertation:� Thehumanvisualsystemis adaptive. During thefirst yearsof life, thevisualcapabilities

of childrenincreasedramatically. Thesecapabilitiesarenot limited by thedesignof the
visualsystemalone,but aremodifiedby learning.All throughoutlife, thehumanvisual
systemcontinuesto improve performanceon bothnovel andwell-practicedtasks.

In contrast,most currentmachinevision systemsdo not learn in this way. They are
designedto perform,andtheir performanceis limited by thedesign.They do notusually
improve over timeor adaptto novel situationsunforeseenby thedesigner.� The humanvisual systemis inextricably linked with humanactivity. Activity operates
in synergy with vision andfacilitatesvisual learning,andvision subservesactivity. Hu-
manvision operatesin a highly task-dependentway andis tunedto deliver exactly the
informationneeded.

In contrast,most researchin computervision hasfocusedon task-independentvisual
functionality. In a typical scenario,acomputervisionsystemproducesagenericresultor
representationfor useby subsequentprocessingstages.

Both of thesepoints will be further discussedin Chapter2. The remainderof this opening
chapterservesto definethescopeandorganizationof thisdissertation.

1.1 Closedand OpenTaskDomains

Thefield of computervisionis commonlysubdividedinto low-level andhigh-level vision. Low-
level visionis typically concernedwith task-independentimageanalysissuchasedgeextraction
or computationof disparityor opticalflow. High-level vision considersapplication-level prob-
lems,e.g.objectrecognitionor vision-guidedgrasping.Considerableprogresshasbeenmade
in bothareasduringthepastdecade.For example,machinerecognitionsystemshave achieved
unprecedentedlevelsof performance[73, 104, 71, 77, 78]. Increasinglyimpressive recognition
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resultsarereportedon largedatabasesof variousobjects.Automatedcharacterrecognitionsys-
temsareinvolvedin sortingmostof theU.S.mail. Opticalbiometricidentificationsystemshave
reachedcommercialmaturity.

While thesesuccessfulsystemsaretruly remarkable,mostof themaredesignedfor tasks
thatarelimited in scopeandwell definedat designtime. For instance,mostobjectrecognition
systemsoperateon a fixed setof known objects. Many algorithmsin fact requireaccessto a
completesetof trainingimagesduringadedicatedtrainingphase.DeployedOCRandbiometric
identificationsystemsoperateunderhighly controlledconditionswhereparameterssuchassize,
location,andapproximateappearanceof thevisualtargetareknown. Similar argumentscanbe
madefor othercomputervisionproblemssuchasfacedetection,terrainclassification,or vision-
guidednavigation.

TaskdomainsthatsharethesecharacteristicsI call closed. I arguethatmany practicalvision
problemsarenotclosed.For instance,ahumanactivity recognitionsystemshouldbeableto op-
erateundermany di� erentlighting conditionsandin avarietyof contexts; indoorsor outdoors,
with any numberof peoplein thescene.A visually navigatedmobile robot shouldbe ableto
learndistinctive landmarksby itself. If therobotis movedfrom oneenvironmentto another, one
doesnot want to redesigntherecognitionalgorithm– thesamealgorithmshouldbeapplicable
in, andadaptive to, a variety of environments. An autonomousrobot that traversesunknown
terrainor collectsspecimensshouldbeableto learnto predictthee� ectof its actionsbasedon
perceptualinformationin orderto improve its actionswith growing experience.Ultimately, it
shouldbetheinteractionof anagentwith its environment– asopposedto asupervisorytraining
signal– thatdrivestheformationof perceptualcapabilitieswhile performinga task[67, 114].

Table1.1.Typical characteristicsof closedvs.opentaskdomains.

ClosedTasks OpenTasks
Taskparameters: all known at theoutset someto bediscovered

stationary maybenon-stationary
Trainingdata: fixed dynamic,generative

fully accessible partially accessiblevia interaction
Learning: batch incremental

o� -line on-line
Visual features: maybefixed mustbelearned

Thus,many realisticvisualproblemsconstituteopentaskdomains(seeTable1.1). Closed
andopentasksconstitutetwo extremesalonga continuumof taskcharacteristics.Opentasks
arecharacterizedby parametersthatareunknown atdesigntimeandthatmayevenchangeover
time. Therefore,theperceptualsystemof theartificial agentcannotbecompletelyspecifiedat
theoutset,but mustberefinedthroughlearningduringinteractionwith theenvironment.There
is no fixed setof training data,completeor otherwise,that could be usedto train the system
o� -line. Traininginformationis availablein smallamountsat a time throughinteractionof the
agentwith its environment.Therefore,learningmustbeon-lineandincremental.

1.2 Scope

Autonomousrobotsthatperformnontrivial sensorimotortasksin therealworld mustbeableto
learnin bothsensoryandmotordomains.A well-establishedresearchcommunityis addressing
issuesin motorlearning,which hasresultedin learningalgorithmsthatallow anartificial agent
to improve its actionsbasedon sensoryfeedback.Little work is beingconductedin sensory
learning,hereunderstoodastheproblemof improving anagent’sperceptualskills with growing
experience.Thesophisticationof perceptualcapabilitiesmustultimatelybemeasuredin terms
of their valueto theagentin executingits task.
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Thisdissertationaddressesasubsetof theproblemsoutlinedabove. At abroadlevel, its goal
is to makeprogresstowardcomputationalmodelsfor perceptuallearningin opentaskdomains.
While mostwork in computervisionhasfocusedonclosedtasks,thefollowing chapterspresent
learningmethodsfor opentasks.Thesemethodsaredesignedto be very general.They make
few prior assumptionsaboutthe tasks,andcan learn incrementallyand on-line. I hopethat
this work will sparknew researchaimedat expandingthe scopeof machineperceptionand
autonomousrobotsto increasinglyopentaskdomains.

A key unit of visual informationemployed by biological andmachinevision systemsis a
feature. Looselyspeaking,a visual featureis a representationof someaspectof local appear-
ance,e.g. a cornerformed by two intensityedges,a spatially localizedtexture signature,or
color. Most currentfeature-basedmachinevision systemsemploy hand-craftedfeaturesets.In
thecontext of opentasks,I arguethatlearningmusttakeplaceevenat thelevel of visualfeature
extraction. Any fixed,finite featuresetwould constrainthe rangeof tasksthat canbe learned
by theagent.This doesnot necessarilymeanthat the featurescannotbe computedby a fixed
operatorset. If they are,thentheseoperatorsmustbesuitablyparameterizedto provide for the
flexibility andadaptabilitydemandedby avarietyof opentasks.

The key technicalcontribution of this dissertationconsistsof methodsfor learningvisual
featuresin supportof specificvisual or visuomotortasks. Thesefeaturescapturelocal ap-
pearancepropertiesand aresampledfrom an infinite featurespace. Most parametersof the
systemarederived on-lineusingprobabilisticmethods.Thevalidity of theproposedmethods
aredemonstratedusingtwo very di� erentexampleskills, onebasedon categorization(visual
discrimination)andtheotheron regression(visualsupportof haptically-guidedgrasping).The
samplingmethodsfor featuregenerationand the associatedmodel-fitting techniquescan be
adaptedto othervisualandnon-visualperceptualtasks.

This work constitutesexploratoryresearchin anareawherecomputervision andmachine
learningmeet.This areahasreceived relatively little attentionby thesesubdisciplinesof com-
putersciencethatarerelatively distincteventhoughbothgrew out of theartificial intelligence
community. While theresearchquestionsareaddressedprimarily from theperspective of com-
putervision andmachinelearning,muchof themotivation is drawn from observationsin psy-
chologyandvisualneuroscience.Partsof themodelaccountfor relevantaspectsof thefunction
or performanceof thehumanvisual system.Thebehavior of themodelresemblescritical as-
pectsof phenomenain humanlearning.

1.3 Outline

Thenext chapterplacesthiswork into thecontext of researchin psychologyandartificial intel-
ligenceanddiscussesthemotivation,goalsandmeansagainstthebackdropof relatedresearch
within andoutsideof computerscience.Chapters3–6constitutetheheartof this dissertation.
Thesetechnicalchapterssharethesamegeneralstructure:A review of relatedwork is followed
by a preciseproblemstatement,a presentationof thecontributedsolution,experimentalresults
whereapplicable,and a discussion. In thesechapters,a sectiontitled “Background”briefly
introducesprerequisiteconcepts,terminology, andnotation.� Chapter3 isself-containedanddefinesaninfinite featurespacethatisdefinedtoovercome

the limitations of finite featuresetsfor openlearningtasks. Featuresare constructed
hierarchicallyby composingprimitive featuresin specificways.Thelearningalgorithms
discussedin subsequentchaptersarebasedon this featurespace.� Chapter4 describesa systemfor learningfeaturesin anopenrecognitiontask,building
on the featurespacedefinedin theprecedingchapter. To reinforcethepoint of learning
the featuresthemselves, the algorithm is biasedto find few but highly distinctive fea-
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tures. Probabilisticpatternclassificationis combinedwith information-theoreticfeature
selection.� Chapter5 extendsthepreviouschapterby introducingtheconceptof learnedvisualexper-
tise in a way that resembleshumanexpertvisualbehavior. In bothcases,a visualexpert
exhibits fasterandmorereliablerecognitionperformancethananon-expert. It is conjec-
turedthatsuperiorfeaturesunderlyexpertise,anda methodis introducedfor continuing
to learnimprovedfeatureswith growing experienceby thelearningsystem.� Chapter6 describesa systemfor learningfeaturesto supporta haptically-guidedrobotic
graspingprocess.Featuresare learnedthat enablereliable initializationsof handcon-
figurationsbeforethe onsetof the grasp,resemblinghumanreach-and-graspbehavior.
This chapteragainbuilds on the featurespaceintroducedin Chapter3, but is otherwise
self-contained.

Finally, Chapter7 concludeswith a generaldiscussionof the impactof this work and future
directions.
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CHAPTER 2

THIS WORK IN PERSPECTIVE

The questionsaddressedin this dissertationspana wide rangeof disciplinesin- andoutside
of computerscience.This chapterplacesthesequestionsinto thecontext of otherresearchin
perceptualskill learningin psychologyandartificial intelligence. Motivatedby this interdis-
ciplinary background,I posea generalresearchchallengethat is larger thanthe scopeof this
dissertation.Finally, I statesomeimportantpersonalpreferencesandbiases– many of whichare
motivatedby insightsfrom psychologyandneurobiology– that influencedmany of thedesign
choicespresentedin thesubsequenttechnicalchapters.

2.1 Human Visual Skill Learning

Thehumanvisualsystemis truly remarkable.It routinelysolvesa wide varietyof visual tasks
with suchreliability anddeceiving easethat belittlestheir actualdi� culty. Thesespectacular
capabilitiesappearto restonat leasttwo foundations.First, thehumanbraindevotesenormous
computationalresources to vision: About half of our brain is moreor lessdirectly involved
in processingvisual information [54]. Second,essentialvisual skills are learned in a long
processthat extendsthroughoutthe first yearsof an individual’s life. At the lowest level, the
formation of receptive fields of neuronsalong the early visual pathway is likely influenced
by retinalstimulation.Somevisualfunctionsdo not developat all without adequateperceptual
stimulationwithin asensitiveperiodduringmaturation,e.g.stereovision[12, 44]. Higher-order
visual functionssuchaspatterndiscriminationcapabilitiesarealsosubjectto a developmental
schedule[40]:� Neonatescandistinguishcertainpatterns,apparentlybasedon statisticalfeaturessuchas

spatialintensityvarianceor contourdensity[103].� Infantsbegin to notesimplecoarse-level geometricrelationships,but performpoorly in
thepresenceof distractingcues.They do not consistentlypayattentionto contoursand
shapes[101].� At theageof abouttwo years,childrenbegin to discover fine-graineddetailsandhigher-
order geometricrelationships. However, attentionis still limited to “salient” features
[123].� Over muchof childhood,humanslearnto discover distinctive featureseven if they are
overshadowedby moresalientdistractors.

Thereis growing evidencethat even adults learn new featureswhen facedwith a novel
recognitiontask[107]. In a typicalexperiment,subjectsarepresentedwith computer-generated
renderingsof unfamiliar objectsthat fall into categoriesbasedon specificallydesignedbut un-
obviousfeatures.Beforeandafterlearningthecategorization,thesubjectsareaskedto delineate
whatthey perceive to becharacteristicfeaturesof theshapes.Beforelearning,thesubjectsshow
little agreementin their perceptionof thefeatures.However, after learningmostsubjectspoint
out thosefeaturesthatby designcharacterizethecategories[108, 123].
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SchynsandRodetdemonstratedconvincingly thathumanslearnfeaturesin task-drivenand
task-dependentways[109]. Subjectswerepresentedwith threecategoriesof “Martian cells”,
two-dimensionalgrayscalepatternsthat looselyresemblebiological cells containingintracel-
lular particles.Thefirst category wascharacterizedby a featureX, thesecondby a featureY,
andthe third by a featureXY, which wasa compositeof X andY. Subjectsweredivided into
two groupsthatdi� eredin theorderthatthey hadto learnthecategories.Subjectsin onegroup
first learnedto discriminatecategoriesX andY andthenlearnedcategory XY, whereastheother
grouplearnedXY andX first, thenY. After learningthecategorization,thesubjectswereasked
to categorizeother“Martian cells” thatexhibitedcontrolledvariationsof thediagnosticfeatures.
Their category assignmentsrevealedthe featuresusedfor categorization: Subjectsof the first
grouplearnedto categorizeall objectsbasedon two features(X andY), whereasthesubjectsof
thesecondgrouplearnedthreefeatures,not realizingthatXY wasacompoundconsistingof the
othertwo. Evidently, featuregenerationwasdrivenby therecognitiontask.

Featurelearningdoesnotnecessarilystopafterlearningaconcept.TanakaandTaylor [120]
found that bird expertswereasfast to recognizeobjectsat the subordinatelevel (“robin”) as
they wereat the basiclevel (“bird”). In contrast,non-expertsareconsistentlyfasteron basic-
level discriminationsascomparedto subordinate-level discriminations.GauthierandTarr [38]
trainednovices to becomeexpertson unfamiliar objectsandobtainedsimilar results. These
findingsindicatethatthewayexpertsperformrecognitionis qualitatively di� erentthannovices.
It hasbeensuggestedthat expertshave developedspecializedfeatures,facilitating rapid and
reliablerecognitionin theirdomainof expertise[107].

Despitethisaccumulatedevidenceof visualfeaturelearningin humans,little isknown about
themechanismsof visual learning.At least,recentneurophysiologicalandpsychologicalstud-
ieshaveshedsomelight onwhatthefeaturesrepresent[129]. Thebulk of theevidencepointsto
view-specificappearance-basedrepresentationsin termsof localfeatures.Theview-dependence
of humanobjectrecognitionhasbeenfirmly established[122]. Recognitionperformancede-
creasesasa functionof viewpoint disparityfrom previously learnedviews. In the light of this
evidence,Wallis andBültho� dismissrecognitiontheoriesbasedon geometricmodels– two-
or three-dimensional– by declaringthat“thereremainslittle or noneurophysiologicalevidence
for theexplicit encodingof spatialrelationsor therepresentationof geonprimitives” [129].

The strongviewpoint dependency of humanvisual representationsis even moreapparent
in the context of spatialorientation[11]. Here, the representationemployed by the brain is
clearlybasedon a viewer-centeredperceptualreferenceframe. Abstractspatialreasoningis a
cognitive skill thatrequiresextensive training,involving multiple perceptualmodalitiesaswell
asphysicalactivity [1, 2, 95, 97].

Few definitive statementscanbemadeaboutthespatialextent of the featuresusedby the
visualbrain.Nevertheless,it hasbeenshown thatevenfor therecognitionof faces– oftencited
asa prime exampleof holistic representations– local featuresplay a major role. Solsoand
McCarthygeneratedartificial faceimagesby composingfacial featurestaken from real face
images. Subjectsregardedtheseartificial facesas highly familiar if the constituentfeatures
weretaken from known faces,even thoughthecomplete(artificial) faceshadnever beenseen
before[113].

2.2 Machine PerceptualSkill Learning

For thepurposeof this work, machinelearningis concernedwith methodsandalgorithmsthat
allow anartificial sensorimotoragentto improveor adaptits actionsovertime,basedonpercep-
tual feedbackfrom theenvironmentthat is actedupon. This definitionstressesthat learningis
task-drivenandincremental.It excludesnon-incrementalmechanismsfor discoveringstructure
in datasuchasmany conventionalclassificationandregressionalgorithms,typically considered
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machinelearningmethods.Nevertheless,suchalgorithmsmayform importantcomponentsof
thetypeof learningmethodsof interesthere.

For a sensorimotoragent,deriving the next actionto be performedinvolves the following
two steps:

1. Analyze the currentset of sensoryinput to extract information – so-calledfeatures –
suitablefor actionselection.

2. On thebasisof thesefeatures,andpossiblyotherstateinformation,derive thenext action
to betaken.

This dichotomyis somewhat idealized,asmany machinelearningalgorithmsinvolve transfor-
mationsof thefeatureset,e.g.featureselectionor principalcomponentanalysis.Mostwork on
machinelearninghasfocusedonthesecondstep,with thegoalof identifyingimprovedmethods
for generalizingfrom experiencegiven a setof (possiblytransformed)features.In contrast,a
mechanismfor perceptuallearningfocusesonimproving theextractionof features.Thefollow-
ing paragraphstouchonafew representative examplesof perceptuallearningsystems.Previous
work relatedto specificmethodsandproblemswill bediscussedin laterchapters.

Thegoalof Draperet al.’s ADORE systemis to learnreactive strategiesfor recognitionof
man-madeobjectsin aerialimages[29]. Thetaskis formulatedasa Markov decisionprocess,
a well-foundedprobabilisticframework in which a policy mapsperceptualstatesto actions. In
ADORE, an action is oneof a set of imageprocessingandcomputervision operators.The
outputdataproducedby taking an actioncharacterizethe state,and the policy is built using
reinforcementlearningtechniques[115]. ADORElearnedreactivepoliciessuperiorto any static
sequenceof operatorsassembledby theauthors.

Steelsandhis collaboratorsinvestigatethe problemsof perceptualcategorizationandlan-
guageacquisitionby a groupof communicatingagents.Sensoryinformationis availableto an
agentin theform of continuous-valued“streams”[114], possiblyextractedfrom livevideo[27].
An agentcandecideona“topic” characterizedby certainrangesof valuesin asubsetof thesen-
sorychannels,andcaninvent“words” to designatethis topic. Theagentsinteractin theform of
“languagegames”in whichoneof themchoosesaknown topicor inventsanew one,andutters
thecorrespondingword(s).A listeningagentmatchestheutterancewith its currentsensoryin-
put. If theutterancedoesnot matchthelisteningagent’s conceptof thewords,or if it contains
unknown words,theagentrefinesits sensorycharacterizationassociatedwith thewords. This
is doneby successively subdividing sensoryrangesandchoosingadditionalsensorychannelsif
necessary. Thesensorycategorizationthusformedis adequatefor thecurrenttopic,but it does
not necessarilymatchtheconceptof thespeaker. However, over thecourseof many language
gamesthe agentsform a sharedvocabulary throughwhich they cancommunicateaboutwhat
they perceive.

A similarly motivatedmechanismfor discoveringinformative structurein sensorychannels
wasusedby Cohenet al. [25]. Here,conceptsareformedthat relateperceptionsto theagent’s
interactionwith its environment,in contrastto Steels’socialcommunication.

In thesetwoexamples,perceptualdistinctionsarelearnedby carvinguptheperceptualspace
into meaningfulregions.This canbedonesuccessfullyaslong astheinformationcontainedin
an instantaneousperceptionis su� cient to make thesedistinctions. In many practicalcases,
however, world statesthat requiredi� erentactionsby the agentmay not be distinguishable
on the basisof an instantaneousperception. In this case,the recenthistory of perceptsmay
allow thedisambiguationof theseperceptuallyaliasedstates.This is thebasicideaunderlying
McCallum’sUtile DistinctionMemoryandUtile Su� x Memoryalgorithms[68, 69]. In addition
to resolvinghiddenstate,his U-Treealgorithm[67] performsselective perceptionby testing
whichperceptualdistinctionsaremeaningful.

Temporalstateinformation is also the basisof Coelho’s systemfor learninghaptically-
guidedgraspingstrategies[22, 23]. Graspingexperienceis recordedastrajectoriesin a phase
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space.Thesetrajectoriesareclusteredandrepresentedby parametricmodelsthatdefinediscrete
statesof thegraspingsystemduringits interactionwith atargetobject.A reinforcementlearning
procedureis usedto selectappropriateclosed-loopgraspcontrollersateachof thesestates.

2.3 Objective

Draper’s ADORE system[29] is a rare exampleof perceptualstrategy learning. The other
systemscited in the previous sectionperform perceptuallearningby subdividing the feature
spacespatially[114, 27, 25, 67] and� or temporally[67, 22, 23], but they donot learnthefeatures
themselves.

It is oftenarguedthatmultilayerneuralnetworks learnfeaturesthatarerepresentedby the
nodesof the hiddenlayer(s). Likewise, thebasisvectorsextractedby eigen-subspacedecom-
positionandsimilar methodscanbe regardedas learnedfeatures.Thesemethodsessentially
project the input spaceinto anotherspace,typically of lower dimension.However, they pro-
vide little control over the propertiesof the resultingfeatureswith respectto criteria external
to theprojectionmethod.For example,in computervision onemay want to preserve locality
of featuresor invarianceto variousimagingconditions.This motivatesthe useof othertypes
of featuresthatarenot basedon subspacedecomposition,but exhibit thedesiredpropertiesby
design.

The central, technicalcontribution of this dissertationis a mechanismfor learningsuch
features.Theseareextracteddirectlyfrom theraw imagedata,andexpressimagepropertiesthat
arevery hardto discover usinggeneraltechniquesfor dimensionalityreduction. Featuresare
chosenfrom a very large feature space. Thespecificationof this spaceconstrainsthestructure
of the learnedfeatures.Thus,it is possibleto biasor limit the learningsystemto featuresthat
have specificrepresentationalor invarianceproperties.For example,onemaywant featuresto
encodecornersunderrotationalinvariance.

sense

analyze,
interpret; act

useful?
yes no

learn feature

empty

(2)

(1)

Figure 2.1. A generalmodelof incrementalfeaturelearning.

The featurelearningprocedureis incrementalandis suitablefor interactive learning.Fea-
turesarelearnedasdemandedby agiventask.Figure2.1depictsageneralmodelof theinterac-
tion of thesystemwith its environment.Thesystemstartsfrom ablankslate,andis constrained
only by thespecificationof thefeaturespaceandthefeaturelearningalgorithm.It operatesin a
perception-actioncycle thatbeginswith theacquisitionof animage.This imageis analyzedin
orderto derive a decisionor actionin responseto thecurrentperception.It is assumedthat the
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systemcanobserve thequality or usefulnessof this decisionor action. If this responsereveals
theadequacy of theaction,theagentproceedswith thenext perception-actionloop. Otherwise,
oneor morenew featuresaregeneratedwith thegoalof finding onethatwill resultin superior
futureactions.Thedashedlinesdesignatetwo alternative waysof operation:

1. If thefeaturescanbeevaluatedimmediatelywithout changingtheenvironment,thenthe
agentcaniteratefeaturelearninganddecisionmakinguntil a suitablefeaturehasbeen
found. The recognitionsystemdescribedin Chapter4 operatesin this way. Whenthe
systemmisrecognizesanimage,new candidatefeaturesaregeneratedoneat a time, and
areevaluatedimmediatelyby rerunningthe recognitionprocedureon the sameimage.
This is indicatedby thelower dashedline in Figure2.1.

2. If a featurecannotbe evaluatedimmediately, then the agentproceedswith the next
perception-actionloop. In thiscase,thegeneratedfeaturesareevaluatedover time. In the
graspingapplication(Chapter6), immediatefeatureevaluationwould requireregrasping
of anobject.To avoid this interferencewith thetaskcontext, aftergeneratingnew candi-
datefeaturesthesysteminsteadproceedswith thenext object,asindicatedby theupper
dashedline. Evaluationof thenewly sampledcandidatefeaturesis distributedovermany
futuregrasps.

Thesetwo applicationsdi� er significantlynot only in their learningmechanisms,but also in
their learningobjectives. The recognitionapplicationis a supervisedclassificationtask. The
utility of a featureis immediatelyassessedin termsof its contribution to theclassificationpro-
cedures.In contrast,thegraspingapplicationis primarily a regressiontask,wherefeaturesare
learnedthatpredicta category-specificangularparameter. Theutility of a featuredependson
its contribution to thevalueof futurebehavior of therobot. Trainingis groundedin therobot’s
interactionwith thegraspedobject,anddoesnot involve anexternalsupervisor. Nonetheless,
bothof theseapplicationsemploy thesamefeaturespace,introducedin thefollowing chapter,
andtheir featurelearningalgorithmsarebasedon thesamebasicprinciples.Thesedi� erences
andsimilaritiesaresummarizedin Table2.1.

Table 2.1. Summaryof importantcharacteristicsof the two applicationsdiscussedin this dis-
sertation.

Recognition(Ch.4) Grasping(Ch.6)
classification regression
externalsupervisor learninggroundedin interaction
immediatefeatureevaluation featuresevaluatedover time

samefeaturespace
sameprinciplesfor featurelearning

All learningalgorithmspresentedin the following chaptersaredesignedto operateincre-
mentally. They arevery uncommittedto any specifictask,andmake few assumptionsabout
thetaskenvironment.For example,therecognitionalgorithmdoesnot know how many known
objectcategories– if any – arepresentin any givenscene.This is in contrastto mostexisting
recognitionalgorithmsthat alwaysassignone(or no) classlabel to eachscene.Also, neither
applicationhasany prior knowledgeaboutthenumberor natureof thecategoriesto belearned.
In short, the algorithmsdo not assumea closedworld, which hasmany implicationson their
design. A consistentset of learningalgorithmsfor opendomainsconstitutethe secondkey
contribution of thisdissertation.
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2.4 Moti vation

In additionto theobjectivesstatedin theprecedingsection,thereareadditional,somewhatless
tangiblebiasesandmotivationsthatinfluencedthedesignof therepresentationsandalgorithms
presentedin thefollowing chapters.Theseareintroducedbriefly here.

The primary goal of this dissertationis to contribute to our understandingof mechanisms
of perceptuallearningin humansthat canbeappliedin machinevision systems.Many of the
ideasmanifestedin this work aremotivatedby insightsfrom perceptualpsychology. At the
outset,I believe that humans(childrenandadults)learnvisual featuresasdemandedby tasks
they encounter. Above I presentedevidencecollectedby Schynsandothersin supportof this
belief. A subgoalof thiswork is to contributeto ourunderstandingof humanvision,by devising
plausiblecomputationalmodelsthatdescribecertainaspectsof humanvision. I firmly believe
that we can learn a greatdeal from biology for the purposeof advancingtechnologyin the
serviceof humaninterests.Specifically, I believe that task-driven, on-line, incrementalvisual
learningis essentialfor building sophisticatedappliedvision systemsthat operatein general,
uncontrolledenvironments.

With this long-termobjective in mind,themechanismscontributedareapplicablein scenar-
ioswherenoexternalsupervisoris available.While thebasiclearningframework is supervised,
thesupervisorysignalcanbeproducedby theagentitself. In subsequentchapters,I will show
how thiscanbedone.

The constructionof the algorithmsand the prototypeimplementationinvolved a number
of designchoices,many of themconcerninginessentialdetails.Wherever reasonable,choices
weremadeto emulatebiological vision. Someof the resultingalgorithmsarevery e� ciently
implementedon massively parallel neuralhardware, but are quite expensive when run on a
conventionalserialcomputer.
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CHAPTER 3

AN UNBOUNDED FEATURE SPACE

The necessityfor a very large featurespacehasbeenmotivatedbriefly above. This chapter
introducesa particularfeaturespacesuitablefor theobjectivesof thiswork.

3.1 RelatedWork

The ideaof representingdatain termsof featuresfrom an infinite featureset (i.e., a feature
space)is quiteold. A naturalmethodis PrincipalComponentAnalysis(PCA) that returnsthe
eigenvectorsof the covariancematrix of the data. Thesecan be regardedas a small set of
“features” selectedfrom an N-dimensionalcontinuousspace,whereN is the dimensionality
of the data. If the dataresemblea low-dimensionalzero-meanGaussiancloud in this space,
thenthey canbefaithfully reconstructedusingonly a few featurescorrespondingto thelargest
eigenvalues. Turk and Pentland[125] popularizedtheseeigen-features for facerecognition.
Figure3.1 shows theeightprincipalcomponentsof a setof faces.Interestingly, someof them
correspondto intuitively meaningfulfacialfeatures.

Figure3.1. “Eigen-faces”– eigenvectorscorrespondingto theeightlargesteigenvaluesof aset
of faceimages.The brightnessof eachpixel representsthe magnitudeof a coe� cient. Zero-
valuedcoe� cientsarerenderedin intermediategray; largepositive andnegative coe� cientsin
white andblack, respectively. (Reproducedwith permissionfrom MoghaddamandPentland
[72].)

Nayar, Muraseand collaborators[74, 73, 75] developedthis generalapproachfor view-
invariantobjectrecognition,trackingandsimplerobotic control. It hasbeenpointedout that
PCA is not necessarilywell suitedfor discriminationbetweenobject classes[117]. Several
adaptationsof the ideaof PCA to generatediscriminative (asopposedto descriptive) features
have beensuggested,suchastheFisherLinearDiscriminant[31], theFukunaga-Koontztrans-
form [37], andtheMostDiscriminatingFeature[117]. TalukderandCasasent[118, 119] suggest
an adaptationof nonlinearPCA that simultaneouslyoptimizesthedescriptive anddiscrimina-
tive power of theextractedfeatures.Sometypesof eigen-featurescanbe learnedandupdated
incrementally[130].

Hiddennodesin a neuralnetwork maybeseenascomputingfeaturesfrom aninfinite set.
In particular, neuralnetworkscanimplementseveralprojectionpursuitmethodsaswell asPCA
in biologicallyplausibleways[47, 48, 91]. Projectionpursuititeratively seekslow-dimensional
projectionsof high-dimensionaldatathat maximizea given projectionindex. The projection
index encodessomemeasureof “interestingness”of thedata,typically basedon thedeviation
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from Gaussiannormality[59, 36, 99]. Theprojectionsgeneratedby aprojectionindex basedon
second-orderstatisticscorrespondto theprincipalcomponentsof thedata.

All of thesemethods,with theexceptionof certaintypesof neuralnetworks,computeglobal
features.In contrast,it is oftendesirableto producelocal featuresthatrepresentspatiallylocal-
izedimagecharacteristics.Localizedvariantsof eigen-featureshave beenexplored[26].

A variety of local featureshave beenproposedin thecontext of recognitionsystems.In a
typicalapproach,a featureis avectorof responsesto asetof locally appliedbasisfilter kernels.
Koenderink[57] suggeststhat theneighborhoodaroundan imagepoint canberepresentedby
a setof Gaussianderivativesof variousorders,termeda local jet, derived from a local Taylor
seriesexpansionof the imageintensitysurface. Somerelatedschemesarebasedon steerable
basesof Gaussian-derivative filters [90, 104, 94, 43], whichwill bebriefly discussedin Section
3.3.2. Othersemploy Gaborfilters [128, 20], curved variantsknown asbananawavelets[58],
or Haarwavelets[81] to representlocal appearance.

A di� erentway to generateanunboundedfeaturespaceis by defininga featureasaparam-
eterizedcompositionof severalcomponents.ChoandDunn[18] definea cornerfeatureby the
distanceandanglebetweentwo straightline segments.Their featuresetis finite becausethese
parametersarequantized.

Segen [110] was one of the first to consideran infinite combinatorialfeaturespacein a
computervision context. His shaperecognitionsystemis basedon structuralcompoundsof
local features. Geometricrelationsbetweenlocal curvaturedescriptorsare representedby a
multilevel graph,andconceptmodelsof 2-D shapesareconstructedby matchingandmerging
multiple instancesof suchgraphs. Califano andMohan [16] combinedtriplets of local cur-
vaturedescriptorsto form a multidimensionalindex usedfor recognitionof 2-D shapes.Their
contributionsincludeaquantitativeprobabilisticargumentdemonstratingthatthediscriminative
power of featuresincreaseswith theirdegreesof freedom.

Amit, Gemanand their coworkers createa potentially infinite variety of featuresfrom a
quantizedspaceby meansof combinatorics.Primitive local featuresarecomposedto produce
increasinglycomplex arrangements.Primitive featuresaredefinedby co-occurrencesof small
numbersof binarizedpixel values,andcompoundsarecharacterizedby relaxedgeometricrela-
tionships.Discriminative featuresareconstructedandqueriede� ciently usinga decisiontree
procedure.This typeof approachhasbeenappliedto handwrittencharacterrecognition[8, 5]
andfacedetection[7, 6] with remarkablesuccess,andhasalsobeenextendedto recognitionof
three-dimensionalobjects[50]. Theapproachemployedin thisdissertationborrowsandextends
key ideasfrom thiswork.

3.2 Objective

Therepresentationalpowerof any systemthatusesfeaturesto representconceptsis determined
to a large extent by the available features. If the featureset is not su� ciently expressive for
the taskat hand,the performanceof the systemwill be limited forever. If the featureset is
too expressive, thesystemwill beproneto a varietyof problems,includingoverfitting, andto
biasesintroducedthroughpairwisecorrelatedfeaturesor distractorfeaturesthatdonotcorrelate
well with importantdistinctions.Clearly, di� erentfeaturesmayberelevant for di� erenttasks.
Moreover, givena task,di� erentfeaturesetsmaybesuitablefor di� erentalgorithmsemployed
to solve thesametask[52].

Theseconsiderationsrequirethatfeatureseitherbehand-craftedfor aparticularsetting(con-
sistingof task,algorithmanddata),or that they belearnedby thesystem.This chapterdefines
a featurespacefor usewith a featurelearningsystem,subjectto thefollowing objectives:

1. As thiswork is concernedwith visualtasks,featuresarecomputedon intensityimages.
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2. Thefeaturespaceshouldnotbegearedtowardany task,but it shouldcontainfeaturesthat
aresuitablefor a varietyof visual tasksat variouslevelsof specificityandgenerality. In
otherwords,thereshouldbesomefeaturesthatarehighly usefulfor any of a varietyof
tasksthatthesystemmaybeaskedto solve.

3. Sincethecharacteristicsof a featurelearningsystemarebestdemonstratedon a system
that learnsfew but powerful features,the featurespaceshouldcontainfeaturesthat are
individually very usefulfor giventasks.This is in contrastto mostexisting feature-based
vision systemsthatderive their power primarily from a largenumberof featuresthatare
notnecessarilyvery powerful individually.

4. The featurespaceshouldbe su� ciently completeto demonstratesuccesson example
tasksusingfeaturelearningsystemsdiscussedin subsequentchapters.

5. Sinceimage-planeorientationis importantin sometasksand irrelevant in others,fea-
turesshouldinherentlyallow themeasurementof featureorientationin away thatcanbe
exploitedto achieve normalizationfor rotation.

6. Sincein many visual tasksthereis no prior scaleinformationavailable,featuresshould
berobustto variationsin scaleto simplify computation.

7. To enhancerobustnessto clutterandocclusionandto facilitatethelearningof categories
characterizedby uniqueobjectparts,featuresshouldbelocal in theimagearray.

8. Forgenerality, featuresshouldbeapplicablein generalclassificationandregressionframe-
works.

9. The featuresshouldbe a plausiblefunctional model of relevant aspectsof the human
visualsystem.1

All of themethodsdiscussedin theprecedingsectionsatisfysomeof theseobjectives,but
noneof themsatisfiesall. Eigen-featuresandtheir variationsarewell suitedfor a variety of
tasks,but rotationalinvarianceandimage-planelocality arehardto achieve. WaveletsandGa-
bor filters andtheir variantsarelocal, but arenot rotationallyinvariant. Filtersbasedon steer-
ableGaussian-derivative filters satisfyall of theabove objectives. Thesteerabilityproperty, to
beexplainedin Section3.3.2,allows thesynthesisof filters andtheir responsesat arbitraryori-
entationsfrom a smallsetof basisfilters, andcanbeexploitedto achieve rotationalinvariance
at very little computationalcost. However, the representationalanddistinctive power of indi-
vidual, well-localized(Objective 7) Gaussian-derivative filters is not su� cient for many tasks
(Objective 3). Amit andGeman[8, 5] usedrelatively weakindividual features,sparsebinary
pixel templates,andshowedhow to increasetheirpowerby composingthemin acombinatorial
fashion.

The key idea to achieving all of the above objectives is to combinesteerableGaussian-
derivative filters with anadaptationof Amit andGeman’s idea,producingfeaturesthatconsist
of spatialcombinationsof localappearancecharacteristics.Beforethedetailsarepresented,the
following sectionprovidessomehelpful background.

3.3 Background

This sectionpresentsbrief introductionsto relevantconceptsthathave beenwell establishedin
the literature.Somefamiliarity with theseconceptsis requiredto understandthecontributions
presentedin subsequentsections.

1Sincethis contradictsObjective 5, rotational(non-)invarianceis not considereda relevantaspecthere.

13



3.3.1 Gaussian-DerivativeFilters

The isotropiczero-meanGaussianfunction with variance	 2 of a two-dimensionalparameter
spaceatapoint x � [x y]T � R2 is definedas

G(x �	 ) � 1

2
�	 2
e� xT x

2� 2 � (3.1)

For the purposesof this work, the orientedderivative of a Gaussianof orderd at orientation� � 0, i.e. in thex direction,is written as

G0
d(x �	 ) � � d� dx

G(x �	 ) � (3.2)

For generalorientations
�
, G�d is definedasanappropriatelyrotatedversionof G0

d(x �	 ), i.e.

G�d(x �	 ) � G0
d(R� x �	 ) (3.3)

with a rotationmatrix

R� � cos
� �

sin
�

sin
�

cos
� �

Gaussian-derivative filter kernelsarediscreteversionsof Gaussianpoint spreadfunctions
computedin this way. To generatea filteredversionIG(x) of an imageI (x), a discreteconvo-
lution with a kernelG is performed.Two-dimensionalconvolutionswith Gaussiansandtheir
derivativescanbecomputedverye� cientlybecausethekernelsareseparable,andhighly accu-
rateande� cient recursive approximationsexist [127]. Unfortunately, this is not generallytrue
of rotatedderivatives(Equation3.3).

Gaussian G0

First derivative G0
1 G��� 21

Secondderivative G0
2 G��� 32 G2��� 32

Figure3.2.Visualizationof atwo-dimensionalGaussianfunctionandsomeorientedderivatives
(cf. Equation3.3). Zero valuesare shown as intermediategray, positive valuesare lighter,
negative valuesdarker.

Figure3.2 illustratessomeorientedGaussian-derivative filters usedin the context of this
work. Gaussianfilters act as low-passfilters, and their derivatives as bandpassfilters. The
centerfrequency increases(seeFigure 3.2) and the bandwidthdecreasesas the order of the
derivative increases.First-orderderivative kernelsrespondto intensitygradientsin I . To extract
edgeinformationfrom animageI , I is convolved with thetwo orthogonalbasisfilters G0

1 and

G��� 21 . Thegradientmagnitudesandorientationsin I aretheneasilycomputed:

� �
I
� � I2

G0
1

� I2
G�! 21

(3.4)
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tan
�#"

I � IG�! 21

$
IG0

1
(3.5)

Whencomputing
�#"

I usingEquation3.5,thefull angularrangeof 0–2
 canberecoveredby tak-
ing into accountthesignsof thenumeratorandthedenominatorwhencomputingthearctangent.
For a thoroughdiscussionof Gaussian-derivative filters seea recentbookchapter[93].

3.3.2 SteerableFilters

A classof filters is steerable if a filter of a particularorientationcanbesynthesizedasa linear
combinationof asetof basisfilters [35]. For example,first-orderGaussian-derivative filtersare
steerable,since

G�1 � G0
1 cos

� � G��� 21 sin
�

(3.6)

asis easilyverified. Dueto the linearity of theconvolution operation,an imagefilteredat any
orientationcanbecomputedfrom thecorrespondingbasisimages:

IG%1 � IG0
1
cos

� � IG�! 21
sin
�

(3.7)

which is muchmoree� cientlycomputedfor many di� erentvaluesof
�

thanby explicit convo-
lution with theindividual filtersG�1.

Gaussian-derivative filters of any orderd aresteerableusingd � 1 basisfiltersG� k & dd thatare
equallyspacedin orientationbetween0 and
 , i.e.,

�
k' d � k


d � 1
 k � 0 �����  d�

Incidentally, Figure3.2shows thebasisfiltersG� k & dd for thefirst two derivatives.To synthesizea
filter at any givenorientation

�
, thesebasisfilters arecombinedusingtherule

G�d � d

k( 0

G� k & dd c�k' d (3.8)

where
c�k' 1 � cos(

�)�
k
 $ 2) k � 0 1

c�k' 2 � 1
3 1 � 2cos(2(

�*�
k
 $ 3)) k � 0 1 2

c�k' 3 � 1
2 cos(

�+�
k
 $ 4) � cos(3(

�+�
k
 $ 4)) k � 0 1 2 3

which containsEquation3.6 asa particularcase[35, 90]. Again, dueto the linearity of con-
volution, thesameoperationcanbeperformedon thefiltered images,asopposedto thefilters
themselves.SeeFreemanandAdelson[35] for a thoroughtreatmentof steerablefilters.

Example3.1(Operationson Gaussian-filtered images) Figure3.3 illustratessomemanip-
ulationson filtered imagesthatareof interestin this context. The imageshown in Figure3.3a
is convolved with thekernelsG0

1 andG��� 21 , resultingin theverticalandhorizontaledgeimages
shown in Figures3.3b and3.3c. Edgeenergy is computeddirectly from theseimagesusing
Equation3.4 (Figure3.3d),andedgeorientationusingEquation3.5 (Figure3.3e). In theori-
entationimage,notethat theangulardomainis mappedto thelineargrayscale.Consequently,
bothblackandwhite correspondto near-zeroangles.Figure3.3f wasgeneratedby steeringthe
edgeimagesusingEquation3.7. This imageis identicalto theonethatwould beobtainedby
convolving theoriginal image(Figure3.3a)with thekernelG��� 41 .
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(a) (b) (c) (d) (e) (f)

I IG0
1

IG�, 21
I2
G0

1

� I2
G�! 21

tan� 1
I
G�! 21
I
G0

1

IG0
1
cos �4� IG�, 21

sin �4
Figure 3.3. Examplemanipulationswith first-derivative images. Imagea shows the original
imageof size128 - 128pixels. In imagesb, c, andf, zerovaluesareencodedasintermediate
gray, andpositive andnegative valuesaslighter anddarker shades,respectively. In imaged,
blackrepresentszero.In imagee, theangularrangeof 0–2
 is mappedto therangefrom black
to white. Thederivativeswerecomputedwith 	.� 2 pixels.SeeExample3.1for discussion.

3.3.3 Scale-SpaceTheory

A fundamentalproblemin computervision is to decideon theright scalefor imageanalysis.A
typical questionis: “How large arethefeaturesof interestrelative to thepixel size?” In many
applications,no prior scaleinformationis available.Therefore,many computervision systems
performtheir analysisover anexhaustive rangeof scalesandintegratetheresults.Scale-space
theoryprovidesa sophisticatedmathematicalframework for multi-scaleimageanalysis[62],
andis consultedin thiswork to answertheabovequestion.A (linear)scale-spacerepresentation,
or simply scalespacefor short,of an imageis the stackof imagesgeneratedby increasingly
blurring the original image. This processcanbe describedby the di� usionequation[56]. In
practice,a scale-spacerepresentationis computedby successive smoothing(Figure3.4). The
Gaussiankernelhasbeenshown to be the uniquesmoothingoperatorfor generatinga linear
scalespace[34].

Figure3.4. Visualizationof a linearscalespacegeneratedby smoothingwith Gaussiankernels
of increasingstandarddeviation. Theimagesizeis 168 - 234pixels.
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For the purposesof this work, scale-spacetheory o� ers well-motivatedways to identify
appropriatescalesfor imageanalysisateachlocationin animage,basedonthefollowing scale-
selectionprinciple:

“In theabsenceof otherevidence,assumethat a scalelevel, at which some(pos-
sibly non-linear)combinationof normalizedderivativesassumesa local maximum
over scales,canbe treatedasreflectinga characteristiclengthof a corresponding
structurein thedata.” [64]

Lindeberg [64] providessometheoreticaljustificationfor this principlederivedfrom theobser-
vation that if an imageis rescaledby a constantfactor, thenthescaleat which a combination
of normalizedderivatives assumesa maximumis multiplied by the samefactor. The choice
of a specificcombinationof normalizedderivatives– in thefollowing denoteda scalefunction
s( 	 ) – dependson thetypeof imagestructureof interest.Suchstructuresandtheir associated
scalescanthenbedetectedsimultaneouslyin animageby finding localmaximaof s in thescale
space.Thus,therearetypically multiple intrinsic scalesassociatedwith eachimagelocation.
Thenormalizationis donewith respectto theoperatorscale	 , andensuresthat thevaluesof
thescalefunctioncanbecomparedacrossscales.

Figure3.5.Exampleof ascalefunctions( 	 ). Thegraphshows thescalefunctioncomputedfor
13discretevaluesof 	 at thecenterpixel of theimage(121 - 121pixels).Eachlocalmaximum
definesan intrinsic scaleat this point. The two intrinsic scalesare illustratedby circles of
correspondingradii.

Example3.2(Intrinsic Scale) Figure3.5 illustratesthe computationof the intrinsic scales
at an imagelocation. The graphplots the valuesof s( 	 ) at this point, computedfor discrete
valuesof 	 at half-octave spacing.The local maximaof this graphdefinethe intrinsic scales,
which are illustratedby circlesof correspondingradii in the image. The strongermaximum
(s(5� 7) � 73� 6) capturesthesizeof thedark,solid region at thecenterof thesunflower, while
theweaker maximum(s(22� 6) � 7� 1) roughlycorrespondsto thesizeof theentireflower. The
maximumat theminimal valueof 	/� 1 is notconsideredascale-spacemaximumbecauseit is
notenclosedbetweenlower valuesof s.

To illustratehow s( 	 ) canbeusedto detectimagestructuresof interestat their intrinsic scale,
Figure3.6 shows the 200 strongestlocal maximaof the samescalefunction s( 	 ) computed
everywherein the image. To generatethis figure, the value of s( 	 ) was computedat each
pixel for eachvalueof 	 . Thecorrespondinglocal maximawithin theresultingscalespaceare
illustratedby circlesof thecorrespondingradius 	 at thecorrespondinglocationx. Thefigure
clearly illustratesthecorrespondenceof intrinsic scalewith thesizeof local imagestructures,
which is heredominatedby sunflowers. The scalefound for the large sunflower at the lower
right is smallerthanexpectedbecauseno larger scaleswereconsideredat this point to avoid
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artifactscausedby thethefilter kernelexceedingtheimageboundary. Thescalefunction s( 	 )
usedfor theseexamplesis definedby Equation3.9,discussednext.

Figure3.6. Illustrationof the200strongestscale-spacemaximaof sblob( 	 ). Theradiusof each
circle correspondsto thelocal scale	 . SeeExample3.2.

Thetypesof structuresof interestin this dissertationareblobs,corners,andedges.Blob is
a commonlyusedtermreferringto a roughlycircular (or ellipsoidal)imageregion of roughly
homogeneousintensity(or texture).A suitableisotropicscalefunctionis definedin termsof the
traceof theHessian:

sblob( 	 ) �0	 2 IG0
2

� IG�! 22
(3.9)

wherethescaleis givenby 	 which is thescale(standarddeviation) of thefiltersG0
2 andG��� 22 .

Thenormalizationfactor, 	 2, ensuresthatthescale-selectionprincipleholds[64], andtheabso-
lutevalueis takento removesensitivity to thesignof theHessian.Thisscalefunctionis rotation
invariantasaretheothertwo mentionedbelow. Figure3.6,describedin Example3.2,illustrates
theimagepropertydescribedby ablob.

A commonlyusedmeasurefor cornerdetectionis thecurvatureof level curvesin theinten-
sity datacombinedwith thegradientmagnitude.Lindeberg [64] recommendstheproductof the
level curve curvatureandthegradientmagnituderaisedto the third power, which leadsto the
scalefunction

scorner( 	 ) �0	 4 I2
G�! 21

IG0
2

�
2IG0

1
IG�! 21

IGx& y � I2
G0

1
IG�! 22

(3.10)

whereGx' y � 1 21 x1 yG. Again, thenormalizationfactor 	 4 ensuresthat thescale-selectionprin-
ciple holds,andthe absolutevalueremovessensitivity to the sign. Figure3.7 shows how the
scale-spacemaximadetectedby scornerclusterat corners,andalsooccurat high-contrastedges.
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Figure3.7. Illustrationof scale-spacemaximaof scorner( 	 ). Theleft imageshows thestrongest
15 scale-spacemaxima,andthe right imagethestrongest80. The radiusof eachcircle corre-
spondsto thelocal scale	 .

For intensityedges,ausefulscalefunctionis basedon thefirst spatialderivative [63]:

sedge( 	 ) � 	 I2
G0

1

� I2
G�, 21

(3.11)

Thenormalizationfactor 2 	 ensuresthescale-selectionprincipleasbefore.Thenormalization
factorsfor blobs and cornersas formulatedabove arechosensuchthat the recoveredscales
correspondto the size of the local imagestructure,and will thus typically be relatedto the
sizeof objectsdepictedin the image. In contrast,thenormalizationfactorfor edgesis chosen
to reflect the sharpnessof the edge. Sharpedgesattain their scale-spacemaximaat smaller
scalesthanblurry edges.For thepurposesof thisdissertation,thereasonfor thischoiceof scale
normalizationis that it ensuresperfectlocalizationof therecoverededgesat themaximain the
gradientmagnitudealongthegradientdirection.

As notedabove,blobandcornerfeaturesareidentifiedaslocalmaximaof thescalefunction
in thescalespace.To extractedgesin scalespace,gradient-parallelmaximaareextractedfrom
thescalespaceaccordingto thenotionof non-maximumsuppression[17]. This resultsin thin
andmostlycontiguousedges.Sincethedetailsof scale-spaceedgeextractionareunimportant
in thecontext of thiswork, theinterestedreaderis referredto theliterature[63].

3.4 Primiti veFeatures

Sections3.1 and3.2 discussedimportantpropertiesandvariouswaysto generateglobal and
local features.Sinceeigen-featureshave a numberof desirableproperties,it is worth consid-
ering how their primary drawback– their global spatialextent – canbe overcome. Colin de
VerdìereandCrowley investigatedthis questionanddevelopeda recognitionsystembasedon
local descriptorsderived by PCA [26]. Many of the most importanteigen-featuresgenerated
by their systemresembleorientedbandpassfilters. This is no accident:If naturalimagesare
decomposedinto linearly independent(but not necessarilyorthogonal)basisfunctions,usinga
sparsenessor minimum-description-length objective thatfavorsrepresentationswith many van-
ishingcoe� cients,thenbasisfunctionsemergethatresembleorientedbandpassfilters. Notably,
thesearestronglylocalized– evenwithoutanexplicit constraintor biastowardlocality [80, 91].
This resulthasbeenwell establishedin theliterature,andservesasanaturalexplanationfor the
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shapeof receptive fields in the mammalianearly visual pathway. The receptive fields of vi-
sualneuronsin the primary visual cortex have often beenmodeledby orientedderivativesof
Gaussianfunctions[132, 57].

In this dissertation,theseinsightsmotivate the choiceof Gaussian-derivative filters as a
fundamentalrepresentationof local appearance.Sinceprincipled and biologically plausible
featureextractionmechanismstendto result in featuresresemblingGaussianderivatives,they
areusedheredirectly, avoiding theaddede� ort of eigen-subspacedecomposition.Moreover,
Gaussiansandtheir derivativeshave a numberof usefulproperties;thosethatareimportantfor
thiswork wereintroducedin Section3.3.

Thefeaturespaceconsideredin thiswork is definedrecursively: A featurefrom thisspaceis
eitheraprimitivefeature,or acompoundfeature.Compoundfeaturesconsistof othercompound
featuresand� or primitivefeatures,andarediscussedin Section3.5.A primitivefeatureisdefined
by a vectorof responsesof Gaussian-derivative filters all computedat thesameimagelocation
x. Thefollowing sectionsdescribetwo typesof primitive features.

3.4.1 Edgels

Edgesarea fundamentalconceptin vision, deemedimportantby bothmachineandbiological
vision research.Edgesdescribeaspectsof shapein termsof intensityboundaries.Here,indi-
vidualedgeelements– so-callededgels– areconsideredin isolation,withoutattemptingto join
theminto contours.An edgelis definedby the2-vector

fedgel(x) � IG0
1
(x)

IG�! 21
(x)

wherethefiltersG arecomputedat the intrinsic scale	 x thatmaximizessedgel( 	 ) at theimage
locationx. An edgelencodestheorientationandmagnitudeof thelocal intensitygradientat the
intrinsic scale.Note that thegradientorientationis alwaysnumericallystableat a scale-space
maximum,becausethenumeratoranddenominatorin Equation3.5cannotbothbecloseto zero
atamaximumof thescalefunctionsedgel.

3.4.2 Texels

Edgelsareaweakdescriptorof thelocal intensitysurfacein thatthey aredefinedby merelytwo
parameters.It mayoftenbedesirableto have a moreexpressive local descriptorthatusesmore
parametersandcapturesmorestructurethanjust the local intensitygradient. Intuitively, this
structurecorrespondsto a local patternor texture, which motivatesthe term texel (for texture
element). A texel ftexel is definedby a vector containingthe steerablebasesof the first nd

Gaussianderivativesat ns scales.Oneof thesescalesis the intrinsic scale 	 that maximizes
sblob( 	 ) or scorner( 	 ) at animagelocation.

Besidesthechoiceof thescalefunction,anedgelis simply a texel with nd � ns � 1. The
motivation for usingtexelswith severalderivativesandscalesis that theadditionalparameters
representmoreinformationaboutlocal imagestructure(or texture), increasingthe specificity
of the feature[90]. This increasedspecificity may or may not be desirablein a given task.
Therefore,both edgelsandtexels areincludedin the featurespace,andit is up to the feature
learningalgorithms(Chapters4 and6) to useany or bothof theseprimitive featuretypes.

This work consistentlyusestexels composedof the first two derivatives at threescales,
yieldinga totalof (2 � 3) - 3 � 15filter responses.Themiddlescaleis theintrinsicscaleat that
imagelocation,andtheothertwo scalesarespacedhalf anoctavebelow andabove. Derivatives
of an ordergreaterthanabouttwo or threerarely respondsignificantlyin practicebecauseof
their narrow bandpasscharacteristics.Therefore,they contribute little to the specificity of a
feature.Thespecificitycanarbitrarily beincreasedby addingscales(within thelimits imposed
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by thepixel andimagesizes).However, addinglargerscalesreducesthelocality of thefeature.
Also,goodgeneralizationpropertiesareusuallyexpectedof afeature.Thischoiceof parameters
constitutesacompromisebetweenexpressive powerandlocality of thefilter in spaceandscale,
andhasbeenfoundusefulin otherapplications[93].

Theorientationof a texel is definedin termsof thetwo first-derivative responses.At what
scaleshouldtheseresponsesbemeasured?This is a di� cult questionbecausetheedgeenergy
at theintrinsic scaleasdeterminedaccordingto sblob andscornermaybevery low, renderingthe
texel orientationunreliable. This waspointedout by Chomatet al. [19], who recommended
that the orientationof blobs be definedusing the scalethat maximizessedge at this location.
However, this scalemay be very di� erentthanthe texel scale,resultingin an orientationthat
correspondsto an imagestructureother than that describedby the texel. In particular, this
canbea problemin thepresenceof non-rigidobjectsor substantialclutter in thescene.Most
of the imageryconsideredin this dissertationshows rigid objectsandno clutter. Chomatet
al.’sempiricalresultsandmy own informal experimentsconfirmedtheclearsuperiorityof their
method,which is thereforeappliedthroughoutthiswork.

3.4.3 SalientPoints

In principle,edgelandtexel featurescanbecomputedat any locationin animage.In practice,
it is oftenusefulto concentrateon salientimagelocations.For agivenscalefunctions( 	 ), any
localmaximumwithin thethree-dimensionalscalespacedefinesasalientpointandits intrinsic
scale	 atwhich thismaximumis attained(cf. Example3.2on page17).

In orderto identify scale-spacemaximafor edges,thescalespaceof sedge is first projected
onto the imageplaneby taking the maximumof sedge over the scales	 at eachpixel. The
resultingimagespecifiesthegradientmagnitude,orientation,andintrinsic scalefor eachpixel.
Then, gradient-parallelmaximaare extractedon this 2-D planein the conventional fashion,
resultingin well-localizedandmostlycontiguouscontoursegments.

(a) intrinsic scales (b) gradientoriens. (c) grad.magnitudes (d) extractededges

Figure 3.8.Extractingedgesfrom theprojectedscalespace.SeeExample3.3for explanation.

Example3.3(Extracting Edgesfrom the ProjectedScaleSpace) Figure 3.8a shows the
intrinsic scalecorrespondingto eachpixel location. At eachpixel, thegrayvalueencodesthe
scaleat which sedge is maximizedat that imagelocation. Bright shadescorrespondto large
scales.High-contrastregionsin theoriginal image(cf. Figure3.3a,page16)clearlycorrespond
to smallerscales. The blocky artifactsare boundarye3 ects; filters are not appliednearthe
imageboundarywherethe filter kernelexceedsthe image. Edges(Figure3.8d)areextracted
asgradient-parallelmaximafrom theimageshown in Figure3.8c,containingat eachpixel the
strongestedgeenergy acrossall scales,attainedat the scaleshown in Figure3.8a,using the
correspondinggradientsshown in Figure3.8b.

For texels, local maximaareidentifiedin eachof the two scalespacesgeneratedby sblob

and scorner. Theselocal maximaarethenprojectedonto the imageplane. On thoserelatively
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rareoccasionswheretwo local maximaprojectto thesameimagelocation,themaximumcor-
respondingto thelargerscaleis shiftedslightly. Thesetof salienttexel pointsis thengivenby
theunionof theprojectedmaximaof both scalespaces.As a result,eachsalientimagepoint
hasexactlyoneintrinsic scale(Figure3.9).

689edgels 130texels(54blobs,76 corners)

430edgels 77 texels(30blobs,47corners)

Figure 3.9. Salientedgelsand texels extractedfrom an example image. On the left, each
dark line segmentcorrespondsto an edgel(i.e., a scale-spacemaximumof sedge) locatedat
the midpoint of the line, with scale 	 identical to half the length of the line. On the right,
squaremarkerscorrespondto scale-spacemaximaof scorner, andcircularmarkersto scale-space
maximaof sblob. Collectively, thesearethesalienttexels.Theorientationsof theseareillustrated
by thecenterlinesof eachmarker. Theradiusof eachmarker is equalto thelocal scale	 . See
Example3.4for discussion.

Scalespacesarecomputedat half-octave spacing,i.e., 	 i 4 1 �5	 i 2 2. This choiceprovides
su� cient resolutionat moderatecomputationalcost[93]. Theminimum plausiblescaleis re-
latedto the pixel size,andthe maximumis limited by the sizeof the image. This work uses
scalesin therangebetweenonepixel andonequarterof thelesserimagedimension.

Example3.4(SalientEdgelsand Texels) Figure3.9 illustratesthesalientedgelsandtexels
extractedfrom anexampleimage.Theradiusof eachedgelandtexel markershown in thefigure
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is equalto thelocal scale	 . Circlesandsquarescorrespondto blobsandcorners,respectively.
Thebottomrow illustratesthedegreeof robustnessof thesalientpointswith respectto rotation
andscale.Theseimageswereobtainedby rotatingtheoriginal duck imageby 60 degreesand
scalingit by afactorof 0.7andsubsampling,but areshown enlargedto matchtheoriginalsizeto
facilitatevisualcomparison.Naturally, someamountof detail is lost throughthesubsampling,
whichaccountsfor thereducednumberof salientpoints.

Mostedgelsarelocatedathigh-contrastimagelocationsandareextractedataverysmallscale.
In addition,someedgelswereextractedatmuchlargerscales,capturinglarge-scaleimagestruc-
turesasopposedto pixel-level localizedgradients.Likewise,texelsclusteraroundhigh-contrast
imageregions. While edgelscalesreflectthesmoothnessof the local edge,texel scalescorre-
spondto thesizeof theimagestructure.Note,for example,thelargecornerbehindtheneck,or
thesmallblobat thetip of thetail. All of thesearelocatedat localmaximain thescalefunction;
therewasno thresholdon the prominenceof theselocal maxima. Many of the weaker max-
ima tendto occurin clustersalongintensityedges,especiallyat smallerscales.As the figure
illustrates,suchtexelsarelessrobust to imagetransformationsthantexelsat morepronounced
locations,e.g.theblob centeredat theeye, the large cornerbehindtheneck,thesmallblob at
thetip of thetail, or theblobat thechestunderneaththechin.

Figure3.10 illustratesthe extent to which texels arestableacrossviewpoint changes.Again,
thosetexels that correspondto pronouncedlocationstend to be more stable. Texels located
at accidentalmaximaalongintensityedgesarereliably present,but their precisenumberand
locationvariesacrossviewpoints.

Figure 3.10. Stability of texels acrossviewpoints. Adjacentviewpointsdi� er by 10 degrees.
SeeExample3.4for discussion.
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3.4.4 FeatureResponsesand the Valueof a Feature

As introducedin Sections3.4.1and3.4.2,a specificinstancef (p) of a primitive featureis de-
fined by the numericalvaluescomprisingthe featureresponsevector, typically generatedby
computingtheapplicablefilter responsesat a locationp in someimage.To find occurrencesof
f (p) in an imageI , the responsestrengthor value ff (p)(x) of f (p) is measuredat eachpoint x
in I . To measurethefeaturevalueat a locationx, the featureresponsevectorf (x) is computed
at x, usingthelocal intrinsic scale	 x. Thefeaturevalueis thengivenby thenormalizedinner
productof theobservedresponsef (x) with thereferenceresponsef (p):

ff (p)(x) � max 0 f (p)T f (x)6
f (p)

676
f (x)

6 (3.12)

Negative valuesareconsideredasweakasorthogonalresponsevectors,andarethereforecut
o� at zero. Hence,0 8 ff 8 1. Thenormalizedinnerproductis pleasingin that it returnsthe
cosineof theanglebetweenthevectorsin questionwhich, for edgels,is identicalto thecosine
of theanglebetweentheedgelsin theimageplane: ff (p)(x) � max9 0 cos(

�
p
�:�

x) ; . Moreover,
thefeaturevalueis invariantto linearchangesin imageintensity.

If thefeaturevalueis to becomputedregardlessof theorientationof a featurein theimage
plane,themeasuredfeatureresponsevectorf (x) is first steeredto matchtheorientationof the
patternvector f (p) beforeEquation3.12 is applied. This is doneusinga function f̃ (x  p) that
appliesthesteeringequation(3.8,page15) to all componentsof f (x), using

� � � p �<� x. Thus,
Equation3.12becomes

f̃f (p)(x) � max 0 f (p)T f̃ (x  p)6
f (p)

6
f̃ (x  p)

(3.13)

for rotationallyinvariantfeaturevaluecomputation.Notethatthis rotationally-invariantmatch-
ing implies that ff is alwaysequalto oneif f is an edgel. Hence,individual edgelscarry no
information. Rotation-invariantedgelsareonly usefulaspartof a compoundfeature,asintro-
ducedin thefollowing section.

(a) f (p) (b) f (x= ) (c) f (x=t )

Figure 3.11. Matchinga texel (a) acrossrotationandscale,without (b) andwith (c) rotational
normalization.SeeExample3.5for explanation.

Example3.5(Localizing a Feature) Figure3.11ashows oneof thesalienttexels extracted
from the familiar duck image(cf. Figure3.9). Figures3.11band3.11cshow thesamerotated
andscaledversionasusedin Figure3.9. Let p � [71 49]T , which is the locationof the texel
shown in Figure3.11a.Then,f (p) is thefeatureresponsevectordefiningthis texel feature.We
now wantto find thisfeaturein therotatedandscaledimage.To dothiswithoutregardto feature
orientation,thelocationx= thatmaximizesff (p)(x) is identifiedusingEquation3.12.Thesalient
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point x= thatmaximizesEquation3.12is that shown in Figure3.11b. Here, ff (p)(x= ) � 0� 956.
It is no accidentthat this texel hasthe sameorientationas the patternfeaturef (p) shown in
Figure3.11a,but the two locationsdo not correspond(even thoughthey arespatiallycloseto
oneanotherin this example). The true correspondingfeatureis shown in Figure3.11c;let us
call this locationx=t . Disregardingthedi� erencein orientation,ff (p)(x=t ) � 0� 578 > ff (p)(x= ). If
ateachlocationx thefeatureresponsevectorf (x) is first steeredto matchtheorientationof f (p)
usingEquation3.13,thenthecorrectlocationis foundwith f̃f (p)(x=t ) � 0� 996(Figure3.11c).In
contrast,thevalueat x= increasesonly marginally from ff (p)(x= ) � 0� 956to f̃f (p)(x= ) � 0� 960,
remainingbelow thevalueat thecorrectlocationx=t .

In all partsof this work, featurevaluesarecomputedwith rotationalnormalizationusing
Equation3.13.Fromnow on,thetilde will beomittedfor simplicity, andthenotation ff will be
usedwith theunderstandingthatfeatureresponsevectorsarealwayssteeredtoachieverotational
invariance.

A featuref (p) is presentin animageI to thedegree

ff (p)(I ) � max
x? I

ff (p)(x) � (3.14)

This computationis quite expensive, asit involvesthe measurementof the intrinsic scaleand
the computationof f (x) and ff (p)(x) at eachlocationin the image. A large proportionof this
computationis going to be wastedbecausemost imageregions will not containfeaturesof
practicalrelevance.Therefore,theassumptionis madethatall featuresof practicalrelevanceare
locatedat salientpoints.To identify thesalientpointsit is still necessaryto evaluates( 	 ) over
theentirerangeof scales	 everywherein the image,which constitutesa highly parallelizable
operation.Moreover, if theapplicationprovidesafixedsetof trainingimages,thiscomputation
canbeperformedo� -line. In practice,this leadsto a greatreductionin computationtime and
space,as the maximumin Equation3.14 is only taken over the salientpointsratherthan the
entireimage.

3.5 CompoundFeatures

A coreobjectiveof thiswork is to demonstratethatfeaturescanbelearnedthatarehighly mean-
ingful individually. The limited descriptive power of individual primitive featuresis overcome
by composingtwo or moreprimitive featuresinto compoundfeatures.Sincecompoundfea-
turescontainmoreparametersandcover a larger imageareathando primitive features,they
provide a potentially morespecificand robust descriptionof relevant aspectsof appearance.
What it meansfor a featureto be relevant, andhow relevant featuresaresought,dependson
thegiventask.Chapters4 and6 presenttwo illustrative examples.This sectiondescribesthree
complementarywaysin whichprimitive featurescanbecomposedinto compoundfeatures.

Thereis evidencethat themammalianvisualcortex alsocomposessimpleandgenericfea-
tureshierarchicallyinto morecomplex andspecificfeatures.The primary visual cortex con-
tainsretinotopicarraysof local andorientedreceptive fields [45] which have beenmodeledas
Gaussian-derivative functions[132, 57]. Many neuronsfoundin higher-ordervisualcorticesare
tunedto morecomplex stimuli. RiesenhuberandPoggio[96] proposeda hierarchicalmodelof
recognitionin thevisual cortex, usingspatialcombinationsof view-tunedunits not unlike the
compoundfeaturesintroducedbelow.

3.5.1 GeometricComposition

Thestructureof ageometriccompoundof nf @ 2 primitivefeaturesf0  f1  �����  fnf � 1 (Figure3.12)
is definedby theattitudesA i of eachsubfeature,andtheanglesB � i , distancesdi , andscaleratiosBC	 i betweenthe constituentsubfeaturesf i . Thedistancesdi aregiven relative to the intrinsic
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scale	 i � 1 at point i
�

1. Eachprimitive featureis eitheranedgelor a texel. A specificinstance
fgeomof ageometricfeaturewith agivenstructureis definedby theconcatenationof thevectors
comprisingtheprimitive subfeatures.Its orientationis denotedby

�
, which is theorientationof

thereferencepoint.

DCDECE
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referencepoint f0

J
K
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d1
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d2

f2
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Figure 3.12.A geometriccompoundfeatureconsistingof threeprimitive features.

The locationof a featureis definedby the locationof the referencepoint. To extract the
filter responsevectordefininga geometricfeaturef (x) at locationx, thefollowing procedureis
used:

Algorithm 3.6(Extraction of a Geometric-CompoundFeature ResponseVector)

1. The responsevector f0(x) is computedat x. This definestheorientation
�

x andintrinsic
scale	 x of f (x). Initially, let i � 1:

2. If i � nf , thenstop.

3. The locationxi , orientation
�

i , andscalesi of thenext constituentsubfeaturef i arecom-
puted:

xi � xi � 1
� 	 i � 1di

cos(
�

i � 1
� A i)

sin(
�

i � 1
� A i)�

i � �
i � 1
� B � i	 i � 	 i � 1 BL	 i

4. The featureresponsevectorf i(xi) is computedat scale	 i, andis rotatedto orientation
�

i

usingthesteeringequation3.8(page15)with angularargument
� �MB � i . Incrementi, and

continueatstep2.

Thefilter responsevectoris givenby theconcatenationof theindividual responsevectorsof the
constituentprimitive featuresf (xi), i � 0 1 �����  nf

�
1.

The value ffgeom(I ) of a geometriccompoundfeaturefgeom in an image I is computedin the
samewayasfor aprimitive feature(Equations3.13and3.14),usingtheconcatenatedresponse
vectors.This involvesrunningAlgorithm 3.6 at eachof thensal applicablesalientimageloca-
tions. Theseareeitherall salientedgelsor all salienttexels,dependingon thetypeof thefirst
subfeaturef0 of fgeom. It is easilyseenthatthetime requiredto computeffgeom is proportionalto
nsalnf .

3.5.2 BooleanComposition

A Booleancompoundfeatureconsistsof exactly two subfeatures,eachof whichcanbeaprim-
itive or a compoundfeature. The relative locationsof the subfeaturesareunimportant. Two
typesof Booleanfeatureshave beendefined:
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� Thevalueof aconjunctivefeatureis givenby theproductof thevaluesof thetwo subfea-
tures.� The value of a disjunctivefeatureis given by the maximumof the valuesof the two
subfeatures.

For conjunctive features,the productis usedinsteadof the minimum becauseit is naturalto
assigna highervalueto a featureif the larger of the two componentvaluesis increasedeven
further. For example,thevalue ff of a conjunctive featurewith subfeaturevalues ff1 � 0� 6 and
ff2 � 0� 9 shouldbelargerthanfor a featurewith subfeaturevaluesff1 � 0� 6 and ff2 � 0� 7.

Featurevaluesof Booleancompoundfeaturesaremeasuredrecursively by first measuring
thevaluesof eachof thetwo subfeaturesindividually, andthencombiningtheirvaluesusingthe
productor themaximum,respectively. Hence,thetimerequiredto computethevalue ffbool(I ) of
a Booleancompoundfeaturefbool in animageI is proportionalto nsal' 0t0(I ) � nsal' 1t1(I ), where
nsal' i denotesthenumberof salientimagepointsapplicableto subfeaturef i , andti(I ) denotesthe
timerequiredto computethevalue ff i (I ) of subfeaturef i in theimage.Notethateachsubfeature
of a Booleancompoundfeaturecanbeany typeof feature,includingprimitives,or geometric,
conjunctive or disjunctive compounds.

3.6 Discussion

Section3.2formulateda list of objectives(page12)to bemetby thefeaturedesign.All of these
areaddressedby thecompositionalfeaturespace:

1. Featuresarecomputedon intensityimages.

2. Thefeaturespacewasdesignedwithoutaspecifictaskin mind. Featurescanbecomposed
to arbitrarystructuralcomplexity to increasetheir specificity.

3. Therefore,it seemsjustifiedto hopethatpowerful individual featuresarecontainedin this
featurespace.Theextent to which this goalwasachieved will bediscussedin Chapters
4–6.

4. Edgelsandtexels arecomplementaryandcaptureimportantaspectsof imagestructure.
GeometricandBooleancompositionsarealsocomplementaryandhave intuitive seman-
tics. Subsequentchapterswill illustratepossibilitiesandlimitationsof this featurespace
for practicaltasks.

5. Featureorientationsareeasilycomputedandcompensatedfor usingthesteerabilityprop-
ertyof thefiltersemployed.

6. The featuresarecomputedat the intrinsic scaleobserved in the images.Therefore,they
areusefulfor scale-invariantimageanalysis.

7. Thefeaturesarelocal, sincethefilters employedhave local support.Thelocality of geo-
metric featurescanbecontrolledby placingconstraintson thedistancesbetweenprimi-
tivesandthenumberof primitivesallowed.

8. Featuresreturna scalarvalue,which makesthemapplicablein generalclassificationand
regressionframeworks. Theorientationattributeof a featurecanalsobeusedfor regres-
sion,aswill beseenin Chapter6.

9. Thebiological relevanceof this featurespacewasbriefly discussedin the introductions
to Sections3.4and3.5.
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A critical propertyof this compositionalfeaturespaceis that it is partially ordered by the
structuralcomplexity of a feature,accordingto the numberof primitivescontainedin a com-
pound.Also, thethreecompositionalrulesareorderedby theirexpressive power. A disjunctive
compoundcanberegardedasmorecomplex thanaconjunctive compoundin thatit canexpress
a strictly largerclassof concepts.For example,a hierarchyof disjunctionsof su� ciently com-
plex geometricfeaturescanmemorizealmostany arbitrarysetof images.Conjunctive features
aremoreexpressive thangeometricfeaturesbecausethe former canbe composedout of the
latter, but not viceversa.

This orderly structurewill play an importantrole in the following chapters,wherealgo-
rithmsaredescribedfor learningfeaturesfrom this space.Thesealgorithmscreatefeaturesin
a simple-to-complex manner, in thesensethat featurescontainingfew primitivesarepreferred
over featureswith many primitives,andgeometriccompositionis preferredover conjunctive
composition,which in turn is preferredover disjunctive composition.Theunderlyingassump-
tion is that simplerfeaturesgenerallyprovide for bettergeneralization,or in otherwords,that
the“real” structureunderlyinga tasktendsto beexpressibleby simplefeatures.

In summary, all designgoals laid out in Section3.2 are addressedby the featurespace
definedin thischapter. It is uniquein its hierarchicalandparametricorganizationthatfacilitates
simple-to-complex searchfor highly distinctive, local featuresin an infinite space.Becauseof
thesekey propertiesit is well suitedfor opentasks,asarguedin Chapters1 and2. Thefollowing
chapterswill demonstratehow importantvisualskills canbelearnedon thebasisof this feature
space.
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CHAPTER 4

LEARNING DISTINCTIVE FEATURES

This chapterintroducesthe first of two featurelearningapplicationsthat build on the feature
spaceintroducedin Chapter3. Thetaskis to learnto distinguishvisualcontexts by discovering
few but highly distinctive features.Thescenarioaddressedin this chapteris substantiallyless
constrainedthanin mostconventionalapproachesto visual recognition. The learningsystem
doesnot assumea closedworld. Learningis incremental,andnew targetobjectclassescanbe
addedat any time. An imagepresentedto thesystemmayshow any numberof targetobjects,
includingnone.No explicit assumptionsaremadeaboutthepresenceor absenceof occlusions
or clutter, andno objectsegmentationis performed.Consequently, this chapterdoesnot setout
to improve on therecognitionratesachieved by today’s morespecializedrecognitionsystems.
Rather, the goal is to demonstratethat a highly uncommittedsystem,startingfrom a nearly
blankslate,canlearnusefulrecognitionskills.

4.1 RelatedWork

The generalproblemof visual recognitionis too broadandunderconstrainedto be addressed
comprehensively by today’sartificial systems.Therefore,thefollowing threesubproblemshave
beenidentifiedin the literaturethat aremoreeasilyaddressedseparatelyby specializedsolu-
tions:

SpecificObject Recognition. In a typical scenario,a testimagedepictsexactly onetargetob-
ject (with or withoutocclusionand� or clutter).Thetaskis to recognizethatobjectasone
of severalspecificobjects[46, 73, 104, 71], e.g.aparticulartoy or aparticularlandmark.
The appearanceor shapeof the objectsin the databasearepreciselyknown. Naturally,
mostwork concentrateson rigid objects,with thenotableexceptionof facerecognition.

Generic Object Classification. The scenariois the sameas in SpecificObject Recognition,
but herethetaskis to label thetargetobjectasbelongingto oneof severalknown object
categoriesor classes[133, 111]. Theindividualobjectswithin aclassmayvary in appear-
ance.A class(“car”, “chair”) canbedefinedin variousways,e.g.by objectprototypes,
by abstractdescriptions,or by modelscontainingenoughdetail to discriminatebetween
classes,but notenoughto distinguishbetweenobjectswithin aclass.

Object Detection. Testimagescontainvariousitemsandtypically show natural(indooror out-
door)scenes.Thetaskis to localizeregionsof theimagethatdepictinstancesof a target
objector classof objects,e.g.facesor people[81, 7,6]. Objectdetectionis closelyrelated
to fundamentalproblemsin imageretrieval [92].

The requirementsanddi� cultiesdi� er betweenthesesubproblems.Therefore,many existing
recognitionsystemsaredesignedto solve only oneof them. Moreover, somepracticalrecog-
nition problemsfurther specializethesecategories. For example,facerecognition[125] is a
distinct subcategory of specificobject recognitionthat mustcopewith grossnon-rigid trans-
formationsthat arehard to modelmathematically. Optical characterrecognitionis a distinct
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subcategory of genericobjectrecognition[8], etc. Otherpracticalrecognitionproblemsareof-
tenaddressedin relatedways.For example,Wengetal. [131] treatindoorlandmarkrecognition
asa simplifiedobjectrecognitionproblemwithout generalizationacrosssizeor pose.Riseman
et al. [100] representoutdoorlandmarksby line modelsandrecognizethemby many-to-many
modelmatchingin two andthreedimensions.Very few promisingattemptshave beenmadeto
developsystemsthatareapplicableto morethanoneof thesesubproblems.Amongthese,most
systemsemploy featuresthatexplicitly allow certainimagevariations[128, 5, 77, 78].

For visualrecognition,two majorclassesof techniquescanbeidentified:

Model-based methodsemploy geometricmodelsof thetargetobjectsfor featureextractionor
alignment[46, 100].

Appearance-basedor model-freemethodsextractfeaturesdirectlyfrom exampleimageswith-
out explicitly modelingshapepropertiesof the target objects.Varioustypesof features
havebeenemployed,e.g.principalcomponentscomputedfrom theimagespace[73, 125],
local imagestatistics[116, 104, 71], locally computedtemplates[128], or primitive local
shapedescriptorssuchasorientededgesor corners[104, 71].

Hybrid techniqueshave alsobeenproposedin which appearance-basedmethodsserved asin-
dexing mechanismsto reducethenumberof candidateobjectmodels[55]. In fact, it appears
thatthis washistoricallytheprimarymotivationfor appearance-basedmethods.Only laterwas
their full potentialdiscovered,andsystemsbeganto emerge that omittedthe model-matching
phaseandreliedon appearance-basedmethodsalone.

Most appearance-basedvisual recognitionsystemsexpressrecognitionasa patternclassi-
fication problem,andmany employ standardpatternrecognitionalgorithms[128, 71, 8, 81].
Also very commonin computervision, customclassifiersaredesignedfor specificrecognition
paradigms.For example,Swain andBallard [116] andSchieleandCrowley [104] proposed
methodsfor comparinghistograms.Turk andPentland[125] andMuraseandNayar[73] find
nearestneighborsin eigen-subspaces.FisherandMacKirdy [32] usea perceptronto learnthe
weightsfor aweightedmultivariatecross-correlationprocedure.

A largevarietyof featureshavebeenproposed(seealsoSection3.1).Thosethatrelateto this
work fall into two broadcategories:eigen-subspacemethodsthatoperatein imagespace[125,
48, 73,131, 119], andlocally computedimageproperties[128, 116, 104, 71, 5, 32, 66]. Eigen-
subspacemethodsarewell suitedfor learninghighly descriptive [125, 73, 119] or discriminative
features[131, 119]. Locally computedfeaturesaretypically defineda priori [116, 104, 71], or
they arederivedto bedescriptive of specificobjectclasses[128, 32, 6, 33, 66]. Few approaches
exist thatattemptto derive discriminative local features[81, 8, 5].

4.2 Objective

Objectrecognitionhasreacheda remarkablematurity in recentyears.Theproblemof finding
andrecognizingspecificobjectsundercontrolledconditionscanalmostbeconsideredsolved,
evenin thepresenceof significantclutterandocclusion.Genericobjectrecognitionis consider-
ably harderbecausethewithin-classvariability in objectappearancecanbearbitrarily large. If
thewithin-classvariability is largein comparisonto thebetween-classvariability, it canbevery
di� cult to find featuresetsthatcleanlyseparatetheobjectclassesin featurespace.This prob-
lem hasnot yet received muchsystematicattention. Essentiallyall currentobjectrecognition
anddetectionsystemsoperateon theassumptionthat thewithin-classappearancevariability is
small comparedto thebetween-classvariability, i.e., objectswithin a classappearmoresimi-
lar (to a humanobserver) thanobjectsfrom distinctclasses.Consequently, researcherschoose
featuresetsthatreflectour intuitive notionof visualsimilarity.

In practicaltasks,thisassumptiondoesnotalwayshold. I believe thatthisconstitutesoneof
thekey di� cultiesin genericobjectrecognition:In practice,meaningfulobjectclassesareoften
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definednot by their appearance,but by someothersimilarity metric,e.g.functionalproperties.
A classicalexampleis thatof chairs:A chairis somethingthata� ordssitting. In agivencontext,
anything thathasthis functionalpropertyis a chair. However, chairscanlook quitedissimilar.
It is very hardto specifyagenericappearancemodelof achairfor objectrecognitionpurposes.

In contrast,I arguethathumansrecognizechairsonthebasisof theirexperiencethatobjects
thata� ord sitting tendto exhibit certainvisualproperties,e.g.a roughly horizontalsurfaceof
appropriatesizeandheight. It is our experiencethat createdtheassociationbetweenfunction
andspecificaspectsof appearance.Noneof thework citedabove– arguablywith theexception
of Papageorgiou andPoggio’s wavelet-basedtrainableobjectdetectionsystem[81] – considers
objectclassesthatarisefrom anapplicationcontext otherthansubjective similarity of appear-
ance.

A corollaryof thenecessityof learningobjectmodelsfrom experienceis thatlearningmust
be incremental.Someof the recognitionalgorithmsmentionedabove canbe alteredto learn
incrementally[130, 81], but noneof theseauthorsnotedincrementallearningas a desirable
propertyof machinevisionsystems.

I perceive thedistinctionbetweenspecificandgenericobjectrecognitionanddetectionas
ratherartificial. It is the necessityto defineproblemsclearly andto designtestableandcom-
parablealgorithmsthathasproducedthis taxonomyof approaches,ratherthanwell-established
principlesof vision. Thesamebasicmechanismshouldproduceandrefinefeaturesat various
levelsof distinction,asdemandedby a task.Featuresshouldexpressjust thelevel of specificity
or generalityrequiredalonga continuumbetweenspecificandgenericrecognition[122, 121].
Likewise,it is hardto think of visualsearchor objectdetectionwithoutdoingsomerecognition
of thedetectedobjectsat thesametime. Ultimately, we needa uniform framework for visual
learningthataddressesthesesubtasksin acoherentfashion.

Building onthefeaturespaceintroducedin Chapter3, thischapterpresentsaframework for
incrementallearningof featuresfor visualdiscrimination.Thetaskscenariois not restrictedto
specificobjects,landmarks,etc.A designgoalis to beableto learnawidevarietyof perceivable
distinctionsbetweenvisualcontexts thatmaybeimportantin agiventask.A visualcontext may
correspondto an individual object,a category of objects,or any othervisually distinguishable
entity or category. In agreementwith patternrecognitionterminology, thesedistinctentitiesor
categorieswill be referredto asclasses. The following propertiesdistinguishthis framework
from mostconventionalrecognitionschemes(seealsoTable1.1on page2):� At theoutset,thenumberandnatureof theclassesto bedistinguishedareunknown to the

learner.� Learningis performedincrementallyon a streamof training images. No fixed set of
trainingdatais assumed.Only a smallnumberof trainingimagesneedto beaccessedat
any onetime.� Thereis no distinctionbetweentraining andtestphases.Learningtakesplaceon-line,
duringexecutionof aninteractive task.� Therecanbeany numberof targetobjectsin a scene,not just one. Prior to recognition,
thisnumberis unknown to thesystem.� In principle,thereis nodistinctionbetweenspecificrecognition,genericrecognition,and
detection.Theunifiedframework encompasseseachof thesetypesof problems.� Prior to learning,thealgorithmsandrepresentationsarelargely uncommittedto any par-
ticular task.Theobjective is to learndistinctivelocal features.

Definition 4.1(Distinctive Feature) A featureis distinctiveif it hasboth of the following
properties:
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� It is characteristicof a particularclassor collectionof classes.Theseclassesarecalled
thecharacterizedclasses.Objectsof acharacterizedclassarelikely to exhibit this feature.� It is discriminativewith respectto anotherclassor disjoint collectionof classes.Objects
of suchadiscriminatedclassareunlikely to exhibit this feature.

Taken together, thesepropertiesallow oneto arguethat if a given distinctive featureis found
in a scene,an instanceof thecharacterizedclass(es)is likely to be presentin the scene.This
reasoningformsthebasisfor thefeaturelearningalgorithmpresentedin Section4.4. Thegoal
is to show thatusefulrecognitionperformancecanbeachievedby anuncommittedsystemthat
learnsdistinctive features. To reinforcethis point, the systemstartsout with a blank slate,
without any task-specifictuning,andlearnsasmallnumberof featuresto solve a task.

It is worthpointingout that,strictly speaking,neitherof thesetwo characteristicsis biologi-
cally correct:Firstly, thehumanvisualsystemindeedshowsverylittle hard-wiredspecialization
anddraws muchof its power from its versatilityandadaptability. However, it is alsotrue that
infantvisuallearningis guidedby highly structureddevelopmentalprocesses.Secondly, weare
capableof learningindividual,distinctivehigh-level features,e.g.correspondingto objectparts.
On theotherhand,therobustnessof ourvisualcapabilitiesis largely dueto theredundancy of a
largenumberof low-level featuressuchasline segments,cornersandotherdescriptorsof local
imagestructurerepresentedby neuronsalongthe visual pathway betweenthe primary visual
cortex andtheinferotemporalcortex.

4.3 Background

Theframework for incrementallearningof discriminative features,introducedin thefollowing
section,builds on two importantexisting concepts– Bayesiannetworks andtheKolmogorov-
Smirno� distance– thatarebebriefly describedhere.

4.3.1 ClassificationUsingBayesianNetworks

In the context of this work, classificationrefers to the processof assigninga classlabel to
an instancedescribedby a feature vector. The elementsof a featurevectormay be scalaror
categoricalvalues,whereasaclasslabelis alwayscategorical.An abstractdevice thatperforms
classificationis calledaclassifier. Here,aclassifieris trainedinductively, i.e.,by generalization
from training examples. Therearemany well-establishedframeworks for classification,e.g.
decisiontrees,neuralnetworks,nearest-neighbormethods,andsupportvectormachines.

Bayesiannetworks constitutea rathergeneralgraphicalframework for representingand
reasoningunderuncertainty. A Bayesiannetwork encodesa joint probabilitydistribution. Each
noderepresentsarandomvariable,hereassumedto bediscrete.Thenetwork structurespecifies
a setof conditionalindependencestatements:Thevariablerepresentedby a nodeis condition-
ally independentof its non-descendantsin the graph,given the valuesof the variablesrepre-
sentedby its parentnodes.In moreintuitive terms,anarcindicatesdirectprobabilisticinfluence
of one variableon another. EachnodeX hasan associatedtable specifyingthe conditional
probabilitiesof the valueof X given the valuesof its parents.In otherwords,the conditional
probability tableof X containsthevaluesof P(X � x

�
A � a B � b ����� ), whereA B ����� are

theparentsof X in thegraph,andx a b ����� eachdenoteaparticularvalue– commonlycalleda
state– of thecorrespondingrandomvariable.

Bayesiannetworkspermitthecomputationof many interestingpiecesof information.Most
importantly, onecaninfer the probabilisticvalueof somevariables,given the valuesof some
othervariables.This involvesthefollowing two essentialsteps:
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Instantiation of evidence: Thevaluesof somevariablesaresetto theirobservedvalues.These
valuesmaythemselvesbe(unconditional)probabilitydistributionsover thepossibleval-
uesof thesevariables.

Propagationof evidence: Using theconditionalprobability tables,theposteriorprobabilities
of neighboringnodesareiteratively computed,generallyuntil somenodesof interest–
targetvariables– arereached.Thesenodesnow containtheposteriorprobabilitiesof their
valuesgivenall evidenceenteredinto thenet,alsocalledbeliefs: BEL(X � x) � P(X �
x
�

A � a B � b ����� ) whereA B ����� includeall nodesin the net that containevidence
[83]. If evidenceis propagatedexhaustively throughouttheentirenetwork, thenetis said
to bein equilibrium.

Mathematicalmethodsexist thatallow thesetwo stepsto befreely intermixed. In general,exact
inferenceis NP-hard. In practicehowever, dueto the sparsenessof mostpracticalnetworks,
inferenceis performedvery quickly for up to a few tensor hundredsof nodes.

Oftenit is usefulto know theinfluenceof onevariableonanother. Theinfluenceof variable
X on variableY is convenientlydefinedby themutualinformation[112] betweenX andY, that
is, thepotentialof knowing X to reduceuncertaintyregardingthevalueof Y:

I (Y X) � H(Y)
�

H(Y
�
X) (4.1)

where1 theuncertaintyin Y is givenby theentropy function

H(Y) � �
y

P(y) log P(y)

and

H(Y
�
X) �

x

H(Y
�
x) P(x)

� �
x y

P(y
�
x) P(x) log P(y

�
x)

� �
x y

P(y x) log P(y
�
x)

is theexpectedresidualuncertaintygiven that thevalueof X is known. Expandingthecondi-
tional probabilitiesandusingbelief notation,Equation4.1becomes

I (Y X) � �
x y

BEL(y x) log
BEL(y x)

BEL(y) BEL(x)
� (4.2)

To computeI (Y X), note that BEL(y x) � BEL(x
�

y) BEL(x). One can computeBEL(x
�

y) by temporarilysettingY to value y, propagatingbeliefs throughthe network to establish
equilibrium, andusing the resultingposteriorprobabilitiesat nodeX as the BEL(x

�
y) [83,

98]. TheunconditionalbeliefsBEL(y) andBEL(x) areavailableat therespective nodesprior to
applicationof thisprocedure.

The theoryof Bayesiannetworks hasbeenbestdevelopedfor discreterandomvariables.
With somerestrictions,inferenceis also possiblewith so-calledconditionalGaussiandistri-
butions[60], andthe theoryis constantlybeingadvanced.For moreinformationon Bayesian
networks,excellenttexts areavailable[83, 51].

A naiveBayesianclassifieris easilyrepresentedusingaBayesiannetwork. It hasthetopol-
ogy of a star, with a noderepresentingtheclassrandomvariablein thecenter, andarcsgoing
out to eachfeaturevariable.Intuitively, eacharcspecifiesthatthepresenceof a classgivesrise
to thefeaturepointedto by thearc.A generalBayesianclassifiermodelsdependenciesbetween
featuresby insertingarcsbetweenthem,whereapplicable.

1ThenotationI , conventionallyusedto denotemutualinformation,is not to beconfusedwith theuseof I for an
imageintensityfunction introducedin Section3.3.1. In thefollowing, thecontext will alwaysindicatethereferent
of I .
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4.3.2 Kolmogorov-SmirnoN Distance

Let X be a continuousrandomvariable,andlet p(x
�
a) and p(x

�
b) describethe conditional

probabilitydensitiesof X undertwo conditionsa andb. Supposeoneis asked to partition the
domainof X into two bins usinga singlecutpoint O suchthat mostvaluesof X that fall into
onebin aregeneratedunderconditiona, andmostvaluesin theotherbin underconditionb. A
Bayes-optimalvalueof O is onethatminimizestheprobabilityof any given instancex ending
up in thewrongbin.

conditionb

conditiona

0

KSDa' b(X)

cu
m

ul
at
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ty 1

domainof X P
Figure4.1. Definitionof theKolmogorov-Smirno� distance.

Let cdf(x
�
a) andcdf(x

�
b) denotethecumulative conditionaldensitiescorrespondingto

p(x
�
a) and p(x

�
b), respectively. The Kolmogorov-SmirnoQ distanceor KSD for variableX

underconditionsa andb is definedas

KSDa' b(X) � maxR cdf( O � a)
�

cdf( O � b) (4.3)

(seeFigure4.1). A valueof O maximizingthisexpressionconstitutesa Bayes-optimalcutpoint
in theabove sense,if theprior probabilitiesof a given instancex having beengeneratedunder
conditionsa andb areequal.

In practice,thecumulativedistributionsareoftennotavailablein analyticform. Fortunately,
it is easyto estimatethesefrom sampleddata.Givena particularcutpoint O , simply countthe
datasamplesthat fall into eachbin, andnormalizethecountsto convert theminto cumulative
probabilities[126]. To find anoptimal O , thisprocedureis performedfor all candidatecutpoints
thatincludeall midpointsbetweenadjacentvaluesin thesortedsequenceof theavailabledata.

4.4 FeatureLearning

Figure4.2 is intendedto serve asa roadmapto thealgorithmsdefinedin thepresentchapter.
It shows an instantiationof the genericmodelof incrementallearning(Figure2.1 on page8)
appliedto learningdistinctive features.This is the taskscenariounderlyingthis chapter:At
the outset,the agentdoesnot know anything aboutthe typesof distinctionsandclassesto be
learned,andit hasno featuresavailable.As it performsits task,it acquiresoneimageata time,
andattemptsto recognizeits contentsasfar asthey arerelevant to the task. If the recognition
succeeds,theagentsimplycontinuesto performits task.If not,it attemptsto learnanew feature
thatsolvestherecognitionproblem.

In thebasicform introducedbelow, thefeaturelearningalgorithmrequirestwo key proper-
tiesof thetaskenvironment:

1. Theagentmustbeableto compareits recognitionresultwith thecorrectanswer(i.e., the
learningalgorithmis supervised).
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Algorithm 4.4
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correct?
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Algorithm 4.8,

using Algorithm 4.10

Algorithm 4.7

Figure4.2. A modelof incrementaldiscriminationlearning(cf. Figure2.1,page8).

2. Theagentmustbeableto acquirerandomexampleimagesof scenescontaininginstances
of specificclasses.Thispermitsstatisticalevaluationof candidatefeatures.

Thesecondrequirementis not a critical limitation in many realisticinteractive scenarios.For
example,an infantcanpick up a known objectandview it from variousviewpoints;or a child
receivesvariousexamplesof lettersof thealphabetfrom a teacher. A robotmayaim its camera
atknown locations,or maypick up aknown objectfrom aknown location.

Thesubsequentsectionsintroducethekey componentsof thevisual learningalgorithmin
turn; namely, theclassifiersubsystem,the recognitionalgorithm,andthe featurelearningpro-
cedure.

4.4.1 Classifier

Conventionally, aBayesiannetwork classifiermodelstheclassesusingasinglediscreterandom
variablethathasonestatefor eachclass.This representationassumesthat thereis exactly one
correctclasslabel associatedwith eachinstance.Also, eachfeature– if instantiated– always
contributesto theclassificationprocess,nomatterwhatthecurrentclassis,becauseeachfeature
nodecontainsafull conditionalprobabilitytablethatfor each classrepresentstheprobabilityof
this featurebeingobserved.This is contraryto theconceptof distinctive featuresthatspecialize
in specificdistinctionsbetweenacharacteristicclassandasmallsubsetof theotherclasses.In a
naiveBayesianclassifier, thenumberof entriescontainedin theprobabilitytableateachfeature
nodeis equalto theproductof thenumberof classestimesthenumberof statesof thefeature
variable. If therearemany classes,thesetablescanbecomequite large. All their conditional
probabilityentriesmustbeestimated.Evenworse,all of themmustbere-estimatedwhenevera
new classis addedto thesystem.

A naturalway to avoid theseproblemsis to representeachclassby anindividual Bayesian
network classifier. An exampleis shown in Figure4.3. The classnodeof eachnetwork has
two states,representingpresenceor absenceof an instanceof this class.Here,eachfeatureis
characteristic(in thesenseof Definition 4.1,page31) of theclassrepresentedby its Bayesian
network, andis discriminative with respectto oneor morespecificotherclasses.In Figure4.3,
all featuresare characteristicof classC, and the discriminatedclassesare shown inside the
featurenodes.
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Class C

Feature 1
−Class A
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Feature 3
Feature 5

Feature 4
−Classes AB −Class E

−Class A

−Class B

Figure 4.3.A hypotheticalexampleBayesiannetwork.

This representationkeepstheclassesandtheir characteristicfeaturesseparate.Whenanew
classis learned,a correspondingnetwork is instantiated,but the existing networks and their
conditionalprobabilitytablesremainuna� ected.Moreover, this representationbuilds in theas-
sumptionthattheprobabilityof thepresenceof eachclassis independentfrom all otherclasses.
Sinceeachnetwork separatelydecideswhetheranobjectof its classis present,multiple target
classeswithin a sceneareeasilyhandledwithout interference.Eachnetwork e� ectively actsas
an objectdetectionsystem.In contrast,mostcurrentrecognitionsystemsact asclassification
systemsandassignexactlyoneclasslabelto eachimage.

Togetherwith theconceptof distinctive features,animportantimplicationof this represen-
tationis thattheabsenceof a featurein animagenever increasesthebelief in thepresenceof a
class.Inferencein favor of a classis only drawn asa resultof detectedfeatures.This behavior
is adesignchoicereflectingtheopennessof theuncommittedlearningsystem.It is noteworthy
thatthisdesignis in contrastto conventionalrecognitionsystemsthatalwaysassignexactlyone
of agivensetof classlabelsto animage.Underthisparadigm,calledforced-choicerecognition
by psychologists,not detectinga characteristicfeaturewill inevitably increasethebelief in the
presenceof otherclasses.Thise� ectmaybedesirablein aclosedworld, but canbedetrimental
in realisticopenscenarios.Many conventionalrecognitionsystemsadoptconfidencethresholds
that avoid the assignmentof a classlabel in the absenceof su� cient evidencefor any class,
which reducesbut doesnoteliminatethisproblem.

Like classnodes,featurenodesalsohave two states,correspondingto presenceor absence
of thefeature.As in a typicalnaiveBayesiannetwork classifier, arcsaredirectedfrom theclass
nodeto the featurenodes. To model known dependenciesbetweenfeatures,additionalarcs
connectfeatureswhereappropriate.Suchdependenciesariseby theconstructionof compound
features.Specifically, if ageometriccompoundfeature(say, Feature3 in Figure4.3)hasacom-
ponentfeaturethat is alsopresentin thenetwork (e.g.,Feature2 in Figure4.3), thenit is clear
that thepresenceof Feature3 impliesa high probabilityof finding Feature2 in thescenealso.
Feature2 doesnot necessarilyhave to bepresentbecausethethresholdsthatdefine“presence”
aredeterminedindependentlyfor eachfeaturenode(seeDefinition 4.2 below). An analogous
argumentholdsfor thecomponentsof aconjunctive feature.In thecaseof adisjunctive feature,
thedirectionof theargument– andthatof thearcs– is reversed.Say, Feature4 is adisjunctive
feature,andFeature5 is oneof its components.Then,finding Feature5 in a sceneimplies the
likely presenceof the disjunctive Feature4 in the samescene.The reverseis not necessarily
true becauseFeature4 may be presentby virtue of its othersubfeature,with Feature5 being
completelyabsent.Therefore,the causalinfluenceis modeledby an arc from the component
featureto thecompound.

Note that the samefeature(definedby its structureandits responsevector)may occur in
morethanoneBayesiannetwork classifier. FeaturevaluesaremeasuredusingEquation3.14
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(page25). Sincethesefeaturevaluesarerealnumbers,they mustbediscretizedby applyinga
thresholdmarkingtheminimum valuerequiredof a featurein orderto be consideredpresent.
This thresholdis determinedindividually for eachfeaturenodesoasto maximizeits distinctive
power:

Definition 4.2(Distinctive Power of a Feature) Thediscriminativepowerof afeaturef is the
Kolmogorov-Smirno� distance(KSD) betweenthe conditionaldistributions of featurevalues
observedunder(a) thediscriminatedclassesversus(b) thecharacterizedclass(cf. Equation4.3
andFigure4.1). The distinctivepowerof a featureis identical to its discriminative power, if
cdf( O f

�
a) S cdf( O f

�
b) for thecutpoint O f associatedwith theKSD, i.e., thefeatureis in fact

characteristicof its class.Otherwise,thedistinctive power is definedto bezero.

As wasnotedin Section4.3.2,this definitionyieldsanoptimalcutpointin theBayesiansense
that if thepresenceof a classis to beinferredon thebasisof this featurealone,theprobability
of error is minimized,given that theprior probability of the presenceof this classequals0.5.
In general,however, theprior probabilityof a classwill not be equalto 0.5. In this case,this
choiceof a cutpointis not optimal in any known sense.Nevertheless,Utgo� andClouse[126]
make a strongargumentin favor of usingtheKSD without payingattentionto theprior class
probabilitiesasa testselectionmetricfor decisiontrees.It is basedontheobservationthateven
in caseswheretheBayesianchoiceis alwaysthesameregardlessof thetest,thecutpointgiven
by theKSD separatestwo verydi� erentregionsof certaintyregardingthepresenceof theclass.

Example4.3(KSD and DisparatePriors) Considertheclass-conditionaldistributionsshown
in Figure4.4. Therearemany moresamplesfrom the discriminatedclassesthan from the
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Figure 4.4.Highly unevenandoverlappingfeaturevaluedistributions.

characterizedclass. In otherwords,given an unclassifiedsample,the prior probability that it
belongsto thediscriminatedclassesismuchhigherthanthatit belongsto thecharacterizedclass.
WhereshouldtheBayes-optimalcutpointbeplacedthatallows oneto guesswhatconditional
distribution generatedagivensample?Thetwo distributionsfully overlap! Becauseof thisand
the disparatepriors, it is clear from Figure4.4 that no matterwherea cutpoint is placed,the
expectederrorrateis minimizedby alwaysguessingthatasamplecamefrom thediscriminated
classes,irrespective of thesample’s featurevalue. However, it is alsoobvious that a cutpoint
canbe found that is meaningfulin thesensethatalmostall samplesof thecharacterizedclass
fall above it, andalmostnonebelow it. While a decisionrule basedon sucha cutpointis not
Bayes-optimal,thiscutpointwouldtell ussomethingabouttheposteriorprobabilityof asample
belongingto eachof the two conditionaldistributions. Utgo� andClausesimply suggestthat
the simple definition of the KSD given in Equation4.3 be applied,which – beingbasedon
cumulative distributions– ignorestheprior probabilities.

Thecomputationof a KSD requiresa descriptionof thetwo conditionalprobabilitydistri-
butions. Here,thesedistributionsareapproximatedby thecumulative experienceof theagent:
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The agentmaintainsan instancelist of experiences.Eachimageencounteredaddsto the in-
stancelist anew instancevectorcontainingthefeaturevaluesmeasuredandthetrueclasslabel
of this trainingimage.All probabilityestimatesrelatingto theBayesiannetwork classifiersare
estimatedby countingentriesin the instancelist. This includesthe cumulative distributions
for estimatingtheKSDsto discretizefeaturevariables,theconditionalprobability tablesat the
featurenodes,andtheprior classprobabilitiesat theclassnodes.

4.4.2 Recognition

Recognitionof ascenecanbeperformedin theconventionalwayby first measuringthestrength
of eachfeaturein the image,settingthe featurenodesof the Bayesiannetworks to the corre-
spondingvalues,andcomputingtheposteriorprobabilityof thepresenceof eachclass.In this
case,theabsenceof a featureis meaningfulto thesystem.Alternatively, robustnessto occlu-
sioncanbebuilt into thesystemby settingonly featurenodescorrespondingto foundfeatures,
andleaving theothersunspecified.In this case,theposteriorprobabilityof thesefeaturesbe-
ing present(but occluded)caneasilybe computed. Incorporatingpositive evidenceinto the
netwill monotonicallyincreasetheposteriorprobabilityof a class.In particular, theposterior
probabilityis alwaysgreaterthanor equalto theprior. Withoute� ective countermeasureshow-
ever, in practicethismonotonicincreasewill oftenresultin veryhighposteriorprobabilitiesfor
many classes.Sincethe posteriorclassprobabilitiesarecomputedindependentlyby separate
networks for eachclass,evidencefound for oneclassdoesnot reducethe posteriorbelief in
any otherclass. To avoid theseproblems,in this work both positive andnegative evidenceis
incorporatedinto thenetwork by settingtheapplicablefeaturenodesto thecorrespondingstate,
presenceor absence.

Computinga featurevaluein an imageis expensive (cf. Equation3.14) in comparisonto
propagatingevidencein a Bayesiannetwork of moderatesize. Moreover, the contribution of
individual featuresto theclassificationdecisionis unclearif all of themarecomputedat once.
Therefore,featuresarecomputedsequentially, andtheclassificationdecisionsaremadeincre-
mentallywithin eachBayesiannetwork, accordingto thefollowing algorithm.

Algorithm 4.4(SequentialComputation of ClassBeliefs)

1. Bring theBayesiannetwork to equilibriumby propagatingevidence.

2. Find the maximally informative featureamongall featuresof all classes.Let C andFf

denotetwo-staterandomvariablesrepresentingthe presenceor absenceof a classand
of a featuref , respectively. Then,themaximally informative featurefmax is theonethat
maximizes

Imax � max
f

max
C

I (C Ff )

whereI (C Ff ) is themutualinformationdefinedin Equation4.2on page33.

3. If Imax � 0, thenstop.

4. Measurethevalueof this featurefmax, ffmax, in thecurrentimageusingEquation3.14.

5. Instantiateall nodescorrespondingto fmax in all networks to the appropriatevaluesby
comparingffmax againsttherespective thresholdsO f (cf. Definition 4.2).

6. To keeptrack of the usageof eachfeature,label fmax with the running numberof the
currenttrainingimage.Then,continuewith Step1.

Note that at eachiteration of this algorithm, one featureis instantiated. For an instantiated
featuref , theuncertaintyin its characterizedclassC is H(C) � H(C

�
Ff ), andthusI (C Ff ) � 0

(Equation4.1).Therefore,thealgorithmstopsatStep3 afterall featureshavebeeninstantiated.
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In practice,it oftenstopssoonerbecauseamongtheuninstantiatedfeaturestherearenonewith
nonzeromutual information. This resultsif the entropiesin all of the classnodeshave been
reducedto zero,or if noneof the remainingfeaturesareinformative with respectto any class
variablewith nonzeroentropy. The labelingin Step6 allows the algorithmto detectobsolete
features.If a featureceasesto be used,it canbe discarded.This will further be discussedin
Section4.5.

Therearevariousways to addsophisticationto this basicalgorithm. Insteadof consult-
ing featuresexhaustively, a stoppingcriterioncanbe introducedthat terminatesAlgorithm 4.4
once I (C Ff ) dropsbelow a thresholdat Step2. By definition, featureswith low mutual in-
formationhave little potentialto a� ect the posteriorclassdistributions. The tradeo� between
computationalexpenseandconfidencein therecognitionresultcanbeadjustedin termsof this
threshold.Anothercomputationaltradeo� concernsthe relative costof measuringfeatureval-
ues.Largecompoundfeaturesconsistingof many subfeaturesaremorecostly to evaluatethan
smallerfeatures,asareBooleancompoundsrelative to geometriccompounds(seeSection3.5.1
on page26, andSection3.5.2). This costcanbe consideredat Step2 of Algorithm 4.4, for
exampleusingthe framework of decisiontheory[102, 98]. Suchthresholdsandcostsdepend
on specificapplications.For simplicity, theseissuesareavoidedhere.

Sinceeachclassis representedby its own Bayesiannetwork, the possibility of multiple
classespresentin a sceneis built into the system. The presenceof eachclassis determined
independentlyof all others.Thepossibilityof arbitrarynumbersof targetclasseswithin ascene
makestheevaluationof recognitionresultssomewhatmorecomplicatedthantheconventional
correct� wrongdichotomy. A recognitionresultis derived from theposteriorclassprobabilities
accordingto thefollowing definition:

Definition 4.5(Evaluation of RecognitionResults) Thoseclasseswith a posteriorprobabil-
ity greaterthan0.5aresaidto be recognized. A classis calledtrue if it is presentin thescene,
andfalseotherwise.Eachrecognitionfalls into exactlyoneof thefollowing categories:

correct: Exactlythetrueclassesarerecognized.

wrong: Thecorrectnumberof classesarerecognized,but theseincludeat leastonefalse
class.At leastonetrueclasswasmissed.

ambiguous:All of thetrueclassesarerecognized,plusoneor morefalseclasses.

confused: Noneor some(but not all) of the true classes,andsomefalseclassesarerecog-
nized. The numberof recognizedclassesis di� erentfrom the numberof target
classespresentin thescene.(Otherwise,it is consideredawrongrecognition.)

ignorant: Noneor some(but not all) of the true classes,andnoneof the falseclassesare
recognized.

Thecategory of wrongrecognitionsconstitutesa specialcaseof misrecognitionsthatareother-
wise in theconfusedcategory. Wrongrecognitionsareimportantin that they containpairwise
errorswhereoneclassis mistakenfor oneotherclass.In aclassicalforced-choicescenario,this
is theonly typeof incorrectrecognitions.

In conventionalforced-choiceclassification,thereareonly correctandwrong categories.
Sincethis systemhasthe additionalfreedomto assignmultiple classlabelsor no label at all,
thenumberof correctrecognitionsmaybelower thanin a forced-choicesituation.To facilitate
comparisonwith forced-choicescenarios,at leastthenumberof ambiguousrecognitionsshould
somehow betakeninto account.Thesecontaintheright answer, which is valuableespeciallyif
thenumberof falsepositive labelsin anambiguousrecognitionis low. Similarly, an ignorant
recognitionshouldcontribute to thesameextentasa randomresult. This ideais formalizedin
thefollowing definition.
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Definition 4.6(Accuracy) A recognition resultis asetof classesrecognizedin animageI by
Algorithm 4.4. Thissetincludesnt truepositivesandnf falsepositives,wherent

� nf 8 nc, the
total numberof classesknown to thesystem.Let nT denotetheactualnumberof targetobjects
depictedin thescene.Then,

acc(I ) �
nT

nc
if nt

� nf � 0

nt

nT
� nf

otherwise

is theaccuracyof this recognitionresult. Theaccuracy achievedon a set T of imagesis given
by

acc(T ) � 1� T �
I ?VU acc(I ) �

This definition is a generalizationof the notion of correctrecognitionthat valuesambiguous
recognitionsaccordingto the numberof falsepositives involved. An ignorantrecognitionis
regardedasequivalent to a fully ambiguousrecognition,i.e., a result that lists all nc classla-
bels.Theaccuracy is a valuebetweenzeroandone,wherethemaximumcorrespondsto 100%
correctrecognition.If all recognitionsareignorantor fully ambiguous,thentheaccuracy is the
inverseof thenumberof classesknown to thesystem.If nT � 1 everywhere,this is identicalto
thechance-level proportionof correctrecognitionsattainedby uniformly randomforced-choice
classifiers.Thus,theaccuracy canbedirectly comparedto thepercentage-correctresultdeliv-
eredby aconventionalforced-choiceclassifier.

4.4.3 FeatureLearning Algorithm

In theincrementallearningscenario(Figure4.2onpage35), theagentreceivestrainingimages
oneby one.Initially, theagentdoesnotknow aboutany classesor features.Whenit is presented
with the first image,it simply remembersthe correctanswer. When it is shown the second
image,it will guessthesameanswer. This will continue,andno featureswill be learned,until
thisanswerturnsout to beincorrect.

Algorithm 4.7(Operation of the Learning System) This algorithmprovidesdetailsof the
basicmodelof incrementaldiscriminationlearningshown in Figure4.2,page35.

1. A new trainingimageis acquired,denotedI .

2. Image I is run throughthe recognitionalgorithm 4.4 as describedin Section4.4.2. If
recognitionis correctaccordingto Definition4.5,thencontinueatStep1.

3. Assumerecognitionfailedbecauseof inaccurateconditionalprobabilityestimatesstored
in the Bayesiannetworks. To remedy, all featurenodesare re-discretizedto maximize
their distinctive power (cf. Definition 4.2, page37). Their conditionalprobabilitiesare
estimatedby countingco-occurringfeaturevaluesandclasslabelsin theinstancelist (cf.
Section4.4.1,page38). In thesameway, theprior probabilitiesassociatedwith theclass
nodesarere-estimated.

4. Re-runtherecognitionalgorithm4.4on theimageI . If I is now recognizedcorrectly, then
continueatStep1.

5. Concludethatat leastonenew featuremustbeaddedto at leastoneBayesiannetwork to
recognizeI correctly. Attempt to do this by invoking Algorithm 4.8 (describedbelow).
Then,continueatStep1.
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This algorithm re-estimatesthe conditionalprobability tablesof the Bayesiannetworks only
whenan imageis misrecognized(Step3). Alternatively, after eachrecognition– successful
or otherwise– the conditionalprobability tablesof all nodesrelatedto queriedfeaturescould
be updated,maintaininga bestestimateof the actualprobabilitiesat all times. A drawback
of this approachis that thebehavior of thesystemwould fluctuateeven in theabsenceof any
mistakes. For example,two consecutive presentationsof the sameimagecould result in two
di� erentrecognitionresults.Sinceit is easierto characterizethebehavior of the systemif its
behavior doesnotdependonarecenthistoryof correctrecognitions,it is designedto learnonly
from mistakes.

At Step5 in this algorithm,theobjective is to derive a new featureto discriminateoneor
more true classesfrom oneor moremistaken classes,i.e., thosefalseclassesthat wereerro-
neouslyrecognized.Two casesmustbedistinguished.In thefirst case,a trueclassis notamong
the recognizedclasses(wrong, confused,or ignorantrecognition). The agentneedsto find a
new featureof this trueclassin thecurrentimage– thesampleimage – that, if detected,will
causethis classto be recognized.In the secondcase,somefalseclasseswererecognizedin
additionto thetrueclasses(ambiguousrecognition).Here,theagentneedsto find a featurein
an imageof a falseclassthat is not presentin the currentlymisrecognizedimage,andthat, if
notdetected,will preventthis falseclassfrom beingrecognized.Again,this imageis calledthe
sampleimage.

Algorithm 4.8(Feature Learning)

1. For thepurposeof learningthis feature,the true andmistaken classesare(re)definedso
that thereis generallyexactly onetrue andonemistaken class. The classesselectedare
thetrueclasswith minimumbelief andthefalseclasswith maximumbelief, respectively,
representingthemostdrasticcase.In eithercase,if thereis no suchuniqueclass,belief
valuesfrom earlier(non-final)recognitionstages(Algorithm 4.4)areconsulted.In partic-
ular, this coversthecaseof ignorantrecognition.Seebelow for furtherdiscussionandan
example.

2. A set of exampleimages is retrieved from the environment. This set containsnex ran-
dom views of eachof the true classandthe mistaken class. The precisevalueof nex is
unimportant,but involvesa tradeo� thatwill bediscussedbelow.

3. A new featureis generated,generallyby randomsamplingfrom thesampleimage,using
Algorithm 4.10. Algorithm 4.10 may be calledonly a limited numberof times within
a singleexecutionof Algorithm 4.8. If this limit is exceeded,Algorithm 4.8 terminates
unsuccessfully. Thedetailswill bediscussedbelow in thecontext of Algorithm 4.10.

4. A new noderepresentingthisnew featureis addedto theBayesiannetwork thatmodelsthe
classof thesampleimage,alongwith anarcfrom theclassnodeandany arcsrequiredto
or from any otherfeaturenodes,to modelany known interdependencieswith pre-existing
features(cf. Section4.4.1).

5. Thevaluesof this feature,aswell asany existing featuresrepresentedby nodeslinkedto
or from the new featurenodein the Bayesnetwork, aremeasuredwithin eachexample
image.Theresultinginstancevectorsareaddedto theinstancelist.

6. Thenew featurenodeis discretizedsuchthatthecutpointmaximizesthedistinctive power
betweenthe true andmistaken classes(seeDefinition 4.2 on page37), asestimatedby
countingentriesin theinstancelist. If thedistinctivepoweriszero,thealgorithmcontinues
atStep3.

7. Theconditionalprobability tablesof thea� ectednodesare(re)estimatedby countingen-
triesin theinstancelist.

8. The recognitionprocedure(Algorithm 4.4) is run on the sampleimage,usingthe added
feature.
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(a) If thesampleimageis of a trueclassthatis erroneouslynot recognized,or if thesam-
ple imageis of a falseclassthatis erroneouslyrecognized,thenthenew featurenode
is removed from theBayesnet. However, thedefinitionof thenew feature(consist-
ing of its structuraldescriptionandresponsevector) is retaineduntil this algorithm
terminates.Now, it proceedswith Step3.

(b) If theimageis of a trueclassandis now recognizedsuccessfully, or if it is of a false
classandis successfullynot recognized,thenthisalgorithmterminatessuccessfully.

Note that this featuresearchprocedurerequiresthat eachnew featureindividually solves an
existing recognitionproblem. This resultsin a strongtendency to learn few but informative
features.Eachfeatureis learnedspecificallyto distinguishoneclassfrom oneotherclass(see
Step1). Insteadof usingjust onetrueandonemistakenclass,onecoulduseall misrecognized
classes,or even all true andfalseclasses.However, in generalit will be mucheasierto find
featuresthatdiscriminatewell betweenpairsof classes,thanfeaturesthatdiscriminatebetween
two groupsof several classes.In practice,this may in fact be all that is requiredto solve a
givenvisual task.Moreover, usingonly a pair of classesensuresthattheexecutiontime of this
algorithmis independentof thetotalnumberof classes.

Example4.9(SelectingTrue and Mistaken Classes)Table4.1shows someexamplesof how
thecharacterizedanddiscriminatedclassesarechosenin Step1 of Algorithm 4.8.Thefirst case
shows a wrong recognitionresult. Sinceall classeswith posteriorbeliefsgreaterthan0.5 are
saidto berecognized,thesystemerredon classesB andC. Here,it is clearthata new feature
needsto be learnedfor classB that will causeclassB to be recognizedin the currentimage.
This new featureshouldbediscriminative with respectto classC, becausethesystemmistook
classB for classC. Note that thenew featurewill not a� ect the recognitionresultfor classC
(nor for any otherclassbut thecharacterizedclassB). Likely, it will causeanambiguousresult
like thatshown in thesecondrow. Now, a featuremustbelearnedthatis characteristicof class
C, andthat, if not found in an image,will prevent it from beingrecognizedasclassC. Class
A is chosenasthediscriminatedclassbecauseit hasthelowestposteriorbelief amongall true
classes,andis thereforepresumablymostlikely confusedwith classC.

Table 4.1. Selectingtrue andmistaken classesusingposteriorclassprobabilities. Bold type
indicatesthecharacterizedclassof thenew featureto belearned.Thediscriminatedclassesare
shown in italics.

TrueClasses FalseClasses
A B C D E

wrong 0.7 0.4 0.8 0.3 0.2
ambiguous 0.7 0.9 0.8 0.3 0.2
ignorant 0.3 0.4 0.4 0.3 0.2

0.4 0.4 0.3 0.3 0.2
ignorant 0.0 0.0 0.0 0.0 0.0

Thefirst (wrong)examplewould constitutea confusedrecognitionif, for example,classD had
received a posteriorbelief of greaterthan0.5. The third exampleis an ignorantrecognition.
Like in wrongandconfusedcases,thecharacteristicclassis thetrueclasswith lowestposterior
belief, andthe discriminatedclassis the falseclasswith highestposteriorbelief. In the final
example,Algorithm 4.4 resultedin zerobelief for all classes.In sucha casewheretrue and
characteristicclassescannotbedeterminedfrom thefinal recognitionresult,thesystemconsults
theintermediaterecognitionresultgeneratedby thepenultimateiterationof Algorithm 4.4.This
result is guaranteedto containbeliefs with nonzeroentropy. In this example, thereare two
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potentialcharacteristicclassesbecausebothtrueclasseshave identicalbelief. In this case,one
of them is chosenat randombecauseAlgorithm 4.4 requiresa single sampleimage. There
arealsotwo potentialdiscriminatedclasses,both of which aresimply used. In practice,such
ambiguouscasesoccurvery rarely.

Thenumberof exampleimagesperclass,nex (Algorithm 4.8,Step2), determineshow ac-
curatelytheconditionalprobabilitiesassociatedwith thenew featureareestimatedatStep7. A
largevalueyieldsaccurateestimates,but theseareexpensive to evaluate.Thedangerof using
too smalla valueof nex is thatmany goodfeaturesarediscardedbecauseof overly pessimistic
probabilityestimates.Optimisticestimatesresult in theadditionof featuresthat later turn out
to beof little value. Consequently, thesewill ceaseto beusedasthey aresupersededby more
discriminative features.Thus,usinga small nex will result in more featuresearches,eachof
which will take lesstime thanwhenusinga largenex. In a practicalinteractive application,the
choiceof this parametershoulddependon therelative costof acquiringimagesvs. generating
experiencein therealworld. If experienceis costly to obtain(e.g.becauseit involvessophisti-
catedmaneuverswith physicalmanipulators),but avarietyof representative imagesarecheaply
obtainedatStep2 of Algorithm 4.8,thennex shouldbechosenlarge.On theotherhand,if each
real-world experienceis generatedcheaplybut exampleimagesareexpensive to obtain,thena
smallvalueof nex shouldbeused.Thevaluedoesnotneedto befixed,nordoesit needto bethe
samefor thetrueandthemistakenclass.All experimentsreportedhereusenex � 5. This value
waschosenrelatively smallbecauseit emphasizesthe incrementalnatureof learningeven if a
small,fixedtrainingsetis used.At theotherextreme,nex couldbechosensolarge thattheex-
ampleimagesalwaysincludetheentiretrainingset(soit exists),yielding immediatelyaccurate
estimatesof thedistinctive power of featureswithout theneedfor incrementalupdating.

It remainsto be explainedhow a featureis generatedat Step3 of Algorithm 4.8. There
arefive waysto generatea new featurethatdi� er in thestructuralcomplexity of the resulting
feature. In accordwith Occam’s razor, simple featuresarepreferredover complex features.
Also, they aremorelikely to bereusableandarecomputedmorerapidly thancomplex features.
The following algorithmimplementsa biastowardstructurallysimplefeaturesby considering
featuresin increasingorderof structuralcomplexity.

Algorithm 4.10(Feature Generation) Thesemethodsareappliedin turn at Step3 of Algo-
rithm 4.8:

1. (Reuse)Froma Bayesiannetwork representinganunrelatedclass(otherthanthe trueor
mistakenclasses),selectarandomfeaturethatis not in usefor thetrueor mistakenclasses,
to seeif it canbereusedfor thecurrentrecognitionproblem.Thispromotestheemergence
of generalfeaturesthatarecharacteristicof morethanoneclass.

2. (New Primiti ve) Samplea new featuredirectly from thesampleimageby eitherpicking
two pointsandturningtheminto a geometriccompoundof two edgels,or by picking one
point andmeasuringa texel featureresponsevector. (Recall that featuresaremeasured
underrotationalinvariance. Therefore,individual edgelsdo not carry any information.)
This is theonly stepwherenew featuresaregeneratedfrom scratch.

3. (Geometric Expansion) From amongthe featurescurrently in use,or from amongthe
failed candidatefeaturestried earlierduring this executionof Algorithm 4.8 (seeAlgo-
rithm 4.8,Step8a),chooseafeatureat random.Finda locationin thesampleimagewhere
this featureoccursmoststrongly(Equation3.14),andexpandit geometricallyby adding
a randomlychosensalientedgelor texel nearby. This expansionyieldsa new featurethat
is morespecificthantheoriginal feature.

4. (Conjunction) Pick two randomexisting featuresandcombinetheminto a conjunctive
feature.Again,theresultis anew featurethatis morespecificthaneitherof theconstituent
featuresindividually.
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5. (Disjunction) Pick two randomexisting featuresand combinethem into a disjunctive
feature.Here,theresultis anew featurethatis lessspecificthantheconstituentfeatures.

For a given run of Algorithm 4.8 (FeatureLearning,page41), eachtime Algorithm 4.8
reachesits Step3, onemethodof Algorithm 4.10is applied.Thefirst nfgen timesAlgorithm 4.8
reachesStep3, Method1 of Algorithm 4.10is performed;thenext nfgen times,Method2, and
soon. This continuesuntil eithera suitablefeatureis found,or until the lastmethodhasbeen
appliednfgen times,atwhichpoint thefeaturesearch(Algorithm 4.8)terminatesunsuccessfully.
Theparameternfgen in e� ectcontrolsthebiastowardsimplefeatures.A largevaluewill expend
moree� ort usingeachmethod,while asmallvaluewill giveupsoonerandmoveon to thenext
method. The currentimplementationusesnfgen � 10, which is consideredto be a relatively
small value in relationto the roughly 100–1000salientpointspresentin typical imagesused
here(cf. Chapter3).

Thespecificsequenceof methodsdefinedin Algorithm 4.10waschosenbecauseit imple-
mentsa biastoward few andstructurallysimple features.A new featureis only generatedif
thesystemfails to find a reusablefeature.Beforeexisting featuresareexpanded,new primitive
featuresaregenerated.Geometricexpansionsarepreferredover conjunctive featuresbecause
theformerarelocalandrigid, while thelattercanencompassany varietyof individual features.
Local featuresaremorerobust to partialocclusionsandminor objectdistortionsthanarenon-
local features.Nevertheless,conjunctive featuresmay be importantbecausethey encodethe
presenceof severalsubfeatureswithout assertinga geometricrelationshipbetweenthem. This
makesthemmorerobustto objectdistortionsthangeometricfeatures.

Thelaststepinvolvesthegenerationof disjunctive features.Thesearesusceptibleto overfit-
ting becausea singledisjunctive featurecanin principleencodeanentireclassasa disjunction
of highly specificfeatures,eachcharacterizinganindividual trainingimage.Thus,they canhelp
learna trainingsetwithoutgeneralization.Ontheotherhand,disjunctive featuresarenecessary
in generalbecauseobjectswithin aclassmaydi� erstronglyin theirappearance.For example,a
disjunctive featurecanencodeastatementsuchas“If I seeadial or anumberpad,I amprobably
looking ata telephone.”

4.4.4 Impact of a NewFeature

In Algorithm 4.8(FeatureLearning),Step3,anew featureis generatedin thehopethatit will fix
therecognitionproblemthattriggeredtheexecutionof Algorithm 4.8.Clearly, anecessarycon-
dition for successis thatthenew featureis actuallyconsultedby therecognitionalgorithm4.4,
whencalledat Step8 of Algorithm 4.8. Algorithm 4.4continuesto consultfeaturesaslong as
therearefeaturesthatcanpotentiallyreducetheuncertaintyin any classnodes.Therefore,the
new featurewill be queriedif the entropy in its own classnodedoesnot vanishasa resultof
queryingotherfeaturesof this Bayesiannetwork. The only way Algorithm 4.4 canterminate
without queryingthenew featureis if thereis a featuref in this Bayesiannetwork thatdrives
theentropy in its classnodeto zero,andthathasa greatermutualinformationwith respectto
theclassnodethanthenew feature,causingit to bequeriedbeforethenew feature.Note that
this recognitionis incorrect,asit triggeredthe presentexecutionof the featurelearningalgo-
rithm 4.8at Step5 of Algorithm 4.7(Operationof theLearningSystem).Thenewly generated
featureis not going to be usedon this image,irrespective of any discriminative power it may
have.

How likely is thisworst-casesituationto occur?Consideracasewherethesystemfailedto
recognizea trueclass.Figure4.5 illustratestheclass-conditionalcumulative probabilitiesof a
featuref thatcandrive theentropy in theclassnodeto zero,concludingthat its classis absent.
Thecritical propertyof thegraphis thatif theclassis present,thefeaturef is alwayspresentwith
ff SWO , allowing oneto infer theabsenceof theclassif ff 8.O . (Thefigurealsoillustratesthat
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Figure 4.5. KSD of a featuref that, if not found in an image,causesits Bayesiannetwork to
infer thatits classis absentwith absolutecertainty.

theKSD of sucha featurecanbequitelow – roughly0.5 in thiscase.)Canthis featureprevent
thesuccessfulgenerationof new featuresby keepingthemfrom gettingqueried?Theanswer
is no becauseit will quickly loseits power to reducetheentropy to zero. To seethis, observe
that eachprocessedimagegeneratesan instancethat is addedto the instancelist, recording
themeasuredfeaturevaluestogetherwith thetrueclasslabels.In thesituationdescribedhere,
ff 8XO f , but the classwas present. This situationis incompatiblewith the critical property
of Figure4.5. Consequently, the next time the conditionalprobabilitiesof f arere-estimated
basedon the instancelist, at leastoneof two changesmustoccur: Theprobabilityof ff 85O f

given the presenceof the classbecomesgreaterthanzero,or the thresholdO f is reduced.In
thefirst case,thefeatureimmediatelylosesits power to determinetheabsenceof theclasswith
absolutecertainty. ThesecondcaseclearlycannotreoccurindefinitelybecauseO f is chosento
maximizetheKSD, ensuringthat ff >YO f for thebulk of thosecaseswheretheclassis absent.
As specifiedin Algorithm 4.7 (Operationof theLearningSystem)on page40, thecutpointsO
andtheconditionalprobability tablesof all featurenodesarere-estimatedafterevery incorrect
recognition.

In summary, a newly sampledfeatureis not guaranteedto beusedimmediately. However,
thosecaseswhereit is not usedcanbeexpectedto berare,sincethey requirethepresenceof a
featuref with thespecificpropertiesdescribedabove. Importantly, any suchdegeneratesituation
is guaranteedto resolve itself soonbecausethe featurenodeparametersarere-estimatedafter
every incorrectrecognition. This self-repairingpropertyis a key aspectof the designof the
learningalgorithm,andis critical to its successfuloperation.

4.5 Experiments

Thealgorithmsdevelopedin theprecedingsectionsweredevelopedfor opentaskscenariosin
which imagesareencounteredwhile theagentperformsa task. In e� ect,eachnewly acquired
visualscenefirst servesasa testimagethat theagentattemptsto recognize.If it succeeds,the
agentmoveson. If the resultof recognitionis incorrect,this scenebecomesa training image.
Additional exampleimagesarethenacquiredto enabletheagentto generateaninitial estimate
of thedistinctive power of newly generatedfeatures.

Testingthis algorithmon suchan interactive task is a nontrivial endeavor. Implementing
a robot thatcaninteractin meaningfulwayswith many objectsis challengingin its own right
andbeyond the scopeof this dissertation.The resultscited in this sectionweregeneratedon
simulatedtasks.

A secondsimplificationconcernsthenumberof objectsshown in animage.Thealgorithms
describedabovemakenoassumptionsregardingthenumberof targetor distractorobjectsshown
presentin any given image. For simplicity and to facilitate comparisonof the resultswith
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conventionalmethods,all experimentswereperformedin theconventionalway, with eachimage
containingexactly one object. It is important to note however that the learningsystemdid
not take advantageof this in any way. The algorithmswereappliedin their full generalityas
introducedabove.

A simulatedtaskconsistsof a closedsetof images. This setof imageswasdivided into
equallysizedtraining andtestsets,suchthat the numberof imagesper classwasidenticalto
theextentpossible.Eachexperimentwasrun a secondtime with the rolesof trainingandtest
setsreversed.In themachinelearningterminology, this procedureis calledtwo-fold stratified
crossvalidation.Trainingtook placeasshown in theoverview givenin Figure4.2on page35,
andasdescribedin detail in Section4.4.3. Imagesfrom the trainingsetwerepresentedto the
systemoneby one,cycling throughthe training setin randomorder. A new permutationwas
usedfor eachcycle. On receiptof animage,thesystemanalyzedit usingAlgorithm 4.4. If the
recognitionresultwasnotcorrect(in thesenseof Definition4.5onpage39),thenanew feature
wassoughtaccordingto Algorithm 4.8. At Step2 of this algorithm,theexampleimageswere
chosenat randomfrom thetrainingset(not from thecycling order).Thesystemcycledthrough
theentiretrainingsetuntil all recognitionresultswerecorrect.

Theempiricalperformanceof the learningsystemarediscussedin termsof theevaluation
categoriesgiven in Definition 4.5, which apply to the generalcaseof an arbitrarynumberof
target classes.Sinceall experimentswere performedusing only a single target class,these
categoriesarerestatedherefor this specialcase,to simplify their interpretation.

correct: Exactlythetrueclassis recognized.

wrong: Exactlyonefalseclassis recognized.

ambiguous:Thetrueclassis recognized,plusoneor morefalseclasses.

confused: More thanonefalseclassesarerecognized,but not thetrueclass.

ignorant: No classis recognized.

Experimentswereconductedusingthreedatasetswith verydi� erentcharacteristics.Thesewill
bediscussedin thefollowing sections.Thenext chapterwill introduceasimpleextensionto the
basiclearningalgorithmthatresultsin pronouncedperformanceimprovements.

4.5.1 The COIL Task

TheCOIL taskconsistedof 20 imagesof eachof thefirst six objectsof the20-objectColumbia
Object ImageLibrary [79]. One sampleimageof eachclass,representingthe middle view,
is shown in Figure4.6. Neighboringviews arespaced5 degreesapart,at constantelevation.
Neighboringimageswereassignedalternatelyto trainingandtestsets.All imagesareof size
128 - 128pixels.

obj1 obj2 obj3 obj4 obj5 obj6

Figure 4.6. Objectsusedin theCOIL task.Shown aremiddleviews from thesortedsequence
of viewpoints.

46



Table4.2summarizesimportantperformanceparametersfor theCOIL task(andalsofor the
othertwo tasks,PlymandMel, but thesewill bediscussedlater).Themoststrikingobservation
is that the trainedrecognitionsystemis very cautiousin that it makesvery few mistakes. The
proportionsof wrongandambiguousrecognitionsarebothvery low. Unfortunately, thepropor-
tion of correctrecognitionis alsofairly low atabout50%.In theremaining33%ignorantcases,
no classwasrecognizedatall.

Table 4.2. Summaryof empiricalresultson all threetasks.Thefirst four entriesgive thename
of thetask,thenumberof classes,thefold index, andtheaccuracy accordingto Definition 4.6.
Thefive entriesunder“RecognitionResults”in eachrow sumto one,barringroundo� errors.
Zero entriesare left blank for clarity. The columnsunderthe heading“# Features”give the
total numberof featurenodesin all Bayesiannetworks(BN), thetotal numberof di� erentfea-
tures(dif.), theaveragenumberof featuresqueried(qu’d) duringasinglerecognitionprocedure
(Algorithm 4.4),andthetotal cumulative numberof featuressampled(sp’d), respectively. The
rightmosttwo columnslist thenumberof cyclesthroughthetrainingset,andthetotal number
of trainingimagepresentations.

RecognitionResults # Features Tr. Set
Task Cls. Fold acc. cor. wrg. amb. cnf. ign. BN dif. qu’d. sp’d. cyc. imgs.

COIL 6 1 .58 .48 .08 .08 .35 46 35 22.1 471 6 360
COIL 6 2 .61 .52 .08 .10 .30 60 40 22.1 911 8 480
COIL 6 avg. .60 .50 .08 .09 .33 53 38 22.1 691 7 420
Plym 8 1 .57 .50 .06 .05 .02 .38 84 59 22.0 977 8 448
Plym 8 2 .61 .52 .02 .09 .38 86 55 32.1 1019 8 512
Plym 8 avg. .59 .51 .04 .07 .01 .38 85 57 27.1 998 8 480
Mel 6 1 .49 .36 .14 .11 .39 50 34 17.4 608 8 288
Mel 6 2 .47 .33 .08 .14 .44 47 29 19.6 477 6 216
Mel 6 avg. .48 .35 .11 .13 .42 48 32 18.5 543 7 252

The next two columnsgive the numberof featurenodessummedover all class-specific
Bayesiannetwork classifiers,andthe numberof featuresthat areactuallydi� erent. The dif-
ferencebetweenthesetwo numberscorrespondsto featuresthat are usedby more than one
classifier(seeAlgorithm 4.10,FeatureGeneration,Step1). Here,aboutone-thirdof all feature
nodessharethe samefeaturewith at leastone other node. How many of thesefeaturesare
actuallyqueriedduring an averagerecognitionprocedure(Algorithm 4.4)? The next column
showsthatonaverage,only alittle morethanhalf of all availablefeaturesarequeriedbeforethe
entropiesin theclassnodesarereducedto zero,or until noneof theunqueriedfeatureshasany
potentialto reducea nonzeroentropy. On average,theclassifiersystemendedup with about9
featurenodesperclass(53 featurenodes� 6 classes).

Therightmostthreecolumnsin Table4.2give a flavor of the total numberof featuresgen-
eratedduring learning,thenumberof iterationsthroughthetrainingsetperformeduntil it was
perfectlylearned,andthe total numberof training imagesseenby the learningsystem.These
numbersbecomemoremeaningfulin thecontext of thefollowing chapter.

Table4.3providesdeeperinsightinto therecognitionperformance,separatelyfor eachclass.
Interestingly, it shows that theperformancecharacteristicsdi� er widely betweenthetwo folds
of the two-fold crossvalidation. For example, in Fold 1 almostall instancesof obj3 were
recognizedcorrectly, while in Fold 2 mostof themwerenot recognizedat all. However, some
trendscanstill be found: Performancewasconsistentlyhigh on obj2, andconsistentlylow on
obj6 andobj4. Moreover, instancesof obj4 tendedto bemisclassifiedasobj6, but notviceversa.
The variationbetweenthe two folds is mostly due to the randomnessinherentin the feature
learningalgorithm.This topic will befurtherdiscussedin Section4.6andin Chapter5.

47



Table 4.3. Resultson the COIL task. The tableshows, for eachclass,how many instances
wererecognizedaswhichclassfor correctandwrongrecognitions,andthenumberof ambigu-
ous� confused� ignorant recognitionoutcomes.In eachrow, theseentriessumto thenumberof
testimagesof eachclass(here,10). Therightmostcolumnshows thenumberof featurenodes
that arepart of the Bayesiannetwork representingeachclass. The bottomrow of the bottom
panelgivestheaverageproportionof thetestsetthatfalls into eachrecognitioncategory.

ConfusionMatrix correct� wrong # Feats.
Class obj1 obj2 obj3 obj4 obj5 obj6 amb. cnf. ign. BN

Fold 1:
obj1 6 4 8
obj2 8 1 1 4
obj3 8 2 9
obj4 1 2 1 2 2 2 11
obj5 3 2 5 5
obj6 1 2 7 9
Sum 6 8 10 2 4 4 5 0 21 46

Fold 2:
obj1 5 5 10
obj2 10 7
obj3 2 1 7 16
obj4 4 2 2 2 9
obj5 7 2 1 8
obj6 2 3 2 3 10
Sum 5 10 2 4 10 5 6 0 18 60

Averageof both folds (proportions):
obj1 .55 .45 9
obj2 .90 .05 .05 6
obj3 .50 .05 .45 13
obj4 .05 .30 .05 .20 .20 .20 10
obj5 .50 .20 .30 7
obj6 .05 .10 .25 .10 .50 10
Avg. .09 .15 .10 .05 .12 .08 .09 .00 .33 9
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In thecasesof ambiguousrecognition,which classeswerethefalsepositives?Theanswer
is givenby Table4.4. In bothfolds,obj4 andobj5 couldoftennot bedisambiguatedfrom each
other. Thesewrongandambiguousrecognitionsdo not seemintuitive, given that they appear
very dissimilarto a casualobserver (Figure4.6). However, in Fold 1, obj4 sharesonefeature
with eachof obj5 andobj6. This is anindicationthatatsomelevel, theseclassesdoseemsimilar
to the learningsystem.Even morestronglyin Fold 2, obj4 sharesonefeaturewith obj5, two
featureswith obj6, andonemore featurewith both obj5 andobj6. Examplesof the features
learnedfor eachclassareshown in Figure4.7. Edgelsand texels and their orientationsand
scalesarerepresentedasin Figure3.9 on page22. In addition,thesubfeaturesof a compound
featurearelinkedwith a line, thatis solid for geometricanddottedfor Booleancompounds.

Table4.4.Resultson theCOIL task:Confusionmatricesof ambiguousrecognitions.Theitalic
numberson the diagonalindicatehow many timesthe classgiven on the left wasrecognized
ambiguously(cf. Table 4.3), and the upright numbersin eachrow specify the false-positive
classes.

Class obj1 obj2 obj3 obj4 obj5 obj6

Fold 1:
obj1
obj2 1 1
obj3
obj4 2 1 1
obj5 1 1 2
obj6

Fold 2:
obj1
obj2
obj3
obj4 2 2 1
obj5 1 2 1
obj6 1 1 2

To a casualhumanobserver, the two cars(obj3 andobj6) look very similar. Why doesthe
learningsystemnot seemto have any di� culty with thesetwo objects? The answeris that
the similarity occursat a high level, concerningthe overall shapeof thebody, the locationof
the wheels,etc. However, the learningsystemdoesnot have direct accessto thesehigh-level
features.It only looksat a smallnumberof stronglylocalizedfeatures,andat combinationsof
these.At thelevel of local features,thetwo carsin factlook ratherdi� erentevento humans.

What are the appearancecharacteristicscapturedby individual features?Figures4.8 and
4.9giveanintuition. Figure4.8showsall imagesof classobj1. Eachimagedisplaysall features
characteristicof this classthat is presentin this image(i.e., ff SZO f ; cf. Algorithm 4.4,Step5,
page38). Eachfeatureis annotatedwith a uniqueidentifier k (featurek was the kth feature
learnedby thesystem).Theimagesshow thatsomefeaturesarereliably locatedatcorrespond-
ing partsof theduck(features5, 8, 25). Otherfeatureschangetheir locationwith theviewpoint
(features11, 13). Most featuresappearon mostviews, while feature22 only occursin a few
images.Feature9 is adisjunctive feature.In mostviews,its dominantsubfeatureis alarge-scale
geometriccompoundof two edgels.Only thefirst imageshows its othersubfeature,a texel.

Figure4.9 illustratesthespecificityof a representative subsetof the featurescharacteristic
of classobj1. Thetwo centercolumnsindicatehow stronglya featurerespondedeverywherein
the image. For purposesof illustration, the featureresponsevaluewascomputedat all image
points(not justatsalientpoints).At eachpoint,all scalescorrespondingto scale-spacemaxima
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Figure 4.7. Examplesof featureslearnedfor theCOIL task. For eachclass,all featureschar-
acterizingthis classin Fold 1 areshown that areconsideredto bepresentin the imageby the
classifier.
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Figure 4.8. Featurescharacteristicof obj1 locatedin all imagesof this classwherethey are
present.Thesefeatureswerelearnedin Fold 1, andarehereidentifiedby uniqueID numbers.
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wereconsidered.Thegrayvalueatapixel correspondsto themaximumfeaturevalue fmax over
thesescales.The locationof a featureis identifiedwith the locationof its referencepoint (cf.
Figure3.12,page26). To enhancedetail,thegrayvalueis proportionalto f 4

max, asmostfeature
responsesarequite closeto unity. A pixel wasleft white if thescalefunctiondid not assume
any local maximaat this imagelocation.Thefigureshows thatsomefeaturesaremorespecific
thanothers.Feature13 is theleastspecificfeaturecharacteristicof obj1. It respondsstronglyin
many areasbotharoundtheperipheryandin theinteriorof theduck,andalsothecat.Feature5
is themostspecificfeatureof obj1, andrespondsprimarily to certainareasinterior to theduck.
This featureis very similar to feature25. Not accidentally, feature13 assumedits strongest
responseat variousplacesin Figure4.8,while features5 and25 arestablewith respectto their
location.Feature18is anexampleof anedgefeature.In fact,its responseis muchmorestrongly
localizedto edgesthanthetexel featuresshown in Figure4.9. Feature9 respondsonly weakly
everywhere,asits constituentfeaturesweresampledfrom otherimages.Its presencethresholdO f is correspondinglylower (not shown in thefigure).

4.5.2 The Plym Task

The secondtaskusedeight artificially rendered,geometricobjects,2 that areshown in Figure
4.10.Thereare15views perobject,coveringa rangeof [ 10degreesabouttheverticalaxisrel-
ative to themiddlepositionshown in Figure4.10in stepsof two degrees,at constantelevation.
Two views arerenderedfrom elevations10 degreesabove andbelow themiddleposition,and
two views at 10 degreesin-planerotation. Theobjectsurfacesarefreeof texture. This makes
thePlymtaskdi� cult to learnusingthefeaturespaceusedhere,astheonly discriminantinfor-
mationavailableto the learningsystemis given by local contourshadingandanglesbetween
edges– andbothareadverselya� ectedby perspectivedistortions.Therenderingviewpointsare
closertogetherandcover a smallersectionof the viewing spherethanthe COIL task. Again,
neighboringviews wereassignedalternatelyto trainingandtestsets,yielding onetraining� test
setwith 8 andonewith 7 imagesper class. The objectsarerenderedat similar size,andthe
imageswerecroppedto leavea16-pixel boundaryaroundtheobject,resultingin imagesizesof
about100 - 170pixels.

Table4.2 revealsthat the performanceof the learningsystemon the Plym taskwasvery
similar to theCOIL task.Therewasaboutthesamenumberof correctrecognitions,but slightly
fewer wrongandambiguousrecognitions,which is reflectedby a higherproportionof ignorant
results. Oneof the very few confusedrecognitionresultsever encounteredoccurredhere: A
cucon wasrecognizedasacucy andacyl3. Incidentally, in thisfold thecucon Bayesiannetwork
sharedone featureeachwith eachof the cucy andcyl3 networks, which indicatesthat these
classeswereconsideredsimilar by the learningsystem.All othernumbersshown in Table4.2
areroughlyin proportionto theCOIL task.

The confusionmatrices(Table4.5) againreveal striking consistenciesanddi� erencesbe-
tweenthetwo folds. For example,cyl3 wasperfectlyrecognizedin Fold 1, but poorly in Fold 2.
Objectcycu wasalmostperfectly recognizedin both folds. This object is characterizedby a
uniquerectangularprotrusionattachedto a smoothsurface. This turnedout to be a powerful
clueto thelearningsystem:Thecompoundfeature(from Fold 2) sittingpreciselyat theattach-
mentlocationin Figure4.11hasaKSD of 1.0– it is aperfectpredictorof thisobject.In Fold 1,
a coarse-scaletexel featurewaslearnedthat respondsto the uniqueconcavity createdby the
protrusion.This feature(not shown) alsohasa KSD of 1.0.

Theconsistentlymostdi� cult objectsto recognizewerecyl6 andtub6. Mostseverely, none
of thesewasrecognizedcorrectlyin Fold 1. It is nocoincidencethatcyl6 is themostfeatureless
object in the dataset,and it is identical to the tub6 except that the latter is hollow. This is a

2Theseobjectsweregeneratedby LeventeTóth at theCentreFor IntelligentSystems,University of Plymouth,
UK, andareavailableundertheURL http:\]\ www.cis.plym.ac.uk\ cis\ levi\ UoP CIS 3D Archive\ 8obj set.tar.
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Figure 4.9. Spatialdistribution of featureresponsesof selectedfeaturescharacteristicof obj1
(left columns),for comparisonalso shown for obj4 (right columns). In the centercolumns,
the gray level encodesthe responsestrengthof the featureshown in the outerpanels. Black
representsthemaximalresponseof f ^ 1_ 0; in whiteareasnoresponsewascomputed.Features
arelabeledby their ID numbers.
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con6 cube cucon cucy cycu cyl3 cyl6 tub6

Figure 4.10.Objectsusedin thePlym task.Shown aremiddleviews from thesortedsequence
of viewpoints.

con6 cube cucon cucy

cycu cyl3 cyl6 tub6

Figure 4.11. Examplesof featureslearnedfor thePlym task. For eachclass,all featureschar-
acterizingthis classin Fold 2 areshown that areconsideredto bepresentin the imageby the
classifier.
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Table 4.5. Resultson the Plym task. The table shows, for eachclass,how many instances
wererecognizedaswhichclassfor correctandwrongrecognitions,andthenumberof ambigu-
ous� confused� ignorant recognitionoutcomes.In eachrow, theseentriessumto thenumberof
testimagesof eachclass(here,8 in Fold 1 and7 in Fold 2). Therightmostcolumnshows the
numberof featurenodesthat arepart of the Bayesiannetwork representingeachclass. The
bottomrow of thebottompanelgivestheaverageproportionof thetestsetthat falls into each
recognitioncategory.

ConfusionMatrix correct� wrong # Feats.
Class con6 cube cucon cucy cycu cyl3 cyl6 tub6 amb. cnf. ign. BN

Fold 1:
con6 6 2 13
cube 3 5 16
cucon 1 5 1 1 5
cucy 3 3 2 10
cycu 7 1 8
cyl3 8 4
cyl6 8 15
tub6 2 1 5 13
Sum 7 3 5 3 7 10 1 0 3 1 24 84

Fold 2:
con6 4 3 6
cube 5 2 12
cucon 1 5 1 6
cucy 3 4 7
cycu 7 6
cyl3 3 4 14
cyl6 3 4 21
tub6 1 3 3 14
Sum 4 5 1 3 7 3 4 3 5 0 21 86

Averageof both folds (proportions):
con6 .67 .33 10
cube .53 .47 14
cucon .07 .40 .33 .07 .13 6
cucy .40 .20 .40 9
cycu .93 .07 7
cyl3 .73 .27 9
cyl6 .20 .80 18
tub6 .13 .13 .20 .53 14
Avg. .09 .07 .05 .05 .12 .11 .04 .03 .07 .01 .38 11
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situationwherethe lack of a closed-world assumption(cf. Section4.4.1) impairsrecognition
performance:Theonly wayto decidethatanobjectis acyl6 asopposedto a tub6 is by asserting
theabsenceof featurescorrespondingto thecavity. This typeof inferenceis not performedby
therecognitionsystem.Therefore,thelearningsystemtrieshardto identify featurescharacteris-
tic of cyl6, finding featuresthatrespondto theindividual trainingimages,but donotgeneralize.
Thesefeaturesfail to respondto unseentestviews, which resultsin ignorantrecognitions.The
similarity betweenthesetwo objectsis further illustratedby the fact that in both folds, their
respective Bayesiannetworkssharethreefeatures.

No patternis apparentin thefew ambiguousrecognitions(Table4.6). In eachfold, only one
classexperiencedambiguousrecognitions.Neitherof theseambiguitiesis reflectedin shared
features.

Table4.6. Resultson thePlym task:Confusionmatricesof ambiguousrecognitions.Theitalic
numberson the diagonalindicatehow many timesthe classgiven on the left wasrecognized
ambiguously(cf. Table 4.5), and the upright numbersin eachrow specify the false-positive
classes.

Class con6 cube cucon cucy cycu cyl3 cyl6 tub6

Fold 1:
con6
cube
cucon
cucy 3 2 1
cycu
cyl3
cyl6
tub6

Fold 2:
con6
cube
cucon 1 5 4
cucy
cycu
cyl3
cyl6
tub6

4.5.3 The Mel Task

TheMel taskusedall 12 imagesof eachof six non-rigidobjectsfrom theimagedatabaseused
to train andtestMel’s SEEMOREsystem[71]. All imagesareshown in Figure4.12.To speed
up processing,theimagesweresubsampledto 320 - 240from their original sizeof 640 - 480
pixels.Theviewsrepresentrandomsamplesfrom theobjects’configurationspace,takenat two
di� erentscalesthatdi� eredby a factorof two. Imageswererandomlyassignedto trainingand
testsets,eachcontainingsix images.Thisdatasetwasintendedto testthelimits of thelearning
system.As the featurespacederivesmostof its expressive power from geometriccompound
features,it is bestsuitedfor rigid objects.TheMel task,however, consistsof non-rigidobjects
in widely varyingconfigurations,limiting usefulgeometriccompoundsto very smallscales.

Table4.2 shows that thesystemdid poorly on theMel database,asreflectedby all perfor-
mancecategoriesexceptfor confusedrecognitions.Ignorantrecognitionsevenexceededcorrect
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abalone bike-chain grapes necktie phone-cord sock

Figure 4.12.All imagesusedin theMel task.
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recognitions.Accordingto Table4.7, the four weakest-performingclasseswerephone-cord,
grapes, abalone, andsock. In particular, no phonecordswererecognizedcorrectly. Oneprob-
lemwasthatfor thesmaller-scaleviews,muchof thecrucialdetailwasrepresentedatscalesthat
approachedthepixel size. Eachof theotherthreeclassesrevealsa limitation of thesystemas
presentedhere.A sock is primarily characterizedby thegray-level statisticsof its structureless
surface. However, the featuresdescribedin Chapter3 aredesignedto characterizegray-level
structure,notstatistics.

Table 4.7. Resultson the Mel task. The table shows, for eachclass,how many instances
wererecognizedaswhichclassfor correctandwrongrecognitions,andthenumberof ambigu-
ous� confused� ignorant recognitionoutcomes.In eachrow, theseentriessumto thenumberof
testimagesof eachclass(here,6). The rightmostcolumnshows thenumberof featurenodes
that arepart of the Bayesiannetwork representingeachclass. The bottomrow of the bottom
panelgivestheaverageproportionof thetestsetthatfalls into eachrecognitioncategory.

ConfusionMatrix correct� wrong # Feats.
Class abalone chain grapes necktie cord sock amb. cnf. ign. BN

Fold 1:
abalone 2 2 2 10
bike-chain 4 2 8
grapes 2 1 3 7
necktie 1 3 2 7
phone-cord 1 1 4 9
sock 2 2 1 1 9
Sum 3 5 2 5 1 2 4 0 14 50

Fold 2:
abalone 2 1 3 6
bike-chain 4 2 6
grapes 1 1 1 3 7
necktie 3 3 8
phone-cord 1 5 12
sock 2 1 3 8
Sum 3 5 1 3 0 3 5 0 16 47

Averageof both folds (proportions):
abalone .33 .25 .42 8
bike-chain .67 .33 7
grapes .08 .25 .08 .08 .50 7
necktie .08 .50 .25 .17 8
phone-cord .08 .08 .08 .75 11
sock .17 .33 .17 .33 9
Avg. .08 .14 .04 .11 .01 .07 .13 .00 .42 8

Theabalone boardcontainsstronggray-level structure,but this structurevarieswidely be-
tweenimages(Figure4.12).Themostmeaningfultexel featuresoccuraboutat thescaleof the
abaloneballs. Thesedo not have a meaningfulorientation,as they will mostly be measured
at scalesthat area� ectedby changesin the boardconfiguration. This preventsthe construc-
tion of powerful geometriccompoundfeatures,astheserely onpredictablerelative orientations
betweenfeatures.

Forpractical,reasons,thefeaturesamplingprocedurereliesonsalientpointsandtheirintrin-
sic scalesasextractedby scale-spacemethods.Thegrapes classexposesthecritical impactof
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thisprocedureonrecognitionperformance.Dueto thelow contrastandthehighdegreeof self-
occlusionandclutterpresentin the grapes images,theextractedtexels andtheir scalesrarely
correspondedto individual grapes.Moreover, similarly to the abalone board,theorientations
of individual texelsis rarelymeaningfulfor larger-scaletexelsin thegrape images.

Table4.8 of ambiguousrecognitionsdoesnot reveal any conclusive insights. Figure4.13
shows examplesof featureslearnedfor theMel task.Curiously, two backgroundfeatureswere
foundcharacteristicof theabalone class.Fromtheviewpointof task-drivenlearning,this is not
consideredbad.Any featurethatis helpfulona taskshouldbeconsidered.If thebackgroundis
predictive of a targetclass,thenbackgroundfeaturesmaycontribute to performance.

Table 4.8. Resultson theMel task: Confusionmatricesof ambiguousrecognitions.Theitalic
numberson the diagonalindicatehow many timesthe classgiven on the left wasrecognized
ambiguously(cf. Table 4.7), and the upright numbersin eachrow specify the false-positive
classes.

Class abalone chain grapes necktie cord sock

Fold 1:
abalone 2 2 1
bike-chain
grapes
necktie
phone-cord 1 1
sock 1 1

Fold 2:
abalone 1 1
bike-chain
grapes
necktie 1 1 3 1
phone-cord
sock 1 1 1

4.6 Discussion

This chapterpresentedan incrementalandtask-driven methodfor learningdistinctive features
from thefeaturespaceintroducedin thepreviouschapter. Althoughtheexperimentsdescribed
above usedconventionaldatasetsusedin object recognitionresearch,the methoddeveloped
hereis far moregeneralthanmostexisting recognitionsystems.In contrastto mostmethods
basedon eigen-subspacedecomposition,this approachdoesnot rely on global appearanceor
backgroundsegmentation(but seeColin deVerdìereandCrowley [26] for anexampleof locally
appliedeigen-features,andBlack andJepson[14] andLeonardisandBischof [61] for robust
versionsof globaleigen-features).In contrastto mostapproachesbasedon local features,this
systemdoesnot requirea hand-built featureset,but learnsdistinctive featuresfrom a feature
space.No prior knowledgeaboutthetotalnumberof targetclassesis used,andnoassumptions
aremaderegardingthenumberof targetclassespresentin any givenimage.Thelearnerlearns
distinctionsasrequired,addingclassesasthey arise.

Thefeaturelearningalgorithmreliesontwo key conceptsfor incrementallearningof condi-
tional probabilities:theexampleimages,andtheinstancelist. Theconceptof exampleimages
is analogousto the humancapacityto keepa small numberof exampleviews in short-term
memory. A humanacquirestheseviews simply by looking at anobjectfor anextendedperiod
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Figure 4.13. Examplesof featureslearnedfor theMel task. For eachclass,all featureschar-
acterizingthis classin Fold 1 areshown that areconsideredto bepresentin the imageby the
classifier.
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of time while changingthe viewpoint. Importantly, theseacquiredviews arenot distinct, but
form acoherentmotionsequence,whichallowstheobserver to trackfeaturesacrossviewpoints.
This cangreatlyfacilitatethediscovery of stableanddistinctive features[129]. In thesystem
discussedin thepresentchapter, no suchassumptionsaremadeabouttheexampleimages.Fu-
turework shouldinvestigatehow to take advantageof passively provided or actively acquired
motionsequences.

Notably, exampleimagescanbeavoidedaltogether. In this case,evaluationof newly sam-
pled featuresis deferreduntil a su� cient numberof training views of the object classesin
questionhasbeenacquiredover time. However, this deferredevaluationprecludesthe goal-
directed,simple-to-complex featuresearchimplementedby Algorithms4.8and4.10.Instead,a
numberof featuresmustbegeneratedandkeptarounduntil they canbeevaluated.To illustrate
how this canbe implemented,thesecondapplicationdiscussedin Chapter6 operateswithout
exampleimages.

Thesecondkey component,theinstancelist, is not easilydispensablebecauseit is usedto
estimateclass-conditionalfeatureprobabilities.Thedynamicrecomputationof the thresholdsO f (cf. Definition 4.2 (Distinctive Power of a Feature)on page37, andAlgorithm 4.8 (Feature
Learning),Step7 on page41) relieson theability to countthe individual instances.However,
this dynamicrecomputationis notanessentialpartof theoverall algorithm.If oneis willing to
commit to anearlyestimateof the thresholdsO f , thentheconditionalprobabilitydistributions
canbemaintainedin theform of parametricapproximationsthatcanbeupdatedincrementally
asnew training examplesbecomeavailable. In this case,the instancelist canbe completely
avoided. If aninstancelist is used,it maybedesirableto truncateit at a givenlength.This has
two importantconsequences:First,thememoryrequirementsof thefeaturelearningmechanism
areessentiallyconstantfor a fixed numberof classes.Second,the learnerwould continually
adaptto a nonstationaryenvironment, learningnew featuresas required,and forgetting old
featuresasthey becomeobsolete.

Therecognitionsystemis designedto bevery general.Threeimportantdesignchoicesthat
weremotivatedby this goal arethe useof local featuresthat aremorerobust to the presence
of clutterandocclusionsthanglobal features,theuseof scale-spacetheoryto infer theappro-
priatelocal scalesfor imageanalysis,andtheuseof separateclassifiersfor eachclass,eachof
which decideswhetheranobjectof its classis presentin thescene,independentlyof theother
classes.Thesecharacteristicsresultin a very generalsystemthatmakesfew assumptionsabout
theviewedscenes.On theotherhand,if suchprior informationis availablein thecontext of a
giventask,any generalsystemis clearlyput at a disadvantagewith respectto morespecialized
systemsthatexplicitly exploit this information. For example,if thescaleof the target objects
is known, scale-spacetheory(or any othermethodfor multiscaleprocessing)introducesunnec-
essaryambiguity. If it is known that thereis exactly onetargetobjectpresentin eachscene,it
wouldbepreferableto have theclassescompetein thesensethatevidencefoundin favor of one
classreducesthe belief in the presenceof otherclasses.This is implementedby the classical
modelof a Bayesianclassifier, wherea singleclassvariablehasonestatefor eachclass. If
objectsarerigid andpresentedin isolationon controlledbackgrounds,aswasthe casein the
COIL andPlym tasks,thensuperiorresultsaretypically achievedusingglobalfeatures.

To avoid unnecessarycomplication,all experimentswereperformedusingcontrolledim-
agerywith onewell-contrastedobjectpresentin eachscene.Moreover, with the exceptionof
theMel task,objectswererigid andsubjectto only minorchangesin scale.As is to beexpected,
somewhatsuperiorresultswereachievedby earlierversionsof thefeaturelearningsystemthat
took advantageof known taskconstraints.Insteadof themultiple Bayesiannetwork classifiers
usedin this chapter, a singleBayesiannetwork classifier[85] anda decisiontree[84, 86] as-
signedexactlyoneclasslabelto eachimage.Othersystemsprocessedimageryatasinglescale
[84] or atmultiple scales,spacedby a factorof two [86, 88, 87, 89].
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Theprincipalreasonfor therelatively low recognitionaccuraciesachievedin thischapteris
that the learningalgorithmacceptsany featurethatsolvesa given recognitionproblem(Algo-
rithm 4.8 (FeatureLearning),Step8b, page42). However, suchfeaturesmay have very little
distinctive power. Therefore,thegeneralizationpropertiesof theresultingclassifiersaresubject
to the randomnessof the featuresamplingprocedure.The following Chapter5 will presenta
methodfor learningimprovedfeatures,which leadsto improvedrecognitionresultswhile pre-
servingtheopennessof thesystem.Therefore,a moredetaileddiscussionof theperformance
characteristicsof thefeaturelearningsystemis deferredto Chapter5.

Anotherimportantlimitation of thesystemasdescribedin thischapteris relatedto thecom-
putationof thesalientpoints. Due to limited computationalresources,computationof feature
valuesis restrictedto salientpoints.Thefewersalientpointsareextracted,themorethelearning
successwill dependonthevarietyandstabilityof thesalientpoints,which is theflip sideof the
computationalsavings. Moreover, in the experimentsreportedhere,the scalespacewasrela-
tively coarselysampledathalf-octave spacing.If moreintermediatescalesareused,morelocal
scale-spacemaximaandthusmoresalientpointswill generallybe found,andintrinsic scales
will bemeasuredmoreaccurately, againat increasedcomputationalexpense.Section5.4.5will
examinethecomputationalcostin moredetail.

The goal of this work is not to achieve high recognitionratesby exploiting known prior
constraints,but to begin with a highly uncommittedsystemthat learnsusefulvisualskills with
experience.To fully evaluatethethegeneralsystem,large-scaleexperimentswouldberequired
to testit undervariousdegreesof clutterandocclusionatvariousscales,with variousnumbersof
targetobjectspresentin a scene.Thereis no known suitableimagedatasetcurrentlyavailable.
Hence,a full-scaleperformanceevaluationwould constitutea substantialendeavor, which is
beyondthescopeof thisdissertation.
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CHAPTER 5

EXPERT LEARNING

Chapter4 presentedan algorithmfor learningdistinctive featuresfrom the featurespacede-
scribedin Chapter3. Thisbrief chapterintroducesa simpleextensionto thelearningalgorithm
thatproducesmarkedly improvedfeatures.A resultingsignificantimprovementin recognition
performanceis reflectedby all evaluationcriteria.

5.1 RelatedWork

Mostcurrentmachinevisionsystemsareconstructedor trainedò -line or in adedicatedtraining
phase.In contrast,humanvisualperformanceimproveswith practice.For example,recognition
accuracy andspeedboth increasewith growing experience.It is not clearwhat thebiological
mechanismsarefor this typeof visual learning.Nevertheless,thereis substantialevidencethat
at leastpart of the performanceimprovementcanbe attributedto betterfeatures.Tanakaand
Taylor [120] found that bird expertswere as fast to recognizeobjectsat a subordinatelevel
(“robin”) asthey wereat thebasiclevel (“bird”). In contrast,non-expertsareconsistentlyfaster
at basic-level discriminations.This è ect is sopronouncedthat it hasbeenproposedasa defi-
nition of expertisein visualrecognition[120, 38]. It seemsthatexperts,colloquially speaking,
know whatto look for, suggestingthey have developedhighly discriminative features.

GauthierandTarr[38] investigatedthephenomenonof recognitionexpertiseusingartificial,
unfamiliarstimuli, theso-calledGreebles. Greeblesareorganizedintogendersandfamilies,that
arecharacterizedby theshapesof anindividual’s bodyparts.Subjectsweretrainedto recognize
Greeblesat threelevels– gender, family, andindividual– until they reachedtheexpertcriterion,
i.e., they wereasfast to recognizeGreeblesat the individual level asat the family or gender
level. Training requiredbetween2700and5400 trials, spreadacrossa total of 7 to 10 one-
hoursessions.Expertsthustrainedwereslower to recognizeGreebleswith slightly transformed
bodyparts,ascomparedto theGreeblesthey saw duringtraining. All expertsubjectsreported
noticingthesetransformations.In contrast,for non-expertstherewasnosuchspeedor accuracy
dì erence,andnoneof themnoticedthe transformations.Again, this resultstronglysuggests
thatexpertshaddevelopedhighly specificfeatures.In fact,GauthierandTarrwrite:

“In our experiment,expertisetraining may have led to the assemblyof complex
feature-detectors,extractedfrom the statisticalpropertiesof the Greebleset that
provedusefulfor performingthetrainingdiscriminations.” [38]

The featurespaceintroducedin Chapter3 fits this description. The presentchapterprovides
a computationalmodelthat is consistentwith the empiricalresultsandproposedmechanisms
reportedby theseauthors.Regardinga possibleneuralsubstrate,GauthierandTarr speculate
that thecomplex featuredetectorneuronsfound in the inferotemporalcortex arenot fixedbut
canbemodifiedin responseto experience,citing LogothetisandPauls[65] whofoundthatthese
neuronscanbecomehighly selective for previously novel stimuli.

I am not awareof any work in machinevision that is relatedto thedevelopmentof visual
expertiseand the formationof improved features. Featureextractionmethodsbasedon dis-
criminative eigen-subspacesgeneratehighly distinctive features,but thesemethodsareusually
appliedò -line, andtheextractedfeaturesaretypically non-local[31, 37, 117].
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5.2 Objective

Thebasicfeaturelearningprocedureintroducedin theprecedingchapteris driven by a single
criterion,thatis, to learnthetrainingimages.In theabsenceof any misrecognitions,nolearning
occurs. In analogyto humanvisual learning,the resultingvisual systemremainsa life-long
non-expert. The objective in this chapteris to extend the basiclearningproceduresuchthat
learningcancontinueevenin theabsenceof misrecognitions.As motivatedby thephenomenon
of humanexpertise,learningthenfocuseson improving thefeatures.

How canthelearnerimprove its features?Whatis thecriterionthatmeasuresthequality of
a feature?In theprevious chapter, no attentionwaspaid to thequality of a feature.Theonly
requirementof acandidatefeaturefor inclusionin aclassifierwasthatit solvedtherecognition
problemthat triggeredthe presentfeaturesearch(Algorithm 4.8 (FeatureLearning),Step8b,
page42). The algorithmwasbiasedtoward finding few andpowerful features(by addinga
maximumof onefeaturefor eachfailed recognition),andtoward structurallysimple features
(by virtue of thesimple-to-complex orderingof stepsin the feature-generationalgorithm4.10
on page43). However, therewas no explicit pressureon the numberor quality of features.
The following sectiondefinesan obvious measurefor the quality of a feature,anda simple
mechanismfor learningimprovedfeatures.A desiredsideè ectis thereductionof thenumber
of featuresusedduring recognition,which resemblesandmight explain the fast recognition
performedby humanexperts.

5.3 Expert Learning Algorithm

The goal of the learningsystemis to learndistinctivefeatures(Definition 4.1, page31). To
discretizethe continuousfeaturevalues,a cutpoint is chosenthat maximizesthe distinctive
power of a feature(Definition 4.2, page37). Hence,a naturalway to definethe quality of a
featurefor thepurposesof expert learningis to equateit with its distinctive power betweenthe
characterizedclassandoneor morediscriminatedclasses.

The basicideaof theexpert learningalgorithmis to reduceuncertaintyin the recognition
resultby learningfeaturesthatdiscriminatewell betweenclassesthataredia cult to distinguish
by the recognitionsystem. This dia culty is measuredin termsof the KSD achieved by any
featureavailableto discriminatebetweentheseclasses.If for a givenpair of classesthis KSD
fallsbelow aglobalthresholdtKSD, thenanew featureis soughtthatdiscriminatesbetweenthese
classeswith aKSD of at leasttKSD. A high-level view of theexpertlearningideais givenby the
following algorithm.

Algorithm 5.1(Expert Learning) Onreceiptof animage,thefollowing stepsareperformed:

1. The imageis recognizedusingAlgorithm 4.4 (page38). If the result is correct(in the
senseof Definition4.5),thencontinueatStep2. Otherwise,thefeaturelearningalgorithm
(4.8, page41) is run, with oneslight but importantmodification: At Step3, Algorithm
4.10is calledrepeatedlyuntil it returnsa candidatefeaturewith a KSD greaterthantKSD.
Thecompletionof Algorithm 4.8alsoconcludesthisAlgorithm 5.1.

2. If thereis noclasswith nonzeroresidualentropy afterrecognition,thealgorithmstops.No
expert learningis performedin this case– thelearneris considereda fully trainedexpert
on this image.

3. Identify a pair (cb d) of classesfor which animproveddistinctive featureis to belearned.
Thedetailsaregivenin Algorithm 5.2below.

4. A new featureis learnedthat is characteristicof classc anddiscriminative with respect
to classd, usingAlgorithm 4.8,beginningat Step2, subjectto thesameminimum-KSD
requirementasdescribedatStep1 above.
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A crucialpartof thisstraightforwardalgorithmis Step3. Therearemany waysto defineamean-
ingful pair of classesthat warrantlearningan improved distinction. The methoddescribedin
Algorithm 5.2below identifiesapairof classesthatconstitutesa“nearmiss” in therecognition.
Hence,oneof theclassesis a true class(i.e., a target classpresentin the currentimage),and
theotheris a falseclass.Thespecificpair of classesis chosenthatareleastwell discriminated
by any featureconsultedduringtherecognitionprocedure(Step1 in Algorithm 5.1). Therefore,
this is thepairof classesthatwouldbenefitthemostfrom abetterfeature.Crucially, thecharac-
terizedclassof thenew featuremusthave hadnonzeroresidualentropy afterrecognition.This
guaranteesthatthenew featureis goingto bequeriednext timethesametrainingimageis seen.
Thus,thenew featureactuallyimprovesthesituation,andendlessloopsareavoided.

Algorithm 5.2(Choosinga Pair of Classesfor an Expert Feature) This algorithmis run at
Step3 of Algorithm 5.1,anddeterminesacharacteristicclassc andadiscriminatedclassd that
areleastwell discriminatedby existing features:

1. For all classesci with nonzeroresidualentropy:

(a) If ci is a trueclass,thendefineD asthesetof all falseclasses;otherwise,let D bethe
setof all trueclasses.

(b) Determinetheclassdmin
i c D that is leastwell discriminatedby any featurecharac-

teristicof classci , in termsof theKSDci d dmin
i

. This is accomplishedby computingfor
all classesd j c D:e Over all featuresf that are characteristicof classci , and that have beencon-

sultedduringtherecognitionprocedure,computethemaximumKSDci d dj (f ). Each
KSDci d dj (f ) is computedby countingapplicableinstancesin theinstancelist.

Then,theleast-welldiscriminatedclassdmin
i is givenby thefeaturewith theweakest

valueof theKSDci d dj (f ):

KSDci d dmin
i f min

dj g D
max

f
KSDci d dj (f )

2. Thecharacterizedanddiscriminatedclassesaregivenby thepairwith theweakestassoci-
atedKSD. Formally, c f ci andd f di , where

i f argmin
j

KSDcj d dmin
j h (5.1)

The featurelearningproceduredefinedby Algorithms 5.1 and5.2 attemptsto learnimproved
featuresaslong asthereareclasseswith nonzeroresidualentropy, andasthereareclassesthat
arediscriminatedataKSD lessthantKSD by any currentlyavailablefeature.ThethresholdtKSD

canbeincreasedovertime. Thereareotherpossiblewaysto learnimprovedfeatures.For exam-
ple,onecanattemptto learnhighly distinctive featuresbetweenall pairsof classesexhaustively.
However, this is impracticalfor evenmoderatenumbersof classes,andit would likely generate
a large numberof featuresthat arenever going to be usedin practice.A nice propertyof the
above algorithmsis thatexpert featurelearning– like thebasicfeaturelearning– is driven by
actualexperience.Successfullylearnedfeaturesareguaranteedto beusedshouldthesamesit-
uationariseagain.Thus,eachnew featurehasa well-definedutility to therecognitionsystem.
Whenthereis nomeasurableneedfor betterfeatures,theexpertlearningalgorithmstops.

5.4 Experiments

Experimentswereperformedusingthesamesimulated,incrementalparadigmasin Section4.5,
andusingthesamedatasets.Here,trainingoccurredin stages. Thepurposeof thesestageswas
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to progressively increasethe thresholdtKSD, below which a featurewasconsideredweakand
triggeredexpertlearning.

Algorithm 5.3(Training Stages)

1. Initially, setthestageindex to s f 0, andlet tKSD(s) f 0.

2. Train the systemby cycling throughthe training set,asdescribedin Section4.5. Cycle
until eitherthetrainingsethasbeenlearnedcompletely(i.e.,all recognitionsarecorrect),
or give up after 20 iterations. During featurelearning,apply the tKSD(s) thresholdas
describedin theexpertlearningalgorithm5.1,Step1.

At theendof eachcycle,discardall featuresthathavenotbeenconsultedatall duringthis
pastcycle.

During recognition,monitortheminimumKSD encounteredby Algorithm 5.2duringthe
final iterationthroughthetrainingset.Thisvalueis givenby

KSDmin(s) f min
recognitions

min
i

KSDci d dmin
i

wherethe first minimum is taken over all executionsof Algorithm 5.1 during the final
iterationthroughthetrainingset(cf. Equation5.1).

3. For thenext stages i 1, set

tKSD(s i 1) f 1 j 1 j mink KSDmin(s) b tKSD(s) l
2

This ruleattemptsto rampup thetargetKSD tKSD exponentially, asymptotingatunity, but
only if the target KSD wasreachedduring thestagejust completed,i.e. if KSDmin(s) m
tKSD(s). If tKSD(s i 1) n 0h 98, thenit wassetto tKSD(s i 1) f 1.

4. Increments, andcontinueat Step2.

Accordingto this algorithm,thefirst stage(s f 0) is preciselythebasicfeaturelearningproce-
dureusedin Section4.5. In fact,theresultsreportedtherearethoseobtainedafterthefirst stage
of a comprehensive trainingprocedure,theresultsof whicharepresentedbelow.

5.4.1 The COIL Task

The first block of resultslisted in Table5.1 correspondsto the COIL resultsin Table4.2 on
page47,but wereattainedafterexpertlearning.(The‘-inc’ tasksin Table5.1will bediscussed
in Section5.4.4.)Mostof thereportedparametersarevisualizedfor all trainingstagesin Figure
5.1. In thesegraphs,trainingstage0 correspondsto thedatain Table4.2,andthe last training
stagecorrespondsto Table5.1.

Therecognitionresultsin Table5.1,correspondingto thetop panelsin Figure5.1, indicate
a dramaticperformanceincrease.With cumulative expert training, the proportionof correct
recognitionsrisesby about50%comparedto theinitial trainingstage,ignorantrecognitionsare
reducedby about70%,andwrongrecognitionsarealmosteliminated.Thenumberof ambigu-
ousrecognitionsalsoincreasessomewhat.This is nota desiredè ect,but ambiguityis thebest
recognitionoutcomeshortof correctness.Theaccuracy reachesmorethan80%,which begins
to be comparableto object recognitionresultsreportedfor more specializedmachinevision
systems.

Another dramaticdevelopmentcan be observed in the evolving featureset. The middle
panelsin Figure5.1 reveala typical behavior. Throughoutexpert learning,thenumberof fea-
turesqueriedduringa recognitionproceduredecreasessharply. During Stage1, thenumberof
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Table5.1. Summaryof empiricalresultsafterexpertlearningonall tasks.Thefirst four entries
give thenameof thetask,thenumberof classes,thefold index, andtheaccuracy accordingto
Definition 4.6. The five entriesunder“RecognitionResults”in eachrow sumto one,barring
roundò errors.Zeroentriesareleft blank for clarity. Thecolumnsundertheheading“# Fea-
tures”give the total numberof featurenodesin all Bayesiannetworks (BN), the total number
of dì erentfeatures(dif.), theaveragenumberof featuresqueried(qu’d) duringa singlerecog-
nition procedure(Algorithm 4.4),andthetotalcumulative numberof featuressampled(smp’d),
respectively. Therightmosttwo columnslist thenumberof cyclesthroughthetrainingset,and
thetotalnumberof trainingimagepresentations.

RecognitionResults # Features Tr. Set
Task Cls. Fld. acc. cor. wrg. amb. cnf. ign. BN dif. qu’d. smp’d. cyc. imgs.

COIL 6 1 .86 .78 .02 .13 .07 10 8 6.4 19448 60 3600
COIL 6 2 .78 .70 .05 .12 .13 23 17 11.1 19203 68 4080
COIL 6 av. .82 .74 .03 .13 .10 17 13 8.8 19326 64 3840
COIL-inc 6 1 .87 .80 .12 .08 7 6 5.5 13867 6850
COIL-inc 6 2 .88 .82 .02 .10 .07 11 11 6.5 17491 11000
COIL-inc 6 av. .87 .81 .01 .11 .08 9 9 6.0 15679 8925
COIL-inc 10 1 .82 .77 .01 .08 .14 34 21 12.4 69450 43520
COIL-inc 10 2 .80 .73 .10 .01 .16 28 16 13.0 87996 57060
COIL-inc 10 av. .81 .75 .01 .09 .01 .15 31 19 12.7 78723 50290
Plym 8 1 .70 .58 .06 .22 .14 23 17 8.9 33711 155 8680
Plym 8 2 .80 .75 .04 .09 .13 11 10 8.5 25513 122 7808
Plym 8 av. .75 .67 .05 .15 .13 17 14 8.7 29612 139 8244
Plym-inc 8 1 .77 .73 .02 .08 .17 21 11 8.2 71183 36274
Plym-inc 8 2 .83 .79 .02 .05 .14 16 10 7.5 28078 15640
Plym-inc 8 av. .80 .76 .02 .07 .16 19 11 7.9 49631 25957
Mel 6 1 .61 .47 .03 .19 .03 .28 43 35 15.0 3766 38 1368
Mel 6 2 .55 .42 .14 .22 .03 .19 26 25 8.8 13461 64 2304
Mel 6 av. .58 .44 .08 .21 .03 .24 35 30 11.9 8614 51 1836
Mel-inc 6 1 .64 .44 .06 .39 .11 25 22 10.4 8313 3774
Mel-inc 6 2 .56 .42 .03 .17 .39 21 19 7.5 15181 3630
Mel-inc 6 av. .60 .43 .04 .28 .25 23 21 9.0 11747 3702
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Figure5.1.ExpertLearningresultsontheCOIL task.Thenumbersshown insidethetopgraphs
give thevalueof tKSD at therespective trainingstage.Wherethis numberappearsin bold face,
thetrainingsetwaslearnedwith perfectaccuracy, andthe tKSD goalwasachieved. Otherwise,
eitherthetrainingsetwasnot learnedperfectly, or thetKSD goalwasnotattained.Theerrorbars
in themiddleplotshave awidth of onestandarddeviation.
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dì erentfeaturespresentin all Bayesiannetworks increases,eliminatingmostof the re-used
features.This constitutesa qualitative changein thefeatureset,duringwhich generalfeatures
arereplacedby morespecialized,distinctive features.The total numberof featuresis hardly
à ected(Fold 1) or is evenreduced(Fold 2). During furtherexpertlearningstages,a relatively
smallnumberof highly distinctive featuresarelearned,renderinga largeproportionof theex-
isting featuresobsolete.Thus,thenumberof featuresstoredby thesystemis reducedfrom 53
(averageover both folds) to 17. Due to the high distinctive power of the remainingfeatures,
few arequeriedduringa recognitionprocedure.Fold 1 constitutesa quitedrasticexample:On
average,little morethansix featuresarequeriedto recognizeanimage(Table5.1). This is just
onefeatureperclass!

Figure5.2 shows someof the expert features.Comparedto the novice featuresshown in
Figure4.7onpage50, thesearemuchmoremeaningfulintuitively. Onecaris characterizedby
thetextureontheroof, theotherby awheelfeature.Both theduckandthecatarecharacterized
by an eyeo foreheadfeature. In fact, this featureis absolutelyidentical; it is one of the two
surviving sharedfeaturesin Fold 1. Curiously, this is the only featurecharacteristicof a cat
(Table5.2). How canit alonesua ceto characterizea catif it is alsoa distinctive duckfeature?
Theansweris that the thresholdp f for this featureto beconsideredpresentis muchhigherin
thecat’sBayesiannetwork thanin theduck’s (cf. Definition4.2,DistinctivePowerof aFeature,
page37). Evidently, on all duck imagescontainedin the trainingset,the responsevalue ff of
this featureremainedbelow thecorrespondingp f thresholdof thecat’snetwork, while onall cat
images,it exceededthis threshold.Otherwise,this featurealonewould nothave beensua cient
to characterizeacat.

The confusionmatricesof ambiguousrecognitionsis shown in Table5.3. Someof these
ambiguitiesarenot surprising.For instance,in Fold 1 a cat (obj4) wasalsolabeledasa duck
(obj1). In bothfolds, thetwo cars(obj3 andobj6) tendedto beconfused.Caro carandducko cat
confusionsalsoaccountedfor two of thefour wrongrecognitionsshown in Table5.2.

Findinghighly distinctive featuresis noteasy. Thetrainingsetwasfirst learnedafteramere
seven iterations(Table5.1), duringwhich about700candidatefeaturesweregenerated.After
completeexpert training,almost20,000featureshadbeentried in morethan60 iterations.As
shown in the bottom panel in Figure5.1, the bulk of this è ort is spentat the first stageof
expert learning.Thereasonis that initially, mostof therecognitionsendwith a high degreeof
uncertainty, andmostpairwiseuncertaintiesdiscoveredby Algorithm 5.2have KSDci d dmin

i f 0.
Thesuperiorpowerof expertfeaturesovernovice featuresnotonly resultsin fewer features

queriedper recognition,but is alsomanifestedin increasedstability acrossviewpointsandin-
creasedspecificity. Figure5.3 shows all featurescharacteristicof obj1. Remarkably, all three
featuresarepresentin all views except for the very last, wherefeature665 is missing. All
featuresrespondedreliably to correspondingobjectpartsacrossmostof the viewpoint range.
Figure5.4demonstratesthesuperiorspecificityof theseexpertfeaturescomparedto thenovice
features(seeFigure4.9 on page53 for comparison).The leastspecificexpert feature557 re-
spondsmorespecificallyto distinct partsof the duck thanthe mostspecificnovice feature5.
Even more significantly, it responseon the non-duckimageis weaker in most places. Fea-
ture 566 actsasan eye detector– it respondsto a small dark spotwith a neighboringlarger
light spot.As mentionedearlier, this featureis alsocharacteristicof thecat(obj4). Feature665
detectsthe wing in a specificspatialrelationto an outeredgeof the duck object. It responds
selectively to a few locationson theduckimage,but almostnowhereon thecatimage.

It is quiteremarkablethatthelearningsystemwasableto constructsuchpowerful features:
They arespecificto anobject,andat thesametime aregeneralin thatthey respondwell over a
wide rangeof viewpoints. Interestingly, they correspondto intuitively meaningfulobjectparts.
It would not have beeneasyto constructsuchspecificandyet viewpoint-invariant featuresby
hand.
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Figure 5.2. Examplesof expertfeatureslearnedfor theCOIL task,Fold 1.
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Table 5.2. Resultson the COIL taskafter ExpertLearning. The tableshows, for eachclass,
how many instanceswererecognizedaswhichclassfor correctandwrongrecognitions,andthe
numberof ambiguouso confusedo ignorant recognitionoutcomes.In eachrow, theseentriessum
to thenumberof testimagesof eachclass(here,10). Therightmostcolumnshows thenumber
of featurenodesthatarepartof theBayesiannetwork representingeachclass.Thebottomrow
of thebottompanelgivestheaverageproportionof the testsetthat falls into eachrecognition
category.

ConfusionMatrix correcto wrong # Feats.
Class obj1 obj2 obj3 obj4 obj5 obj6 amb. cnf. ign. BN

Fold 1:
obj1 10 3
obj2 8 2 1
obj3 8 1 1 3
obj4 8 2 1
obj5 6 2 2 1
obj6 7 1 2 1
Sum 10 8 8 8 6 8 8 0 4 10

Fold 2:
obj1 9 1 8
obj2 8 2 2
obj3 5 2 3 4
obj4 1 4 1 4 1
obj5 2 8 1
obj6 8 2 7
Sum 10 8 5 6 8 8 7 0 8 23

Averageof both folds (proportions):
obj1 .95 .05 6
obj2 .80 .20 2
obj3 .65 .05 .15 .15 4
obj4 .05 .60 .15 .20 1
obj5 .10 .70 .10 .10 1
obj6 .75 .15 .10 4
Avg. .17 .13 .11 .12 .12 .13 .13 .00 .10 3
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Figure 5.3. ExpertFeaturescharacteristicof obj1 locatedin all imagesof this classwherethey
arepresent.SeeFigure4.8onpage51 for comparison.
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Figure 5.4. Spatialdistribution of expertfeatureresponsesof all featurescharacteristicof obj1
learnedin Fold 1 (left columns),for comparisonalsoshown for obj4 (right columns). In the
centercolumns,thegray level encodesthe responsestrengthof the featureshown in theouter
panels. Black representsthe maximal responseof f q 1r 0; in white areasno responsewas
computed.Featuresarelabeledby their ID numbers.SeeFigure4.9onpage53for comparison.
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Table 5.3. Resultson theCOIL taskafterExpertLearning:Confusionmatricesof ambiguous
recognitions.Theitalic numbersonthediagonalindicatehow many timestheclassgivenonthe
left wasrecognizedambiguously(cf. Table5.2), andtheuprightnumbersin eachrow specify
thefalse-positive classes.

Class obj1 obj2 obj3 obj4 obj5 obj6

Fold 1:
obj1
obj2 2 2
obj3 1 1
obj4 1 1 2
obj5 2 2
obj6 1 1

Fold 2:
obj1
obj2 1 2 1
obj3 1 1 2 1
obj4 1 1
obj5
obj6 1 1 2

Thefeaturelearningalgorithmemploysarandomfeaturegenerationprocedure(Algorithm4.10,
page43). How sensitive is theperformanceof thetrainedsystemto this randomness?To give
anintuition, thesystemwastrainedon Fold 1 a total of ten times,seedingtherandom-number
generatorwith uniquevalues.Figure5.5shows theaverageperformanceof thetrainednovices
andexperts.Accordingto apaired-sampleone-tailedt test,thesuperioraccuracy of expertsvs.
novices is highly significant(p s 0h 0001). Thereis considerablevariation in the accuracies,
while thenumberof featuresqueriedstabilizesreliably duringexpert learning.Thereasonfor
this is that learningendsassoonasall recognitionsleave all classifierswith zeroresidualen-
tropy. By this time, all objectsarecharacterizedby a smallnumberof featuresthatarehighly
distinctive on thetrainingset– however, nodefinitive statementcanbemadeabouttheirgener-
alizationpropertiesto unseentestimages.In realistic,openlearningscenarios,this is notgoing
to bea problem:If an imageis misrecognizedor is recognizedwith lessthanperfectcertainty,
it immediatelybecomesa training image,and learningcontinues.Thus, in practicethe final
performanceis expectedto dependmuchlesson therandomnessintrinsic to thelearner, but is
determinedby theexpressivenessof thefeaturespace.

5.4.2 The Plym Task

All of the generalcommentsmadein the previous sectionaboutthe COIL taskapply alsoto
the Plym task(Figure5.6). As is alsoseenin Table5.1 in comparisonto Table4.2, all per-
formanceparametersimproved substantiallyasa resultof expert learning,with the exception
of anincreasednumberof ambiguousrecognitions.In Fold 1, progressof expert learningwas
markedly non-monotonic.For many stages,it failed to achieve thegoalof tKSD f 0h 5. At the
end,however, it learnedthetrainingsetwith a remarkabletKSD f 0h 94.

Similarly to thebasiclearningstage,cyl6 andcucon wereproblematicclasses(Tables5.4
and5.5). Examplesof the featureslearnedareshown in Figure5.7. Similarly to the COIL
task,thesefew but highly distinctive featuresmake muchmoreintuitive sensethanthefeatures
learnedduringthefirst stage(seeFigure4.11on page54). Noticethecon6 featurecharacteriz-
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Figure5.5.Variationdueto randomnessin thelearningprocedure.Thebarsrepresentthemean
performanceachievedon 10 independentlearningtrials of COIL-Fold 1. Theerrorbarsextend
onestandarddeviation above andbelow themean.Extremaareindicatedby asterisks.

ing theconverging edges,thecucon, cucy, cycu, andcyl3 featureslocatedatcharacteristicfolds
or corners,andthe tub6 featurethatrespondsto thetop rim.

Whatis thecritical limiting factorof theperformanceonthePlymtask,thefeaturespaceor
the learningprocedure?Thereis no absoluteanswerto this question.However, if thesystem
can learn to discriminatewell betweentwo particularlydia cult classesif more training data
are used,then this would indicatethat the limited performanceis primarily an è ect of the
learningprocedure.A leave-one-outcrossvalidationprocedurewasrun on classescube and
cucon. In Fold 1 of thefull-scaleeight-objecttask,theseweretwo of themostdia cult classes
to recognize(Table5.4), andin two casesa cube appearedasa falsepositive togetherwith a
cucon (Table5.5). In Fold 2, cucon wasoneof theweakestclasses.

Table5.6shows that this distinctionwaslearnedquitewell, with anaccuracy of 0.93.This
suggeststhat the featurespaceis capableof expressingsuchdistinctions.Thecritical limiting
factor is probablythe fixed training set: Oncefeatureshave beenlearnedthat alwaysachieve
perfectrecognitionwith zeroresidualentropy, expert learningends(cf. Section5.3). At this
stage,the learnedfeaturesetwill generallystill be imperfectin that they do not fully disam-
biguateall pairsof classeswith a KSD of 1.0. It is featureswith a weakKSD andthepotential
to eliminateall entropy thatcausethesystemto fail on unseentestimages.In a practical,open
task,thisis notaproblembecauseany imperfectlyrecognizedtestimageautomaticallybecomes
a trainingimage,andlearningcontinues.

5.4.3 The Mel Task

The Mel taskreflectsthe generalphenomenaobserved in the COIL andPlym tasks,but to a
lesserextent (Figure 5.8 andTable5.7). Contraryto this developmentis the slight increase
of wrongrecognitionsin Fold 2, andtheemergenceof oneconfusedrecognitionin both folds
(in Fold 1, an abalone boardwas mistaken for a phone-cord and a bike-chain; in Fold 2, a
sock wasmislabeledasgrapes andbike-chain). In Fold 2, no instancesof phone-cord were
recognizedcorrectly, aswasthecasefor bothfoldsaftertheinitial learningstage(seeTable4.7
on page58). In contrast,Fold 1 achieved somesuccesson this class,but only at the expense
of 20 featuresdedicatedto it. This is the largestnumberof featuresobserved for any objectin
all experimentsafterexpert learning.In fact,for bothfolds thenumberof phone-cord features
increasedsignificantlyduringexpert learning,while it decreasedfor almostall otherclassesin
all experiments.
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Figure5.6.ExpertLearningresultsonthePlymtask.Thenumbersshown insidethetopgraphs
give thevalueof tKSD at therespective trainingstage.Wherethis numberappearsin bold face,
thetrainingsetwaslearnedwith perfectaccuracy, andthe tKSD goalwasachieved. Otherwise,
eitherthetrainingsetwasnot learnedperfectly, or thetKSD goalwasnotattained.Theerrorbars
in themiddleplotshave awidth of onestandarddeviation.
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Table 5.4. Resultson the Plym taskafter ExpertLearning. The tableshows, for eachclass,
how many instanceswererecognizedaswhichclassfor correctandwrongrecognitions,andthe
numberof ambiguouso confusedo ignorant recognitionoutcomes.In eachrow, theseentriessum
to thenumberof testimagesof eachclass(here,8 in Fold 1 and7 in Fold 2). The rightmost
columnshows thenumberof featurenodesthatarepartof theBayesiannetwork representing
eachclass.Thebottomrow of thebottompanelgivestheaverageproportionof thetestsetthat
falls into eachrecognitioncategory.

ConfusionMatrix correcto wrong # Feats.
Class con6 cube cucon cucy cycu cyl3 cyl6 tub6 amb. cnf. ign. BN

Fold 1:
con6 6 2 1
cube 2 2 4 7
cucon 3 4 1 1
cucy 4 1 2 1 1
cycu 6 1 1 1
cyl3 8 3
cyl6 1 2 3 2 8
tub6 5 3 1
Sum 7 2 3 4 8 8 3 6 14 0 9 23

Fold 2:
con6 7 1
cube 5 1 1 4
cucon 4 2 1 1
cucy 6 1 1
cycu 5 2 1
cyl3 7 1
cyl6 4 1 2 1
tub6 4 1 2 1
Sum 7 5 4 6 5 8 4 5 5 0 7 11

Averageof both folds (proportions):
con6 .87 .13 1
cube .47 .07 .13 .33 6
cucon .47 .40 .13 1
cucy .67 .07 .13 .13 1
cycu .73 .20 .07 1
cyl3 1.00 2
cyl6 .07 .13 .47 .07 .27 5
tub6 .60 .27 .13 1
Avg. .12 .06 .06 .08 .11 .13 .06 .09 .16 0 .13 2
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Table 5.5. Resultson thePlym taskafterExpertLearning:Confusionmatricesof ambiguous
recognitions.Theitalic numbersonthediagonalindicatehow many timestheclassgivenonthe
left wasrecognizedambiguously(cf. Table5.4), andtheuprightnumbersin eachrow specify
thefalse-positive classes.

Class con6 cube cucon cucy cycu cyl3 cyl6 tub6

Fold 1:
con6 2 1 1
cube 2 2
cucon 2 4 1 1
cucy 1 2 1
cycu 1 1
cyl3
cyl6
tub6 1 1 1 2 3

Fold 2:
con6
cube
cucon 2 2 1
cucy
cycu 1 1 1 2
cyl3
cyl6
tub6 1 1

Table5.6. Resultson a two-classPlym subtaskafter15-foldExpertLearning.

correcto wrong
Class cube cucon amb. cnf. ign. Sum
cube 13 1 1 15
cucon 14 1 15
Sum 13 15 1 0 1 30
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con6 cube cucon cucy

cycu cyl3 cyl6 tub6

Figure 5.7. Examplesof expertfeatureslearnedfor thePlym task,Fold 1.

79



0 1 2 3
0

0.2

0.4

0.6

0.8

1

0 .5 .5 .75

training stages

pr
op

or
tio

n 
of

 te
st

 s
et

Mel Fold 1

correct  
wrong    
ambiguous
confused 
ignorant 

0 1 2 3 4
0

0.2

0.4

0.6

0.8

1

0 .5 .5 .5 .75

training stages

pr
op

or
tio

n 
of

 te
st

 s
et

Mel Fold 2

correct  
wrong    
ambiguous
confused 
ignorant 

0 1 2 3
0

10

20

30

40

50

training stages

nu
m

be
r 

of
 fe

at
ur

es

Mel Fold 1

0 1 2 3 4
0

10

20

30

40

50

training stages

nu
m

be
r 

of
 fe

at
ur

es

Mel Fold 2

0 1 2 3
0

1

2

3

4

training stages

cu
m

ul
at

iv
e 

nu
m

be
r 

(×
10

00
)

Mel Fold 1

features sampled
images presented

0 1 2 3 4
0

2

4

6

8

10

12

14

training stages

cu
m

ul
at

iv
e 

nu
m

be
r 

(×
10

00
)

Mel Fold 2

features sampled
images presented

Figure 5.8. ExpertLearningresultson theMel task.Thenumbersshown insidethetopgraphs
give thevalueof tKSD at therespective trainingstage.Wherethis numberappearsin bold face,
thetrainingsetwaslearnedwith perfectaccuracy, andthe tKSD goalwasachieved. Otherwise,
eitherthetrainingsetwasnot learnedperfectly, or thetKSD goalwasnotattained.Theerrorbars
in themiddleplotshave awidth of onestandarddeviation.
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Table 5.7. Resultson the Mel taskafter ExpertLearning. The table shows, for eachclass,
how many instanceswererecognizedaswhichclassfor correctandwrongrecognitions,andthe
numberof ambiguouso confusedo ignorant recognitionoutcomes.In eachrow, theseentriessum
to thenumberof testimagesof eachclass(here,6). Therightmostcolumnshows thenumber
of featurenodesthatarepartof theBayesiannetwork representingeachclass.Thebottomrow
of thebottompanelgivestheaverageproportionof the testsetthat falls into eachrecognition
category.

ConfusionMatrix correcto wrong # Feats.
Class abalone chain grapes necktie cord sock amb. cnf. ign. BN

Fold 1:
abalone 2 2 1 1 5
bike-chain 3 3 7
grapes 1 1 4 7
necktie 2 2 2 1
phone-cord 4 2 20
sock 5 1 3
Sum 2 3 1 2 4 6 7 1 10 43

Fold 2:
abalone 3 1 2 1
bike-chain 1 1 2 2 1
grapes 4 2 8
necktie 4 2 1
phone-cord 3 3 14
sock 3 1 2 1
Sum 3 1 7 5 0 4 8 1 7 26

Averageof both folds (proportions):
abalone .42 .08 .33 .08 .08 3
bike-chain .33 .08 .42 .17 4
grapes .42 .08 .17 .33 8
necktie .50 .33 .17 1
phone-cord .25 .33 .42 17
sock .67 .08 .25 2
Avg. .07 .06 .11 .10 .06 .14 .21 .03 .24 6
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In contrastto theothertwo tasks,performanceon theMel taskis characterizedby widely
varyingresultsandalackof discerniblepatterns,evenafterexpertlearning.Thisisalsoreflected
by themany ambiguousresultsandthelack of agreementbetweenthefolds (seeTable5.8). It
seemssurprisingthateventhoughfeatureswerelearnedthatdisambiguatedall classeswith non-
zeroentropy with a KSD of 0.75(seeFigure5.8,andFigure5.9 for examplesof thefeatures),
the test-setresultswerestill relatively poor. This suggeststhat the training setwastoo small
in relationto the enormouswithin-classvariety of appearances,enablingthe featurelearning
procedureto discover highly discriminative featuresthatgeneralizedpoorlynevertheless.Also,
recall thatexpert learningactsonly in thecaseof nonzeroresidualentropy in at leastoneclass
node.In theMel task,expert learningwasapparentlyhamperedby theabundantoccurrenceof
overly specificfeaturesthat respondedto very few images. Suchfeatures,if not found in an
image,arelikely to drive thebelief in their classto zero,asdiscussedin Section4.4.4on page
44,disablingexpertlearning.

Table 5.8. Resultson the Mel taskafter ExpertLearning: Confusionmatricesof ambiguous
recognitions.Theitalic numbersonthediagonalindicatehow many timestheclassgivenonthe
left wasrecognizedambiguously(cf. Table5.7), andtheuprightnumbersin eachrow specify
thefalse-positive classes.

Class abalone chain grapes necktie cord sock

Fold 1:
abalone 2 2
bike-chain 3 1 1 1
grapes
necktie 1 2 1 1
phone-cord
sock

Fold 2:
abalone 2 1 2
bike-chain 2 1 1
grapes 2 2
necktie 1 2 2
phone-cord
sock

In orderto find out to which extenttheMel taskis learnableby thesystem,a leave-one-out
crossvalidationprocedurewasrun on a two-classsubtask,usingtwo of themostproblematic
classes,grapes andphone-cord. In Fold 1 of the full six-classtask,grapes werethe poorest
classto be recognized(Table5.7); in Fold 2, phone-cord was the poorestclass,and half of
the testimagesweremislabeledasgrapes. A confusionmatrix summarizingtheresultsof the
twelve folds on the two-classsubtaskis shown in Table5.9. The resultsshow that the feature
spacehassomepower to expressthis classdistinction,but they arestill not outstanding.The
accuracy is 0.83, with 0.5 beingchanceperformance.Clearly, the structureof the Mel task
is not easily capturedby this learningalgorithm. This topic will receive further attentionin
Section7.3.

5.4.4 Incr ementalTasks

In all experimentsdiscussedso far, trainingwasincrementalin that imageswerepresentedto
the learnersequentially. Training imageswere chosenfrom all classesin randomorder. In
many practicalsituations,a morerealisticscenariowill requirethe learnerto acquireconcepts
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Figure 5.9.Examplesof expertfeatureslearnedfor theMel task,Fold 1.

Table5.9. Resultson a two-classMel subtaskafter12-foldExpertLearning.

correcto wrong
Class grapes cord amb. cnf. ign. Sum
grapes 9 2 1 12
phone-cord 1 8 1 2 12
Sum 10 8 3 0 3 24
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sequentially. In particular, this is how humansaretaught.It helpsusto masterskills if we learn
only a limited numberof themin parallel. In this section,tasksarepresentedto the learner
incrementally, asdescribedin thefollowing algorithm.

Algorithm 5.4(IncrementalTask) To train thelearningsystemonanincrementaltask,begin
with ablank-slatelearner, andthenperformthefollowing steps.

1. Createa trainingsetconsistingof all trainingimagesof thefirst two classes.

2. Train thesystemusingAlgorithm 5.3,with oneminor modification:At Step4, stopafter
amaximumof 10 stagesof expertlearning.

3. If thereareuntaughtclasses,thenaddall trainingimagesof thenext untaughtclassto the
trainingset,andcontinuewith Step2. Otherwise,stop.

Importantly, theexperienceof thelearneris notdiscardedbetweenexecutionsof Step2.

Theresultsachievedon thethreetasksusingAlgorithm 5.4areincludedin Table5.1,with
‘-inc’ appendedto thetaskname.Interestingly, in all casestheachievedaccuracy wasslightly
betterthanin thecorrespondingnon-incrementaltasks.Moreover, thenumberof featuressam-
pled – which is closelyrelatedto the overall runningtime of thesystem– is slightly reduced
for theCOIL task. Thenumberof cyclesthroughthe trainingsetis not given in Table5.1. It
haslittle meaningfor incrementaltasks,asthesizeof thetrainingsetincreasesover time. The
numberof training imagepresentationsis drasticallyincreased.The reasonfor this is that the
growing numberof already-learnedimagesis includedwith everycycle,while learningconcen-
tratesprimarily on imagesof thenew class.This è ect canbeavoidedby moresophisticated
incrementallearningschemes.For example,thesimulatedenvironmentcouldchoosetheclass
of atrainingimageaccordingto theempiricalmisrecognitionrateattainedby thelearner. In any
case,thechoiceof a learningstrategy dependson theinteractiondynamicsbetweenthelearner
andits environment. An environmentor a taskmayor may not allow the learnerto influence
thedistribution of trainingimages.

TheCOIL-inc taskwascontinuedup to a totalof 10 classes,whichareillustratedin Figure
5.10. Figures5.11and5.12show performanceparameterson a testsetasthey evolve during
incrementalexpert training. Thetestsetcontainsthesameclassesasthetrainingset. Usually,
the introductionof a new classcausesa temporarydrop in performancethat is reflectedby
mostperformanceparameters:Theproportionof correctrecognitionsdrops,while mostof the
other parametersincrease.Over the next few stagesof expert training, the systemrecovers.
Importantly, the transientdropsin performanceco-occurwith an imperfectly learnedtraining
set, as indicatedby the non-boldKSD indicatorsin Figures5.11 and 5.12. In other words,
goodperformanceon the training imagesgenerallypredictsgoodperformanceon unseentest
images.This is goodnews, given the often non-monotonicperformanceimprovementduring
expert learning.Nevertheless,a slight dropin accuracy is noticeable,asthenumberof classes
increases.

How dia cult areindividual classesto learn? Thereis no way to answerthis questionfor
thenon-incrementalversionof experttraining.However, incrementaltraininglendsinsightinto
a relatedquestion: How much è ort doesit take to learn a new class,after having learned
someotherclasses?Figure5.13 revealsthat someclassesare learnedafter samplingonly a
smallnumberof features,while othersrequirea lot of samplingè ort. Both folds learnedthe
first four objectsquite è ortlessly, while obj7 andobj8 weremoredia cult. Interestingly, both
folds spentmostè ort disambiguatingobj7 from obj2 – thesearethetwo woodenblocksin the
dataset. In addition,Fold 1 oftenconfusedobj7 with obj6, possiblydueto thestripedtexture
sharedby both objects. In the caseof obj8, therewasno suchsingularsourceof confusion.
Nevertheless,the two classesthat accountedby far for most confusionswereobj1 and obj6.
Almost all confusionson thetrainingsetthatoccurredat any time duringlearninginvolvedthe
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obj1 obj2 obj3 obj4 obj5

obj6 obj7 obj8 obj9 obj10

Figure 5.10.Objectsusedin the10-objectCOIL task.

mostrecentlyintroducedclass,especiallyduring the early stagesof expert learning. Beyond
thesequalitative remarks,it is dia cult to draw strongconclusionsfrom only two folds of cross
validation,andfrom asinglepresentationorderof new classes.

The numberof expert learningstagestaken until a classwaslearnedis clearly correlated
with thenumberof featuressampled.However, it isnotasreliableanindicatorof classdia culty,
because– in contrastto thenumberof featuressampled– it is largelyunrelatedto theproportion
of dia cult training imagesof a class.A singledia cult imagecanstretchexpert learningover
many stages,but far fewer featuresaresampledthanin thecaseof many dia cult images.For
example,in Fold 1, for obj6 11,470featuresweresampledduring4 stages,whereasfor obj10
only 5,760featuresweresampledduring9 stages.

The resultsfor the incrementalPlym task (Figures5.14, 5.15 and 5.16) show the same
characteristicsasthe COIL-inc task. Here,both folds agreethat tub6, the eighthclass,is the
most dia cult class(Figure 5.16). Not surprisingly, confusionswith cyl6 accountedfor the
overwhelmingmajority of the featurelearningè orts. Notably, Fold 1 hadtroublewith a few
individual imageswhile learningthesixth andseventhclasses(cyl3 andcyl6). At almostall of
thesestages,Algorithm 5.3at Step2 cycledthroughthetrainingsetthemaximumof 20 times,
while samplingvery few features.

The Mel-inc resultsagainshow similar behavior, but to a lesserextent (Figures5.17and
5.18). Thesegraphsreflect the samevariability as discussedfor the other Mel experiments
above. In contrastto theCOIL andPlym tasks,it appearsthat thenumberof featuressampled
grows purely asa functionof the numberof classes.This is anotherindicatorof the intrinsic
dia culty of theMel dataset,which makesit hardfor the learningprocedureto find powerful
andwell-generalizingfeatures.Interestingly, while learningthefourthclass(necktie) in Fold 2,
only 69 featuresweresampled,all of themduringStage0. Thefollowing four stagesof expert
learningonly re-estimatedthe conditionalprobabilitiesin the Bayesiannetworks, but never
requiredanew feature.

In both folds, the systemfailed to recover after the introductionof the sixth class(sock).
Thisis somewhatsurprising,giventhatthisclassperformedbetterthanany otherclassafternon-
incrementaltraining (Table5.7), andis yet anotherindicatorthatexpert learningwasseverely
hamperedon the Mel task. Expert learningessentiallyfailed herebecausea large numberof
overly specializedfeaturescausedmostrecognitionsto resultin zeroentropy in all classnodes.
Suchan è ect is only likely to occuron static,small,andheterogeneoustrainingsetssuchas
thatusedin theMel task.
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Figure 5.17. IncrementalExpertLearningresultson the Mel-inc task,Fold 1. The vertical
dottedlinesindicatetheadditionof a new classto thetrainingset.Below thegraphs,theseare
annotatedwith thetotal numberof classesrepresentedin thetrainingset.Datapointsbetween
theselinescorrespondto expertlearningstagesthatarenotnumberedhere.Thenumbersinside
thetopgraphindicatethevaluesof tKSD.
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Figure 5.18. IncrementalExpertLearningresultson the Mel-inc task,Fold 2. The vertical
dottedlinesindicatetheadditionof a new classto thetrainingset.Below thegraphs,theseare
annotatedwith thetotal numberof classesrepresentedin thetrainingset.Datapointsbetween
theselinescorrespondto expertlearningstagesthatarenotnumberedhere.Thenumbersinside
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5.4.5 Computational Demands

The currentmethodattemptsto find featuresby randomsamplingin imagespace,which is
guidedby asetof simple-to-complex heuristicsdefinedby thefeaturegenerationalgorithm4.10
(page43). Highly distinctive featuresarerareanddit cult to find, asillustratedby thegraphsin
this chapter. This opensup thequestionof computationaldemands.ThecurrentMATLAB TM

implementationof the learningsystemtakes many daysof computationon a 700MHz Pen-
tiumIII processorto learna typical task. Thebulk of this time is spentmeasuringthevalueof
featuresin images(Equation3.14on page25). This is theprimary reasonwhy theextraction
of salientpointsis soimportant(Section3.4.3,page21). For every featuref sampled,its value
ff (I ) mustbe computedon 2nex exampleimages(Algorithm 4.8, FeatureLearning,page41,
Steps2 and5).

Given thenumberof pixels in an image(16,384for theCOIL images,76,800for theMel
images)and the infinite combinatoricsopenedup by the featurespace,sampling10,000or
100,000featuresto solve a taskinvolving 100trainingimagesdoesnot seemoutrageous.What
would it take to run the featurelearningalgorithmson massively parallel neuralhardware?
Computingfeaturevaluesis a pixel-level paralleloperationthatcanplausiblybeperformedby
the humanvisual cortex. Sucha parallel implementationcould measurea featurevaluein an
imagein constanttime, independentof thenumberof salientpointsin animage.Assumingan
averageof 1,000salientpointsin animage,andassumingthat99%of thecomputetimeis spent
computingfeaturevalues,thiswould reducethetime to solve a reasonablylargeproblemfrom,
say, 10daysto lessthan2 hours40 minutes– abouttwo ordersof magnitude.

Theaboveargumentassumesthatthetimespentto computeafeaturevalueis approximately
constant.This is not strictly true,asit dependson the lengthof a responsevector, which is 15
filter responsesfor texelsand2 for edgels.It alsodependson thelocal scaleof a featureandits
subfeatures,whichdeterminesthesizeof thefilter kernelsusedin Algorithm 3.6(Extractionof
a Geometric-CompoundFeatureResponseVector,page26) at Steps1 and4. This sizevaries
from about25coet cientsupto about1u 16thesizeof theimage.Theearlyvisualcortex extracts
suchresponsevectorsin parallel,for all imagelocations,over a rangeof scales,reducingthis
computationto constanttime. If thesefactorsaretakeninto account,thecomputationtime can
bereducedby at leasttwo moreordersof magnitude.

In summary, thecomputationaldemandsof theexpert learningprocedurelimit thesizeof
theproblemsthatcanbeaddressedusingtoday’s conventionalcomputinghardware. However,
a biologically plausibleimplementationthat exploits the high degreeof inherentparallelism
shouldreducethecomputationaldemandsby aboutfour ordersof magnitude.In principle,this
wouldpermitmuchlarger-scaleapplications.

With respectto scalability, animportantconsiderationis thenumberof distinctionsthathas
to belearnedby thesystem.In general,thisnumberis quadraticin thenumberof classes:Each
classis to be discriminatedfrom eachof the otherclasses.Figure5.19 plots the cumulative
numberof featuressampledin theincrementaltasksversusthenumberof classes.Clearly, the
growth is superlinear. However, therearenot sut cient datato allow a conclusive statement
regardingthecomplexity of thelearningalgorithmwith respectto thenumberof classes.More
experimentsusingmoreclassesarerequired. In any case,this superlineargrowth is likely to
limit the maximalproblemsizethat canbe addressedby this system.However, this neednot
constitutea practicallimitation. Humansclearlydo not learnexpert-level distinctionsbetween
all categoriesthat have any meaningto them in any context. Rather, at any given time, the
behavioral context constrainstherelevantcategoriesto a relatively smallset.Expertlearningis
only requiredwheredistinctionsneedto berefinedthatarerelevantwithin agivencontext.
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5.5 Discussion

Motivatedby thehumanphenomenonof visualexpertise,thischapterintroducedasimplealgo-
rithm for learningimprovedfeatures.Theideais to seekfeatureswith increaseddiscriminative
power betweenpairsof classes.Thus,expert learninghasexactly theoppositeev ect of over-
training. Becauseexplicit requirementsof discriminative power areenforced,learningcan–
in principle – continueforever, without any dangerof overfitting. Resemblinghumanexpert
behavior, this hasthedesiredev ectsof increasedrecognitionaccuracy andet ciency. I amnot
awareof any existing relatedwork in machinelearningon incrementalfeatureimprovement.
Thevastmajority of comparablemachinelearningmethodseitherusea fixed featureset,per-
form featureselection,or computenew featureson thebasisof a fixed featureset(e.g.PCA).
The expert learningidea presentedherecritically dependson the ability of the algorithm to
searchavirtually unlimitedfeaturespace.

Themostseverelimitation of theexpert learningalgorithm,aspresentedhere,is that it de-
pendsonclassnodeswith nonzeroentropy at theendof arecognitionprocedure.Consequently,
featuresthat have the ability to infer classificationresultswith absolutecertainty(cf. Section
4.4.4)canev ectively disableexpert learning.This is especiallya problemif thesefeaturesare
poor, i.e. they have little discriminative power, becausethey prevent their own replacementby
betterfeatures.This wasthecasein theMel dataset.However, suchfeaturesareonly likely to
occurin small,static,andheterogeneousdatasetssuchastheMel data.They emergebecause
theexactsameimagesarepresentedto thelearnerover andover, until they arerecognizedcor-
rectly. On an interactive taskin a physicalenvironment,no training imageis ever going to be
seenagain,andtraining imagesfrom thea classaredrawn from a continuumof appearances.
Thispreventsthememorizationof individual trainingimages.

Otherwaysto triggerexpert learningcouldpossiblyavoid this problemevenfor staticfea-
turesets.A brute-forcemethodwould attemptto learnhighly distinctive featuresbetweenall
pairsof classes,regardlessof any empiricaluncertainties.However, this requiresa numberof
discriminationsthatis quadraticin thenumberof classes.Moreover, many of thesewill usually
beunnecessarybecausemany pairsof classesareneverconfusedanyway. Expertlearning– like
the basiclearningstudiedin Chapter4 – oughtto be driven by the task: Whereuncertainties
arelikely to occur, improved featuresshouldbe learned.This principle is implementedby the
expertlearningalgorithm5.1.

95



96



CHAPTER 6

LEARNING FEATURES FOR GRASPPRE-SHAPING

The precedingchaptersappliedfeaturelearningin a supervisedobject recognitionscenario.
Many of the visual skills that humansacquirefrom experienceav ect their behavior at a very
fine granularity. For example,betweenaboutfive to nine monthsof age,infantslearnto pre-
orienttheirhandsto matchtheorientationof atargetobjectduringreaching[70]. In thischapter,
visualfeaturesarelearnedthatenablesimilarprospectivebehavior in ahaptically-guidedrobotic
graspingsystem.

6.1 RelatedWork

Thereis extensive literatureon visual servoing; a thoroughreview is beyond thescopeof this
dissertation.Mostof thiswork falls into oneof two maincategoriesaccordingto thecoordinate
framein whicherrorsignalsarecomputed,namely, three-dimensionalworkspacecoordinatesor
two-dimensionalimagecoordinates.Three-dimensionalmethodstypically rely ona reasonably
completeand accuratevisual reconstructionof the workspace. More relatedto this chapter
are two-dimensionalapproacheswheremanipulatorcontrol signalsaredirectly derived from
image-spaceerrors[105, 49]. Here, local featuresof the manipulatorandof workpiecesare
identified,andtheir actualpositionsarecomparedto referencepositions. Image-spaceerrors
arethentransformedinto errorsin thedegreesof freedomof themanipulator. Insteadof local
appearance,anotherline of researchbuilds on globalappearanceandcomputeserrorsignalsin
eigen-subspaces[74].

6.2 Objective

To date, most work in sensor-guided robotic manipulationhas concentratedon exclusively
vision-basedsystems.Therehasbeenmuchlesswork on haptically-guidedgrasping[21, 23],
or on combininghapticandvisual feedback[3, 42]. This seemssomewhatsurprising,asthese
two sensorymodalitiesideally complementeachother, especiallywhenadextrousmanipulator
is used.Thevisualsystemis mostbeneficialduringthereachphasewhennohapticfeedbackis
available.Relatively coarsediv erentialerrorsignalsin imagespace,usingappearancefeatures
of thewrist or thearm, aresut cient to achieve a highly et cient vision-guidedreach. When
the endev ectordraws closeto the target object,visual informationcan further contribute to
theextent that fingertipsandobjectdetailsareaccuratelyidentified. However, this is dit cult
to achieve becausethesefeatureswill oftenbe occludedby thehanditself. Moreover, even if
detailedinformationaboutfingerconfigurationscanbeobtainedby thevisionsystem,it will be
dit cult to exploit in thecontext of a dextrousmanipulatordueto themany degreesof freedom
involved,many of whichareredundant.Thisstageof thegraspis ideallysuitedfor hapticfeed-
back.Tactilefingertipsensorsarehighly sensitive to relevantsurfacecharacteristicssuchasthe
orientationof thelocal surfacetangent.Coelho[21, 23] hasdemonstratedthatthis information
canbe exploited by local graspcontrollersthat converge toward stablegraspconfigurations,
therebyobviatingtheneedto solveahigh-dimensional(andoftenintractable)planningproblem
in globaljoint space.
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McCartyet al. [70] demonstratedthat infantslearnto pre-orienttheir handduring a reach
to matchtheorientationof thetargetobject.Notably, thisprospective behavior doesnotdepend
on thevisibility of thehandor of theobjectduringthereach.Evidently, humansuseaninitial
visual cueto initiate a reach,that is thenguidedby proprioception.Oncethe target object is
contacted,thegraspis completedusingtactilefeedback.

Coelho’s closed-loopgraspingsystemis “blind” in thesensethatno visual informationis
exploitedduring thegraspprocess.Theobjective in this chapteris to adda visualcomponent
to this systemthat extractsminimal visual informationto pre-orientthehandappropriatelyin
relationto the target object. Specifically, it recommendstwo critical parametersto the haptic
system:w

theorientation(azimuthalangle)of thehand,andw
thenumberof fingersto use(two or three).

Theserecommendationsarepurelybasedon featuresof appearancethatcorrelaterobustly with
thesetwo parameters,usinga featurelearningsystemsimilar to thatdiscussedin thepreceding
chapters.The learningprocedureis driven entirely by the hapticgraspingsystem,without an
externalsupervisor.

6.3 Background

The graspingtask discussedin this chapteris basedon a haptically-guidedgraspingsystem
developedby my colleagueJev ersonCoelho,which is introducedin the next section. Then,
Section6.3.2 briefly introducesand illustratesprobability distributions on angulardomains.
Theseplayanimportantrole in thealgorithmspresentedin this chapter.

6.3.1 Haptically-Guided Grasping

Coelho[21] describesaframework for closed-loopgraspingusingadextrousrobotichand(Fig-
ure 6.1) equippedwith forceu torquetouchsensorsat the fingertips. Referenceand feedback
errorsignalsareexpressedin termsof theobject-framewrench residualx , a six-elementvector
summarizingthe residualforcesandtorquesactingon the object. The currentobjectwrench
is computedusingthe instantaneousgrip JacobianG, which in turn is locally estimatedusing
sensorfeedbackin theform of contactpositionsandnormals.Thegraspcontrollery receivesan
errorsignal z , which for azeroreferencewrenchis simply thesquaredwrenchresidualz*{|x Tx ,
andcomputesincrementaldisplacementsfor asubsetof thefingertipcontactssoasto reducethe
errorsignal.As aresult,thefingersprobethesurfaceof theobjectuntil theirpositionsconverge
to a localminimumin thesquared-wrench-residual surface.

G

Control
actions

Grasp
Controller

Contact normals
and positions

Σ

Plant

Object
wrench

Reference
wrench

Figure 6.1. Graspsynthesisasclosed-loopcontrol. (Reproducedwith permissionfrom Coelho
andGrupen[21].)
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The three-fingeredStanfordu JPL robotichand(Figure6.2) employed in this work canper-
form graspsusingany two- or three-fingeredgraspconfiguration.Eachof thesefingercombina-
tionsc givesriseto anindividualgraspcontrollery c, yieldinga totalof four controllers.For the
purposeof this chapter, it is sut cient to distinguishbetweentwo classesof graspcontrollers,
namely, two- andthree-fingeredgrasps.

Figure 6.2. The Stanford} JPL dextroushandperforminghaptically-guidedclosed-loopgrasp
synthesis.

As agraspcontroller~ c executes,thecontrolerror � andits timederivative ˙� traceoutphase
portraitsthatarecharacteristicof objectshapes(Figure6.3). In this way, thegraspingsystem
forms haptic categories. Qualitatively di� erent regions in a phaseportrait constitutehaptic
contextsandcanberepresentedasstatesof a finite statemachine(Figure6.4). Coelho[22, 23]
describesa reinforcementlearningframework for learninggraspcontrol policiesthat selecta
controller ~ c basedon the context currentlyobserved. The learnedpoliciesachieve graspsof
consistentlyhigherquality thanany fixednativecontroller ~ c by escapinglocal minima in the
wrenchresidualsurface.
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Figure6.3. Objectwrenchphaseportraitstracedduringgraspsyntheses.Theleft paneldepicts
theevolutionof atwo fingeredgrasptrial from configuration(a) to (b) andto (c), theconvergent
configuration.Thecomplete,two-fingeredphaseportrait for the irregular triangleis shown on
theright. (Reproducedwith permissionfrom Coelhoetal. [24])
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Thequalityof agraspis characterizedby theminimumfriction coe� cient � 0 requiredfor a
null spaceto exist in thegrip JacobianG, with rank � 1. For an idealgrasp,� 0 � 0, meaning
that the graspconfigurationis suitablefor fixing the object in placeusing frictionlesspoint
contacts.Dependingon theobjectshapeandthenumberof fingersavailable,this idealmaynot
beachievable. Theright panelin Figure6.3 is annotatedwith thevaluesof � 0 associatedwith
thethreeconvergedconfigurations.

6.3.2 The von MisesDistrib ution

Predictinghandorientationsin relation to objectsinvolves the estimationof relative angular
information. Most conventionalcontinuousprobabilitydistributionshave a linear domain,for
example,thenormaldistribution. In thecasewherea randomvariablerepresentsanangle,one
probabilitydistribution thatis oftenusedin lieu of anormaldistribution onacirculardomainis
thevonMisesdistribution [30]. It hastheprobabilitydensityfunction

pvM( ��������� ) � 1
2� I0(� )e� cos(�,��� ) (6.1)

where0 �0��� 2� , 0 �.����� , and I0(� ) is the modifiedBesselfunction of orderzero. The
meandirectionof thedistribution is givenby � , and� is a concentrationparameterwith � � 0
correspondingto a circularuniform distribution, and����� to a point distribution. Figure6.5
illustratesfour von Misesdistributionswith di� erentparameters.Theprobabilitydensityat an
anglecorrespondsto theradialdistancefrom theunit circle to thedensitycurve.

Theparameter� of thevon Misesdistribution is not to beconfusedwith thefriction coef-
ficient � 0 introducedin theprevious section.I usethis notationin agreementwith established
conventions.In this chapter, theuseof � is consistent:� 0 (occasionallyfollowedby onemore
index) alwaysrefersto thefriction coe� cient,and� (oftenwith anindex otherthanzero)always
denotesthemeandirectionof avon Misesdistribution.

6.4 FeatureLearning

In Coelho’shaptically-guidedgraspingsystem,novisualcuesguidetheplacementof thefingers
on theobject.Here,thegoalis to learnvisualfeaturesthatpredictsuccessfulhandorientations,
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Figure 6.5. Illustrationof four von Misesprobabilitydensitiesonacirculardomain.

given prior hapticexperience.Thesecanbe usedto choosea two- or a three-fingeredgrasp
controller, andto pre-shapethehandin orderto placecontactsreliably nearhigh-qualitygrasp
configurationsfor a task. In termsof Figure 6.4, this correspondsto initializing the haptic
systemin a context neartheminimumachievablewrenchresidual.Fromhere,a singlenative
graspcontrollercanleadreliably to thepreferredsolution. In e� ect,pre-graspvisualcuesare
learnedto subsumehaptically-guidedgrasppolicies.

The generalscenariofor the graspingproblemis shown in Figure6.6. The visual system
attemptsto identify featuresof theobjectthatcorrelatewith successfulgraspparameters,includ-
ing therelativehandorientationandthenumberof fingersused.An overheadview of thetarget
objectis obtainedbeforetheonsetof the reach,anda predictionof usefulgraspparametersis
derived. Subsequently, thegraspis executedusingthepredictedgraspparameters.Uponcon-
vergenceof thehapticcontrollerto a final graspconfiguration,graspparametersarerecorded
andusedfor learning. The orientationof the handduring a given graspconfiguration,� H, is
definedasillustratedin Figure6.7.

Therobotmayencounteravarietyof objectsthatdi� er in their shapes.Eachtypeof object
may requirea dedicatedfeatureto recommenda handorientation. Object identitiesarenot
known to thesystem;theneedfor dedicatedfeaturesmustbediscoveredby graspingexperience.
Visualfeaturesthatrespondselectively to hapticcategoriespermitarecommendationtobemade
regardingthenumberof fingersto usefor agrasp(Figure6.8).

Featuresof the type definedin Chapter3 aresampledfrom imagestaken by an overhead
camera.Assumingthatthesefeaturesrespondto theobjectitself, their image-planeorientation� f (Equation3.5,page15) shouldberelatedto theazimuthalorientation� H of therobotichand
by a constantadditive o� set � . A given feature,measuredduringmany graspingexperiences,
generatesdatapointsthat lie on straightlineson thetoroidal surfacespannedby thehandand
featureorientations(Figure6.9). Here, � �¡� H ¢ � f . Theremaybemorethanonestraightline
becausea givenvisualfeaturemayrespondto morethanonespecificobjectlocation(e.g.,due
to objectsymmetries),or to severaldistinctobjectsthatdi� er in shape.Given � , onecanthen
infer appropriatehandorientationsasa functionof observedfeatureorientations:

� h �.� f £ � (6.2)

The remainingproblemis to find the o� sets � . Assumingthesecan be modeledas random
variableswith unimodalandsymmetricprobabilitydistributionspk( � ), with thek corresponding
to the clustersof points in Figure6.9, thenthis is an instanceof a K-Meansproblemin one-
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Figure 6.6. Scenariofor learningfeaturesto recommendgraspparameters(cf. Figure 2.1,
page8). Thestepindicescorrespondto Algorithm 6.2,to bediscussedlaterin thischapter.
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Figure 6.7. Definition of the handorientation(azimuthalangle)for two- and three-fingered
grasps.
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Figure6.8.By Coelho’s formulation,someobjectsarebettergraspedwith two fingers(a),some
with three(b), andfor somethischoiceis unimportant(c, d).
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dimensionalcircular (angular)space,with K unknown, andcanbe representedas a mixture
distribution

pmix( � ) � K

k¥ 1

pk( � ) P(k) (6.3)

with mixtureproportions0 ¦ P(k) ¦ 1, k P(k) � 1. Thefollowing sectionshows how to find
the parametersof this mixture distribution, which collectively constitutethe feature modelof
f for a particulargraspcontroller. Subsequentsectionsdescribehow to selectdatapointsfor
fitting object-specificfeaturemodels,andhow to usefeaturesto predictthequality of a grasp.
Section6.4.4putsthesepiecestogetherandpresentsthefull Algorithm 6.2 (cf. Figure6.6) for
learningmultiple featureswith multiplegraspcontrollers,andaddressestheinteractionwith the
hapticgraspingsystem.
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Figure 6.9. Left: Datapointsinducedby a given featureon variousimagesof anobjectform
straightlineson a torus(two in this case);right: A mixtureof two von Misesdistributionswas
fitted to thesedata.

6.4.1 Fitting a Parametric Orientation Model

While the systemlearnsandperforms,all featuresareevaluatedon all images.The response
magnitudesff of all featuresf , theirorientations� f , theactualhandorientations� H (thetraining
signal), and the predictionerrors §C� f � � � H ¨ � h � producedby eachfeaturearestoredin an
instancelist. To computethe mixture model for a feature,this feature’s datapoints(suchas
thoseshown in Figure6.9)aretakenfrom this instancelist.

Assumethe � are drawn independentlyfrom a mixture of von Mises distributions. The
mixturedistribution 6.3(seeFigure6.9) thenbecomes

pmix( ��� a) � K

k© 1

pvM( �ª��� k ��� k) P(k) (6.4)

wherea is shorthandfor thecollectionof parameters� k, � k andP(k), 1 � k � K.
For all plausiblenumbersof clustersK, a (3K ¨ 1)-dimensionalnon-linearoptimization

problemis to besolvedto find the � k, � k andP(k). TheappropriatenumberK of mixturecom-
ponentsis thenchosenastheonethatmaximizestheIntegratedCompletedLikelihoodcriterion
[13], anadaptationto clusteringproblemsof themorewell-known BayesianInformationCrite-
rion [106]. In practice,themethodof choosingtheright numberof componentsis not critical,

103



becauseasbetterfeaturesarelearned,theclustersof datapointswill becomeincreasinglywell
separated.

For a particularvalueof K, a maximum-a-posteriori(MAP) estimateof a mixturemodelis
aparameterizationa thatmaximizestheposteriorprobabilitygivenby Bayes’rule:

p(a «¬ ) � L(¬®« a) p(a)

m L(¬¯« am) p(am)

whereL(¬°« a) is the likelihood of the observed data ¬±�³²´� 1 µ�¶�¶�¶�µ � N · . We now assumea
uniform prior probability densityover all possiblemodelparameterizationsam. In this case,
the MAP estimateis identical to the maximum-likelihood estimatethat maximizesthe log-
likelihoodof thedata:

logL(¬¯« a) � N

i ¥ 1

log pmix( � i « a) (6.5)

An elegantway to fit mixture modelssuchasthis is via the Expectation-Maximization(EM)
algorithm. The EM algorithmis most practicalif the modelparameterş k, ¹ k and P(k) can
be computedin closedform at the Expectationstep. Unfortunately, this is not possiblehere
becausetheBesselfunctionscannotbe invertedalgebraically(seetheAppendix). Facingthis
addeddiº culty, themixturemodel(6.4) is moreeasilyfitted directly, subjectto theapplicable
constraintson the ¹ k andP(k), via gradientdescentusingthepartialderivativesof theobjective
function(6.5):

»» ¸ k
logL(¬¯« a) � N

i ¥ 1

P(k)
pmix( � i « a)

»» ¸ k
pvM( � i «�¸ k µ ¹ k)

»» ¹ k
logL(¬¯« a) � N

i ¥ 1

P(k)
pmix( � i « a)

»» ¹ k
pvM( � i «�¸ k µ ¹ k)

where »» ¸ pvM( ��«�¸ µ ¹ ) � ¹ sin( � ¢ ¸ ) pvM( ��«�¸ µ ¹ ) µ (6.6)»» ¹ pvM( ��«�¸ µ ¹ ) � ¢ I ¼ 1(¹ ) £ I1(¹ ) ¢ 2I0(¹ ) cos( � ¢ ¸ )
2I0(¹ ) pvM( �ª«�¸ µ ¹ ) ¶ (6.7)

TheK ¢ 1partialderivativeswith respectto P(k) musttakeintoaccounttheconstraint K
k¥ 1 P(k) �

1: »»
P(k)

log L(¬¯« a)

� »»
P(k)

N

i ¥ 1

log
K ¼ 1

k¥ 1

pvM( � i «�¸ k µ ¹ k) P(k) £ pvM( � i «½¸ K µ ¹ K) 1 ¢ K ¼ 1

k¥ 1

P(k)

� N

i ¥ 1

1
pmix( � i « a)

pvM( � i «�¸ k µ ¹ k) ¢ pvM( � i «�¸ K µ ¹ K) µ k � 1µ�¶�¶�¶�µ K ¢ 1¶
Eachfeatureis annotatedwith its modelparameters,which includethe ¸ k, ¹ k, P(k), andthe

totalnumberNf of valid datapointsmodeledby thismixture.

6.4.2 SelectingObject-SpecificData Points

If di� erenttypesof objectsareencountered,dedicatedfeaturesmayhaveto belearned.Without
asupervisorproviding objectidentities,thedatacollections(Figure6.9)will beanindiscernible
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mix of featureresponsescorrespondingto variousobjects,and any reliable patternswill be
obscured.Thekey to learningdedicatedfeaturesis to ignoredatapointscorrespondingto weak
featureresponses.Thispermitsfeaturesto emergethatrespondstronglyonly to specific,highly
characteristicobjectparts,but that respondweakly in any imagethatdoesnot containsuchan
object.Theseweakresponseswill beignored,andreliablemodelsof � canbefittedto thestrong
responses.

Decidingwhethera givenpoint is “strong” in this senseinvolvesa threshold.Suchthresh-
olds ¾ f , specificto eachfeature,canbe determinedoptimally in the Bayesiansensethat the
numberof poorrecommendationsmadeby theresultingmodelis minimized.1 To do this for a
given featuref , thehistoryof featureresponsesff andtheassociatedpredictionerrors ¿C� f are
analyzedin orderto find a threshold¾ f suchthat mostpredictionsfor caseswith ff À ¾ f are
correct. To formalize this intuitive notion, a global thresholdt ÁÂ is introduced,meaningthat
a predictionwith ¿C� f ¦ t ÁÃÂ is correct,andfalseotherwise. The optimal threshold¾ f is then
definedasa valuethat maximizesthe Kolmogorov-Smirno� distanceKSDf betweenthe two
conditionaldistributionsof ff underthetwo conditionsthat theassociatedpredictionsarecor-
rectandfalse,respectively (Figure6.10).Thefeaturemodelof f is thenfitted to all datapoints� with ff À ¾ f . Thethresholdt ÁÂ is a globalrun-timeparameterthatcangraduallybereduced
over time to encouragethelearningof improvedfeatures.
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Figure 6.10. Kolmogorov-Smirno� distanceKSDf betweenthe conditionaldistributions of
featureresponsemagnitudesgivencorrectandfalsepredictions.

6.4.3 Predicting the Quality of a Grasp

Thequality of a graspis definedby theminimumfriction coeº cient ¸ 0 requiredto executethe
graspusinga givenfingerconfiguration(cf. Section6.3.1). In this model,the lower (closerto
zero)a valueof ¸ 0, the betterthe grasp. It is not possibleto separategoodfrom poor grasps
basedon a genericthresholdon ¸ 0 alonebecause,for any given object, the bestachievable
graspdependson the objectproperties,the numberof fingers,and– in general– on the end-
to-endtask. For example, the bestachievable graspof a triangularprism using two fingers
is far worsethanif threefingersareused.UnderCoelho’s formulation,cubesarebestgrasped
with two fingersto takeadvantageof symmetriccontactforcesacrossparallelopposingsurfaces
(Figure6.8).

It is possibleto estimatethe expectedvalueof ¸ 0 associatedwith a given featuref . For
this purpose,theactuallyexperiencedvalueof ¸ 0 is storedin the instancelist alongwith each

1Bayesianoptimalityholdsonly undertheassumptionthattheprior probabilitiesof thetwo conditionsareequal.
SeeSections4.3.2and4.4.1for a discussion.
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executedgrasp.Thesȩ 0 valuesareregardedassamplesof a continuousrandomvariableM0

with probabilitydensityfunction p(̧ 0) andexpectedvalue

E[M0] � È
0
¸ 0 p(̧ 0) ḑ 0 ¶

Observe thateachmeasuredvalueof ¸ 0 is associatedwith themeasuredpredictionerror ¿C� f �« � H ¢ � h « , generatedby thesamegrasp. If f is indeedhighly predictive of thegraspoutcome,
thenthereshouldbeanapproximateproportionalrelationshipbetweenthȩ 0 andthe ¿L� f : Good
graspswith small ¸ 0 shouldtend to exhibit a small angularerror ¿C� f . Thus, the probability
densityfunction p(̧ 0) shouldbewell approximatedby thedistribution pvM(¿L� f ) of theangular
o� setsobserved betweenthe featureandhandorientations. Therefore,a sampleestimateof
E[M0(f )] for featuref canbeapproximatedas

Ê[M0(f )] � i ¸ 0É i pvM(¿L� f É i)
i pvM(¿C� f É i) (6.8)

wherethe correspondingpairsof ¸ 0É i and ¿C� f É i aretaken from the instancelist, usingonly in-
stancescorrespondingto occurrencesof f with ff É i À ¾ f .

6.4.4 FeatureLearning Algorithm

Usingtheconceptsintroducedin theprecedingsections,theprocedurefor fitting afeaturemodel
is summarizedin thefollowing algorithm.

Algorithm 6.1(Fitting a Feature Model) For agivenfeaturef , thefollowing stepsaretaken
to computetheassociatedorientationmodel,consistingof the ¸ k, ¹ k, KSDf , andÊ[M0(f )]:

1. Using the currentvalue of t ÁÃÂ , identify thoseoccurrencesof f in the instancelist that
correspondto correctand falsepredictions. Using the responsemagnitudesf of these
occurrences,computeKSDf andtheassociatedthreshold¾ f (Section6.4.2).

2. UsingtheNf of theseinstanceswith f À ¾ f , fit a parametricorientationmodel(Equation
6.4),obtainingKf , andvaluesfor ¸ k, ¹ k, andP(k), k � 1µ�¶�¶�¶�µ Kf (Section6.4.1).

3. Usingthis orientationmodelandthevaluesof ¸ 0 and ¿L� f correspondingto themeasure-
mentsof f in theinstancelist, computeÊ[M0(f )] (Equation6.8,Section6.4.3).

The systemoperatesby recommendinghandorientationsandobservingthe outcomesof
graspingprocedures.New featuresareaddedto the repertoirein parallel to the executionof
graspingtasks,andareevaluatedover thecourseof many futuregrasps.This is in contrastto
thedistinction-learning application(Chapter4), wherethediscriminative powerof new features
wasimmediatelyestimatedusingexampleimages.Here,noexampleimagesarenecessary. The
visualsystemdoesnothave any influenceon thetypesor identitiesof thegraspedobjects.Two
separatefeaturesetsÊ 2 andÊ 3 andtwo separateinstancelistsaremaintainedfor two- andthree-
fingeredgrasps.Out of thesetwo sets,the featurewith the lowestexpectedfriction coeº cient¸ 0 providesa recommendationof graspparametersto thehapticsystem.Theoperationof the
learningsystemis detailedin thefollowing algorithm.

Algorithm 6.2(Feature Learning and Application of Feature Models) Initially, thesetsÊ 2

andÊ 3 of featuresknown to thesystemareempty.

1. A new grasptaskispresentedto thegraspingsystem,andanoverheadimageof thegrasped
objectis acquired.

2. Thefollowing stepsareperformedfor eachfeatureset Ê c:
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(a) Theresponsesff of all featuresf ËÌÊ c aremeasuredin thecurrentimage.

(b) Identify theabove-thresholdfeaturewith thehighestpredictive power:

f Íc � argmax
f ÎVÏ f ÎVÐ c Ñ ff ÒÔÓ f Õ KSDf

Now, choosethenumberc of graspcontactsthatwill resultin thebettergrasp:

c � argmin
cÎVÏ 2É 3Õ Ê[M0(f Íc)]

3. FromtheK componentsin theangularmixturemodelassociatedwith f Íc, identify themost
concentratedcomponentdistribution of angularerrors:

kÍ � argmax
kÎ 1Ö kÖ Kf ×c Nf ×c P(k)Ø 3

¹ k

To avoid singularmodes,themaximumis only takenover thosecomponentdistributions
thatmodelat leastthreedatapoints.

4. Using theorientationof f Íc measuredin the imageandtheangularo� setassociatedwith
kÍ , form arecommendedhandorientation(cf. Equation6.2):

� h �.� f ×c £ ¸ k×
5. Therobotperformsac-contactgraspwith initial azimuthalangleof � h. Uponconvergence

of the hapticsystem,a new instancevector is addedto the instancelist, containingthe
responsemagnitudes,orientations,andpredictionerrors ¿L� f �Ù« � H ¢ � h « of all features
f ËÌÊ c, aswell astheactualfinal handorientation� H, andtheachievedfriction coeº cient¸ 0.

6. If ¿L� f ×c ¦ t ÁÃÂ , i.e. the recommendedgraspparameterswereaccurateandrequiredlittle
adjustmentby thehapticsystem,thencontinueat Step1.

7. Using Algorithm 6.1, the KSDf arerecomputedfor all f Ë�Ê c, andall associatedmix-
ture modelsarere-estimatedbasedon thecasesrecordedin the instancelist of previous
experiences.

8. A new prediction� h is formedbasedon thenew models,following thesameprocedureas
above,but leaving c fixed(Steps2a,2b,3, 4).

9. If now « � H ¢ � h «Ú¦ t ÁÂ , continueatStep1.

10. Add two new featuresto Ê c: Oneis createdby samplinga randomtexel or a randompair
of edgelsfrom salientpointsin thecurrentimage(cf. Algorithm 4.10(FeatureGeneration,
page43), Step2). The other featureis generatedby randomlyexpandingan existing
featuregeometricallyby addinga new point (cf. Algorithm 4.10,Step3). Then,continue
atStep1.

Many of the featuresrandomlysampledat Step10 will performpoorly, e.g.becausethey
respondto partsof thesceneunrelatedto theobjectto begrasped.Suchfeatureswill develop
a poor KSD, as thereis no systematicassociationbetweentheir responsestrengthsand their
predictionaccuracies.Dueto their low KSD, suchfeatureswill ceaseto beusedatall (Step2b).
On theotherhand,if a featureperformswell, its KSD will beincreased,andit will morelikely
beemployed. Moreover, sinceonly featuresareconsultedthatareassertedto bepresentin the
image(i.e., ff À ¾ f ), featurescanbe learnedthatselectively respondto di� erentobjectshapes
requiring di� erento� sets � . Unusedfeaturesshouldbe discardedperiodically. The details

107



of when this is doneareunimportant,but if all featuresarekept around,then thosestepsin
Algorithm 6.2thatinvolve iteratingoverall featureswill incurunnecessarycomputationalcost.

This algorithmusesonly a singlefeatureto derive a handorientation.Similarly to thepre-
cedingtwo chapters,thereasonfor thischoiceis to reinforcethepointthatahighlyuncommitted
adaptive visualsystemcanlearnpowerful features.Therobustnessof therecommendedangles
canprobablybe increasedby pooling therecommendationsof several features.At Step2, the
featureof choiceis determinedaccordingto its KSDf . Then,atStep3,oneof themodesk of this
feature’s modelis chosento form theactualprediction.At first glance,it seemsthatthis choice
of a modelis unstablebecausetheactualreliability of the individual modesof a given feature
modelmaydi� er widely. However, this variationdoesnot causeinstabilitybecausetheKSD is
derived accordingto theactualbehavior of the featurein practice,asrecordedin the instance
list. Thus,ahighKSD canonly resultif thepracticallyusedmodesk performconsistentlywell.

In contrastto thefeaturelearningalgorithmfor distinctive features(Algorithm4.8onpage41),
Algorithm 6.2doesnot evaluatefeaturesimmediately, asthis would requirerepeatedgraspsof
thesameobjectin lieu of theexampleimagesusedby Algorithm 4.8. This algorithminstead
choosesto spreadtheevaluationof newly sampledfeaturesacrossmultiple futuregrasps.This
preventsthe useof an explicit simple-to-complex searchproceduresuchas Algorithm 4.10.
However, the expansionof featuresat Step10 above hasthe samee� ect, spreadover multi-
ple grasps. Booleancompoundfeaturesarenot usedherebecausetheir orientationsare less
meaningfulthanthoseof geometriccompounds.

Incidentally, this searchfor goodpredictive modelsconstitutesan Expectation-Maximiza-
tion (EM) algorithm. An EM algorithmalternatesbetweenestimatinga setof unknown data
valuesbasedon a currentestimateof a model (Expectationstep),and estimatingthe model
basedon the full data(Maximizationstep).Here,theparametricmodelto beoptimizedis the
collectionof all feature-specificmodelsthatareusedby theangularrecommendationprocess.
Theunknown datavaluesspecifywhich recordeddatapointsshouldparticipatein thefeature-
specificmodels.At theExpectationstep,thesehiddenparametersareestimatedby computing
theKSDf suchthattheprobabilityof makingtheright choicefor eachdatapoint is maximized,
given thecurrentmodel. At theMaximizationstep,the likelihoodof themodelgiven thepar-
ticipatingdatapointsis maximizedby optimizingthemodelparametersaccordingto Equation
6.5. As thesystemoperates,thesetwo stepsalternate.

This instanceof theEM algorithmis unusualin that the Expectationstepdoesnot utilize
all availablecurrentdata. Instead,the instancelist of pastexperiencesis consultedfor previ-
ouspredictionresults,which weregeneratedby modelsderived from all dataavailableat that
time. Taking thecorrectexpectationusingthe mostrecentmodelwould involve revisiting all
previously-seenimagesateachExpectationstep,which is clearlyimpractical.Nevertheless,the
convergencepropertiesof theEM algorithmareuna� ected.As dataaccumulate,theaccuracy of
recentexpectationscanonly increase,andthe influenceof possiblyinaccuratedatafrom early
historydiminishes.

6.5 Experiments

The learningalgorithmjust presentedis designedto operateon-line. However, a singlegrasp
performedby the real robot using Coelho’s system(Section6.3.1) takes on the order of ten
minutes,while the learningalgorithmrequireshundredsof graspsto converge. Therefore,a
thoroughon-line evaluationwasimpractical. Instead,experimentswereconductedin simula-
tion in a way thatcloselyresemblestheactualintegratedgraspingsystem.Theseexperiments
utilized a detailedkinematicanddynamicsimulatorof therobotichandÛ armsystem,developed
by Je� ersonCoelho,thatcyclesthroughthefollowing steps:
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1. Generatea randompolyhedralobjectgeometryby drawing objectparametersfrom para-
metricprobabilitydistributionsderivedfrom actualexperimentsusingtherealrobot.Ran-
domparametersincludethedimensionsandanglesdefiningtheobject.

2. Performa simulatedgraspof this object. The hapticcontrol systemis the sameasthat
usedfor therealrobot. Thesimulatorinterpretsthemotorcommandsandgeneratessen-
sory feedbackin the form of joint anglesand(relatively noisy) forceÛ torquereadingsof
thefingertipsensors.

Thethreetypesof objectgeometriesusedincludedquadrangular(roughlysquare)andtriangu-
lar (roughlyequilateral)prisms,andcylinders. Typical objectgeometriesandconvergedgrasp
configurationsareillustratedin Figure6.11. The ray originatingfrom the objectcenterindi-
catesthe wrist orientationin accordancewith Figure6.7. Thecategorizationinto “good” and
“poor” graspsis for illustrationonly. As mentionedearlier, thereis no way to graspa triangle
well usingtwo fingers,andall graspsof thecylinder wereof consistentlyhigh quality. Visual
input for the visual learningsystemwasgeneratedby producingphoto-realisticallyrendered
andnoise-degradedviews on the basisof the objectspecificationsgeneratedat Step1 above
(Figure6.12).All resultsreportedbelow werecomputedin two-fold cross-validation.For sim-
plicity andspeed,no texels wereused.However, otherunpublishedexperimentsindicatethat
thepresenceor absenceof texelsdoesnothave a noticeableimpacton this task.

GoodGrasps PoorGrasps

Figure 6.11. Representative examplesof synthesizedobjectsandconverged simulatedgrasp
configurationsusingCoelho’s haptically-guidedgraspingsystem.

Figure 6.12.Exampleviews of objectsusedin thegraspingsimulations.

6.5.1 Training Visual Models

To generatetrainingdata,Coelho’sgraspsimulatorperformedseveralhundredsimulatedgrasps
on instancesof the threeobject types,using two- and three-fingeredgraspcontrollers,and
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recordedthefinal graspconfigurationson convergence,alongwith thegraspquality index ¸ 0.
Thesedatawereusedby Algorithm 6.2 to train visual featuremodels. Lacking the ability to
performan actualgraspat Step5, the recommendedgraspsweresimulatedby comparingthe
recommendedhandorientation� h with thepreviously executedhandorientation� H associated
with thetrainingimage,modulotheknown rotationalsymmetrypropertiesof theobject.Since
cylindershave infinite-fold rotationalsymmetry, any handorientationworksequallywell. Con-
sequently, no featureswereever learnedfor cylinders.
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Figure 6.13. Quantitative resultsof handorientationprediction.Therightmostbin of theright
histogramincludesall caseswherethepredictionerrorexceeded60 degrees.

Figure6.13demonstratesthatthesystemsucceedsin learningfeaturesthatareindicative of
handorientations.Thedatain Figure6.13awereproducedby featuremodelsthatweretrained
using2-fold crossvalidationon the20besttwo-fingeredgraspsof cubes,andthe20 bestthree-
fingeredgraspsof triangularprismsavailable in the simulatedtraining set. As always in this
chapter, thequality of a graspwasassessedin termsof the friction coeº cient ¸ 0. Thesedata
canbeexpectedto containonly little noisein thetrainingsignal,i.e., theactualhandorientation� H on graspconvergence.Performanceon an independenttestsetis almostalwaysexcellent,
with predictionerrormagnitudeson theorderof thevariationin thetrainingsignal.

Thedatain Figure6.13bwereproducedby featuremodelsthatweretrainedon a represen-
tative sampleof 80 grasps,including20 graspseachof cubesandtriangularprismsusingtwo-
andthree-fingeredgraspcontrollers.Onsuchnoisytrainingdatathatcontainshandorientations
thatproducedapoorgrasp,thesystemexpendsalot of e� ort trying to learntheseoutliers.How-
ever, performancedegradesgracefullybecausefeaturesareselectedby Kolmogorov-Smirno�
distance,whichprefersgenericfeaturesthatwork well for themajorityof usefultrainingexam-
ples.On a noisytestset,mostpoorrecommendationsoccuron outliers.Notably, two-fingered
graspsof thetriangularobjectareinherentlyunstableandunpredictable.Here,predictionerrors
producedby thetrainedsystemdependon theerror thresholdthatdivides“good” from “poor”
predictionsduringtraining.Choosinga low thresholdgenerallyproducesmoreaccuratepredic-
tionson a testset,aslong asthis thresholdis larger thanthevariationcontainedin themajority
of thetrainingdata.

6.5.2 UsingVisual Models to CueHaptic Grasping

Severalexperimentswereperformedto evaluatethee� ectof visualprimingonthehapticgrasp-
ing procedure.Thetwo primaryevaluationcriteriawerethenumberof hapticprobesexecuted
beforethegraspcontrollerconverged,andthequality of theachievedgraspon convergencein
termsof the friction coeº cient ¸ 0. All experimentsemploy the native graspcontrollersde-
scribedin Section6.3.1.

In thefirstexperiment,atwo-fingerednativegraspcontrollerwascuedusingfeaturestrained
on thebest20 two-fingeredgraspsof cubesavailablein thetrainingset. An analogousexperi-
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Figure 6.14. Resultson two-fingeredgraspsof cubes(top half), andthree-fingeredgraspsof
triangularprisms(bottomhalf). Theleft columnshowspurelyhapticgrasps;in theright column,
graspswere cuedusing learnedvisual featuremodels. The rightmostbin in eachhistogram
includesall instanceswith anumberof probesÜ 20,or ¸ 0 Ü 1, respectively.
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mentwasperformedusingthree-fingeredgraspsof triangularprisms.Thefeaturemodelswere
the sameasthosethat generatedthe resultsshown in Figure6.13a. The resultsareshown in
Figure6.14. For cubes,thenumberof lengthygraspsthat requiredmorethanabout13 haptic
probeswasdrasticallyreduced.Suchgraspstypically do not converge to a stableconfigura-
tion. Likewise,thenumberof extremelyfastgraspsthatrequiredonly a singleprobeincreased
substantially. For both cubesand triangularprisms,the expectednumberof probeswasnot
significantlya� ected.However, in bothcasesthenumberof poorgrasps(in termsof ¸ 0) was
dramaticallyreduced.Figure6.15shows examplesof the featureslearnedduring the training
procedure.Interestingly, onefeaturecapturesboth the cubeandthe boundaryof its shadow.
Apparentlytherewereenoughfitting examplesin thedatathatsuchafeaturewasadvantageous.

Figure 6.15. Examplesof featuresobtainedby training two-fingeredmodelson cubesand
three-fingeredmodelsontriangularprisms,usingcleandataseparatedby objecttype(cf. Figure
6.14).

In asecondexperiment,asetof visualfeaturemodelswastrainedusinga trainingsetof 80
grasps,including20 graspseachof cubesandtriangularprismsusingtwo- andthree-fingered
graspcontrollers. This training set di� eredfrom the one usedin Figure 6.13b: There, the
trainingsetwasrepresentative of thepopulationof graspexperiences,includingoutliers.Here,
the best20 graspsin eachof the four categorieswas usedfor training. Both the two- and
three-fingeredvisual featuremodelswereexposedboth to cubesandto triangularprisms,and
the learningprocedurelearnedfeaturesthatwerespecificto cubesor triangularprismsexclu-
sively. Thus, thesefeaturesgatheredmeaningfulstatisticsof the experiencedfriction coeº -
cients,which could thenbe usedto recommenda two- or a three-fingeredgrasp(seeSection
6.4.3,andAlgorithm 6.2,Step2). This experimentwasrun in accordancewith Algorithm 6.2,
Steps1–5. Figure6.16 shows examplesof the featureslearned. Note that in the caseof the
triangularprism,a featurespuriouslyrespondedto theshadow, which is not correlatedwith the
orientationof theobject.

The resultsare shown in Figure 6.17. The two columnson the left display the results
achieved by the purely haptic system,for two- and three-contactnative controllers. In both
cases,graspedobjectsincludedboth cubesand triangularprisms. This explains the bimodal
distributionsof ¸ 0 shown in the bottomrow: The modescenteredneaŗ 0 � 0¶ 2 mostly cor-
respondto two-fingeredgraspsof cubesandthree-fingeredgraspsof triangularprisms,while
the modescenterednear ¸ 0 � 0¶ 6 tend to correspondto three-fingeredgraspsof cubesand
two-fingeredgraspsof triangularprisms. This illustratesthat neithertwo- nor three-fingered
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Figure6.16.Examplesof featuresobtainedby trainingtwo- andthree-fingeredmodelsoncubes
andtriangularprisms,usingasingledatasetcontainingrelatively noise-freegraspsof cubesand
triangularprisms(cf. Figure6.17).

Figure 6.17. Graspresultson cubesandtriangularprisms.Thenumberof graspcontactswas
chosenusingthelearnedvisualfeaturemodels.
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native controllersalonearesuº cientto executehigh-qualitygraspsreliably for bothcubesand
triangularprisms.

The rightmostcolumnshows the resultsachieved if the learnedvisual modelsdetermine
whichnativepolicy to use,andhow to orientthehandat theoutsetof agrasp.Almostall grasps
resultin a very gooḑ 0; thesecondmodehasalmostcompletelydisappeared.Moreover, very
long trials (morethanabout20 probes)arepracticallyeliminated(cf. the two-fingerednative
controlleron theleft). However, theexpectednumberof probesincreasesslightly. Thereasons
for this undesirede� ect areunclear. Onepossibleexplanationis that the angularrecommen-
dationsmadeby the learnedfeaturemodelswere relatively poor, and possiblyskewed by a
systematicbias,dueto thepresenceof many unreliablegraspsin thetrainingset,predominantly
two-fingeredgraspsof triangularprisms.Evenif this is true,this slight drawbackis morethan
outweighedby theenormousgainin thequalityof theresultinggrasps,asevidencedby thelow
valuesof ¸ 0.

6.6 Discussion

This chapterdescribeda systemfor learningto recommendhandorientationsandfinger con-
figurationsto a haptically-guidedgraspingsystem.Localizedappearance-basedfeaturesof the
visualscenearelearnedthatcorrelatereliably with observed handorientations.If the training
dataarenot overly noisy, specializedfeaturesemerge that respondto distinct objectclasses.
Thesecanthenbe usedto recommendthe numberof graspcontactsto be used,basedon the
expectedquality of the grasp. In this way, visual guidancetakesplacewithout prior knowl-
edge,explicit segmentationor geometricreconstructionof thescene.The interactionbetween
hapticandvisualsystemis a plausiblemodelof humangraspingbehavior. Learningis on-line
and incremental;thereis no distinction betweenlearningand executionphases.The results
demonstratethefeasibilityof theconcept.

Themainlimitation of thesystem,asusedin theexperimentsabove, is thatits performance
wasadverselya� ectedby noisein thetrainingdata.It wasunableto identify andignorenoisy
trainingexamples.However, it is importantto notethatthis e� ectis inherentin theo� -line na-
tureof thetrainingprocess.While thealgorithmis designedto operateon-line,theexperiments
above weregeneratedo� -line usinga fixed setof training data. In e� ect, the visual system
learnedsolelyby observingthehapticsystemin action. Without additionalinformation,there
wasno way for it to distinguishgoodfrom poor graspoutcomes.O� -line training seversan
importantfeedbackloop betweenthevisualandthehapticsystem.During on-line training,as
describedin Algorithm 6.2, thehapticsystemalwaysusesthecuesgivenby thevisualsystem.
If thesecuesareaccurate,thenthequality of theresultinggraspsis of consistentlyhigh quality
(Figures6.14and6.17).In e� ect,oncehighlypredictivefeaturesemerge, theresultingtraining
data will containlittle noise! Due to the KSD featureselectionmetric, goodfeatureswill be
usedmoreoftenthanpoorfeatures.Thus,their increasedusewill changethedistribution of the
training data,with the e� ect that the noiseis increasinglyreduced.This is a strongreasonto
expectthatanon-line trainingprocedurewill bootstrapitself to yield reliablefeaturesby pro-
ducingpuretrainingdata,which arein turn producedby reliablefeatures.A merelyobservant
learneris permanentlyconfrontedwith thesamestationarydistribution of noisy trainingdata,
andwastesa lot of e� ort trying to learnthenoise,contaminatingits featuresetwith spurious
features. In contrast,an interactive learnercanactively eliminatethe noisefrom the training
data!Theexperimentalverificationof thisargumentmustbeleft to futurework.

Thesensorimotorgraspingsystemdescribedin this chapterlearnsaboutobjects,andhow
they arebestgrasped.This way of learningaboutactivity a� ordedby theenvironmentis remi-
niscentof theGibsonianecologicalapproachto perception[41, 39]. Thenotionof aÝ ordances
is a centralconceptin this theory. An a� ordancerefersto the fit betweenan agent’s capa-
bilities and the environmentalpropertiesthat make possiblegiven actions. According to the
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Gibsons,an agentlearnsabouta� ordancesby interactingwith the environment. It discovers
e� ectsof actionsandperceptualcharacteristicsindicative of a� ordances.The ecologicalap-
proachemphasizesthatperceptionis direct; behaviorally usefulinformationis extractedmore
or lessdirectly from the egocentricsensorystream,without intermediatecomprehensive rep-
resentationssuchasgeometricmodels.TheGibsoniantheoryis appealingto many roboticists
becauseof its direct link betweenperceptionandaction. Unfortunately, the underlyingcom-
putationalmechanismsarelargely unclear. This is addressedby themethodsdescribedin this
chapter. Thehapticsensorimotorsystemlearnsaboutthetypesof graspsa� ordedby di� erent
objects,thatis, thefit betweenhandandobject.At thesametime,thevisualsystemlearnsto as-
sociatethesea� ordanceswith visualappearance.Featuresof appearanceareextracteddirectly
from thesensorystream,which is compatiblewith theGibsoniannotionof directperception.It
will be interestingto exploresuchactivity-driven learningmechanismsin moreelaboratetask
scenarios.
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CHAPTER 7

CONCLUSIONS

The first two chaptersof this dissertationoutlineda scenarioin which autonomousrobotsre-
fine their perceptualskills with growing experience,asdemandedby their interactionwith the
environment.The following four technicalchaptersintroduceda generalframework for learn-
ing usefulvisual features,andappliedit to two very di� erenttaskdomains.This final chapter
collectstheinsightsgainedin thetechnicalchapters,andreassemblestheminto partsof thebig
picturedrawn at the outset. It discussesthe contributions of this dissertation,andhighlights
someimportantdirectionsfor futureresearch.

7.1 Summary of Contrib utions

The desireto constructautonomousrobotsthat perform nontrivial tasksin the real world is
one of the driving forcesof researchin artificial intelligence. It has long beenarguedthat
the world is too complex to allow the designof canned,robust action policies. Therefore,
learningcapabilitiesaregenerallyagreedto beacrucialingredientof sophisticatedautonomous
robots. However, the computervision researchcommunityhasnot aswidely embracedthis
viewpoint. In Section1.2 I arguedthatvisual learningis indispensablefor agentsthatneedto
extracttask-relevant informationfrom uncontrolledenvironments.Thisdynamicandpurposive
paradigmof vision is commonlycalledactivevision[4, 15]. Thecrucialroleof visual learning
in activevisionhasbeenpointedoutin its earlydays[10, 9]. Sincethenhowever, relatively little
emphasishasbeenplacedon thelearningaspectsof task-drivenvision,althoughsomeprogress
is beingmade[76]. A centralaim of this dissertationis theadvancementof visual learningas
an essentialingredientof task-driven vision systems.The following itemssummarizethekey
contributionsof thisdissertation:

Þ Thefield of computervisionhasastrongtraditionof viewing visionproblemsin isolation.
Underthisparadigm,thegoalof visionis to generatescenedescriptionsfor useby higher-
level reasoningprocesses.I arguethatthisapproachis inappropriatein many visualtasks
that arisein the context of autonomoussystems,and insteadadvocateadaptive visual
systemsthatlearnto extractjust theinformationneededfor a task.Þ I proposedan iterative, on-line paradigmfor task-driven perceptuallearningthat cycles
throughsensation,action,andevaluationsteps(Figures2.1 on page8, 4.2 on page35,
and6.6on page102). Learningtakesplaceonly whenneeded,andis highly focusedon
solvingproblemsencounteredon line. This view of incrementalvisual learningdeparts
from establishedtraditionsin computervision.Þ ExtendingAmit andGeman’swork oncombinatorialfeatures[8, 5] andcombiningit with
highly expressive andbiologically plausiblefeatureprimitives, I introducedan infinite
combinatorialandparametricfeaturespacethat containsusefulfeaturesfor a variety of
tasks.Powerful featuresaresoughtin a simple-to-complex fashionby randomsampling
directly in trainingimages.
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Þ I demonstratedthatpowerful featurescanbelearnedin atask-drivenmannerby ageneral
systemthat startsout with very little prior commitmentto any particulartaskscenario.
To reinforcethis message,my algorithmsaredesignedto learnonly a small numberof
featuresthatarehighly distinctive individually.Þ In thecontext of visual recognition,I generalizedtheconventionaltrueÛ falsedichotomy
of classificationby amulti-classframework thatallowseachclassto betreatedseparately.
Thisparadigmunifiesthetraditionalparadigmsof objectrecognitionanddetection.I also
motivatedanimplementationon thebasisof multiple Bayesiannetworks. This represen-
tationabandonstheclosed-world assumptionmadeby conventionalrecognitionsystems.Þ Theeº cacy of thesealgorithmsandrepresentationswasevaluatedon objectdiscrimina-
tion tasksthatsimulatedanon-linelearningscenario.Þ Motivatedby the phenomenonof humanexpertisein visual recognition,I proposeda
methodfor learningimproved featuresby introducingexplicit requirementsof discrim-
inative power. As a result, test-setperformancesignificantly improvesaccordingto all
performancemetrics.Þ Onthebasisof thefeaturespace,I developedamethodfor learningfeaturesto recommend
configurationparametersfor a haptically-guidedgraspingsystemthatresemblestheway
humansusevisualinformationto pre-shapetheirhandswhile reachingfor anobject.The
methodresultsin improved grasps,without any explicit extractionor representationof
objectgeometry.

Two verydi� erentapplicationsdemonstratedthepotentialof thegeneralapproach.Theob-
ject discriminationtaskis essentiallya classificationproblem,with thegoalof finding features
thatarehighly predictive of particularclasses.A stronglyfocusedfeaturesearchprocedureex-
plicitly appliessimple-to-complex searchheuristics.Candidatefeaturesareevaluatedimmedi-
ately, whichrequiresacooperative environmentthatcanprovideexampleimages.Thegrasping
taskmainly constitutesa regressionproblem.Here,featuresaresoughtwhoseimage-planeori-
entationsrobustly correlatewith handorientations.Featureevaluationis distributedover many
successivegraspingtrials,anddoesnotrequireexampleimages.Thesimple-to-complex feature
constructionstrategy is moreimplicit in thisalgorithm.

All experimentswereperformedin simulation.On-linelearningtasksin realenvironments
will benefitfrom aneº cient implementation,especiallyif it capitalizeson thehigh degreeof
parallelisminherentin thefeaturesearchalgorithms.Importantly, thealgorithmspresentedhere
can in principle be appliedin on-line, interactive tasks. This constitutesan advancementin
the technologyfor building autonomousrobotsthat performon-line perceptuallearning. The
methodologybeginswith anuncommittedlearningsystemthatmakesfar weaker assumptions
aboutthe world andthe taskthanmostexisting vision systems.In particular, no explicit as-
sumptionsaremaderegardingobjectsegmentation,contourextraction,presenceof clutter or
occlusions,thenumberof targetobjectsor classespresentin a scene,or thenumberof classes
to be learned.Nevertheless,target conceptsarelearnedwith remarkableaccuracy, asreported
in Chapters5 and6.

In additionto advancingtechnology, this dissertationalsocontributesto our understanding
of humanperceptuallearningin thatit providesacomputationalmodelof featuredevelopment.
Sections2.1and5.1presentedstrongevidencethathumanslearnfeaturesnotunlike thosecon-
tainedin thefeaturespaceintroducedin Chapter3. For thefirst time,a detailedcomputational
modelof featurelearningwaspresentedthatexplainsmany of thephenomenaobservedby psy-
chologists[109, 107, 120, 38, 41, 39]. Key principlesof themodelarebiologically plausible,
including the primitive featuresand the principle of composition. It is not unlikely that hu-
mansperforma simple-to-complex featuresearch,producingempirically useful featuresthat
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arediscardedor refinedasrequiredby additionalexperience.Clearly, biologicalvisionsystems
employ moresophisticatedfeaturesnot containedin theconstrainedspaceusedhere,aswill be
discussedin thefollowing section.

7.2 Futur e Dir ections

Thealgorithmsdevelopedin this dissertationarefar moregeneralthantherestrictedscenarios
usedin theexperiments.Much moresystematicexperimentationis requiredto illuminatetheir
properties.Therecognitionsystemneedsto beevaluatedunderthepresenceof multiple target
objects,occlusions,andnon-target clutterobjects.Individual targetclassesshouldincludedif-
ferentobjects,includinghighly heterogeneoussetsof objectsthatdi� er widely in appearance.
Incrementalintroductionof targetclasses(in thesenseof Section5.4.4)requiresfurtherstudy,
e.g.by examiningthe e� ect of presentationorderon the learningprocess.Most importantly,
both the recognitionand the graspingsystemneedto be integratedin real-world interactive
tasks,breakingaway from closedtrainingsets.It waspointedout thatboththeexpert learning
andthegraspingapplicationsareexpectedto undergo a noticeableperformanceboostif train-
ing dataaregenerateddynamically. Possibletestbedsincludehumanoidor autonomousmobile
robots,smartrooms,etc.

This dissertationexploredtwo di� erentparadigmsof thegeneralfeaturelearningmethod.
Onewasconcernedwith supervisedclassification,theotherwith regression.A third practical
paradigmthat shouldbe exploredinvolvesan agentthat learnsmulti-stepreactive policies in
a reinforcementlearningframework. The agenttakes policy actionsbasedon the currently
observedstate. Theonly feedbackavailableto theagentconsistsof ascalarreward thatmaybe
delayedoverseveralpolicy actions,or maybegivenonly atsparseintervals. In this framework,
thestatecanberepresentedin termsof learnedfeaturesthatcapturetask-relevant information
about the environment. For example, the agentcan begin with an impoverishedperceptual
statespacesuchthat all world statesarealiased. Then, the featurelearningsubsystemseeks
perceptualfeaturesthat resolve hiddenstate,similar in spirit to McCallum’s U-Treealgorithm
[67].

Thefollowing sectionsdiscussimportantlimitationsandpossibleenhancementsof theideas
andmethodsdevelopedin this dissertation,andoutline how thesecanbe addressedby future
research.

7.2.1 Primiti veFeaturesand their Composition

The two specificprimitive featuretypesthat form thebasisof the featurespaceintroducedin
Chapter3 werechosenbecausethey constitutea smallsetandexpresscomplementaryaspects
of appearance.For generaltasks,othertypesof primitive featuresshouldbe introduced.Two
of the most importantfeaturesmissingin the currentsystemarecolor andstatisticaltexture
features.Gaussian-derivative featuresof color-opponentimagesignalshave beenexploredfor
appearance-basedobjectrecognition[43]. Statisticalfeaturesanalyzethelocal intensitydistri-
bution without regardto their spatialorganization,andthuscomplementthehighly structured
andorientedtexels. For example,suchfeatureswould probablyprove valuablein the (gray-
scale)Mel task.

An importantcharacteristicof the featurespaceintroducedin Chapter3 is that it canbe
augmentedalmostarbitrarily by addingothertypesof primitive featuresandrulesof composi-
tion. Theseadditionsarenot limited to visualoperators,but canincludeinformationfrom other
perceptualmodalities,or generally, any typeof assertionabouttheworld. Di � erentmodalities
caneven be combinedwithin the samecompoundfeaturethroughappropriatecompositional
rules.For example,combiningvisualandhapticinformationusingthis framework would open
up new perspectivesin cross-modally-guided grasping.
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The temporalandthree-dimensionalnatureof theworld givesrise to morefeatures,many
of whichfit into this framework. For example,primitiveor compoundfeaturescanbecomputed
onopticalflow or disparityfields.Thesefeaturesareeasilyaccessibleto interactive agents,and
arelikely importantin many everydayscenarios.

The currentparametricrepresentationof compoundfeaturesis not very plausiblebiolog-
ically. For representationscompatiblewith currentknowledgeaboutthe organizationof the
visualbrain,RiesenhuberandPoggio’s model[96] canserve asastartingpoint.

7.2.2 Higher-Level Features

In its presentform, the featurespacecontainsprimitive andcompoundfeatures. This space
excludesmany typesof featuresthatarevery informative to humans,but arenoteasilyexpress-
ible within this framework. ExamplesincludeGestaltfeaturessuchasparallelism,symmetry
(axial andradial), andcontinuity of contours.Anotherexampleis cardinality. To illustrate,a
bicyclewheelhasmany spokes,andatrianglehasthreecorners.Theseabstractconceptsarenot
directly expressibleby thecurrentfeatureset,but appearto be very powerful cuesto humans
for sceneinterpretation.Somehigher-level featuresmayin principlebelearnableby composing
themfrom lower-level features.

7.2.3 E ß cient Feature Search

Thecurrentfeaturelearningalgorithmengagesablind andrandomgenerate-and-testsearchpro-
cedurein staticimages.Theonly guidanceavailableis givenin theform of salientpoints,which
constrainthesearchspaceto pointsthataredeemedto bemostimportant,independentlyof the
task.In reality, therearemuchmorepowerful waysto draw attentionto importantfeatures.For
example,I postulatethat the ability to track featurepointsof a moving objectcangive pow-
erful cuesaboutwhatappearance-basedfeaturesarestableacrossa wide rangeof viewpoints.
Also, suchtrackingallows theconstructionof (at leastpartially)view-invariantfeaturesof local
three-dimensionalobjectstructure.

Theremay alsobe other, moredirect ways to extract distinctive features,in the spirit of
discriminative eigen-subspaces.I doubtthat this is alwayspossible,aseven humansdo not –
at leastnot always– extract distinctive featuresdirectly in this way. On suº ciently diº cult
discriminationtasks,we struggleto identify distinctive featuresunlessthey arepointedout to
us. Thereis strongpsychologicalevidencesuggestingthat thesubjective discriminabilityand
organizationof objectsis alteredby experience[107].

However, there is certainly much room for improvementon the current,blind generate-
and-testmethod. Oneinterestingpossibility is to designa meta-learningprocessthat notices
patternsin thewaysdistinctive featuresarefound,andthuslearnshow to look for goodfeatures
eº ciently.

7.2.4 Redundancy

Both mammalianandstate-of-the-artfeature-basedcomputervision systemsowe their perfor-
mancelargely to their useof a largenumberof features[71, 104, 96,77, 78, 8, 6, 82, 66]. The
resultingredundancy or overcompletenesscreatesrobustnessto variouskinds of imagevaria-
tion anddegradation.Thepresentwork on featurelearningpurposelydid not usethis typeof
redundancy becausewithout it, thedistinctive power of individual features– andthusthesuc-
cessin learning– standoutmuchmore.However, for practicalapplicationssuchredundancy is
requiredto increaserobustness.Futurework shouldinvestigatewaysof learninglargenumbers
of partially redundantfeaturesthatarestill powerful individually.

Recall from Chapter5 that the trainedrecognitionsystemrarely produceswrong results.
Almost all incorrectrecognitionsareeitherignorantor ambiguous,which arecausedby a fail-
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ureto find all relevantdistinctive featuresin animage.This is anartifactof theextremelysmall
numberof featureslearnedby thesystem.Theavailability of redundantfeatureswould greatly
enhancethe likelihoodof finding distinctive features,which in turn would stronglyreducethe
numberof ambiguousandignorantrecognitions.This makesmevery confidentthatanexten-
sionof thecurrentlearningsystemwith many redundant(but powerful) featureswould achieve
resultscompetitive with thebestof today’s,muchmorespecializedrecognitionsystems.

7.2.5 Integrating Visual Skills

Alongwith relatedwork, thisdissertationdemonstratedsomeof thegreatpotentialof appearance-
basedvision. However, thereare tasksthat arenot solved on the basisof appearancealone.
Thereis a role for other techniquessuchas shape-from-X,geometricmodel matching,or a
functionalinterpretationof itemsseen.Currently, suchdi� erentparadigmsareusuallyapplied
in isolation. We do not know how to integratetheminto a unifiedwhole,asthehumanvisual
systemappearsto do. Ideally, anautonomousrobotshouldhave at its disposala repertoireof
essentialvisualtools,andshouldlearnhow to usethesejointly or individually.

7.3 Uncommitted Learning in OpenEnvir onments

Theabovediscussionpointedout somefeaturesandrulesfor compositionthatshouldbeadded
to extend the rangeof conceptsexpressibleby the learningsystem. However, thereare two
importantcaveats:First, the combinatoricsof the featuresearchgrow badly with the number
of primitivesandrules(seeAlgorithm 4.10on page43). The secondcaveat is an instanceof
a critical problemsharedby all inductive learningsystems1: Even if unlimited computational
resourceswereavailableto copewith arbitrarynumbersof primitivesandrules,having toomany
of thesewill necessarilyhurt the learningprocess.Themoredegreesof freedomareavailable
to aninductive learningsystem,themorewaysexist to find patternsin thedata.If thenumber
of degreesof freedomis large in relationto thenumberof variablesin thedata,many spurious
patternswill befound. Thereis no way to know which of thesearevalid in thesensethat they
will generalizeto unseentestinstances.Therefore,all inductive learnersarenecessarilylimited
in their expressive power. Theguidingprinciplesimplementingthis limitation arecollectively
calledthe inductivebias of the learner. In practice,thedesignerof a learningproceduremust
tailor theinductive biasto thepresumedstructureof thetask.

A novelty of this work is the introductionof an infinite featurespacebasedon commonly
usedvisual featureprimitives,expressive enoughto learntraining setsof almostany classifi-
cationtask– if necessary, by memorizingthetrainingimages.Without any guidingprinciples,
this learningsystemwouldbebiasfree,andthereforeunableto generalize.Thebiasis givenby
a simple-to-complex featuresamplingprocedurethatmakesthe learnerprefersimplefeatures.
Theunderlyingassumptionis thatsimplefeaturesgenerallyprovide for thebestgeneralization,
or in otherwords,that the “real” structureunderlyinga tasktendsto beexpressibleby simple
featuresfrom thefeaturespace(cf. Section3.6,page28).

Thisassumptionis notalwaystrue,asexemplifiedby theMel taskin Chapters4 and5. The
featuresfoundby the learnerworkedwell on thetrainingset,but generalizedpoorly neverthe-
less.It appearsthat thefeaturesrepresentedaccidentalstructurein thetrainingset,which does
not generalizeto test images.In somecases,spuriousstructurerepresentedby a featuremay
besupportedby a largenumberof trainingimages.In othercases,it maybesupportedby only
very few images,resultingin overfittedfeatures.Datasetsthat violate the structuralassump-
tionsreflectedin theinductive biasareespeciallyproneto this problem.This is apparentlytrue

1Informally, aninductivelearningsystemlearnsafunctionfrom trainingexamples,andthengeneralizesto unseen
testinstanceson thebasisof this function.
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of theMel task,wheresimplecombinationsof edgelsandtexelsdid not tendto capturethereal
structurein thedata.

How do humanssolve the bias problem? Adult humansseemto be able to learn from
very few examples,and areoften able to pick out distinctive featureswith apparentease. I
suspectthat theansweris relatedto our – learned– ability to controlour learningbias.Guided
by a wealthof backgroundknowledgeandfunctionalunderstandingof theworld, we areable
to constrainour featurespaceadaptively andeº ciently, so that relevant structurein the data
is easilyfound. In otherwords,humansarenot simpleinductive learners,but our learningis
supplementedby insightsinto functionalandcausalstructureof theworld. Likewisefor artificial
systems,thebiasproblemimpliesthatstraightforward inductive mechanismsareinsuº cient to
build e� ective uncommittedlearners;they mustbesupplementedby othermechanisms[124].

Notably, it seemsplausiblethat this knowledgeis itself acquiredby inductive mechanisms.
Onecanenvisionahierarchyof inductive learners.Many learnerslearnspecializedtaskson the
basisof low-level featuressuchassensorysignals.Their outputsignalsconstitutehighly struc-
turedinput signalsto otherlearners,enablingtheseto learnfunctionsthatwould beimpossible
to learndirectly using the low-level features,becauseof their excessive degreesof freedom.
Theselearningcomponentscanbetrainedin order, individually andlargely independently, gen-
erally from thebottomup. This ordercanbegivenby a teacherwho knows e� ective learning
schedules.Wheredoestheteachercomefrom?Imagineaworld populatedby alargenumberof
suchmultilayer learningagents,all of which applyrandomlearningschedulesin anattemptto
discover usefulstructurein theworld. Becauseof their largenumber, someof themwill even-
tually be successful.Thesecanthenbecometeachersof the others,sharingtheir empirically
successfullearningstrategies.

This dissertationmadeprogresstowardbuilding uncommittedperceptualsystemsthatcan
learnto becomeexpertat specifictasks.Thenext quantumleaptowardunderstandinghuman
learningon the onehand,andtoward constructingautonomousartificial learningsystemsfor
openenvironmentsontheotherhand,requiresthedefeatof thebiasproblem.Thisposesagreat
challengeto computervisionandmachinelearningresearch.
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APPENDIX

EXPECTATION-MAXIMIZA TION FOR VON MISES MIXTURES

TheExpectation-Maximization (EM) algorithm[28] is anelegantclassof methodsfor estimat-
ing theparametersa of a probabilisticmodelwhereonly someof theunderlyingvariablesare
known. The EM algorithmbegins with any suitableinitial estimateof the parametersa, and
thenalternatesthefollowing two stepsuntil convergence:

Expectation: Given the currentestimateof the model parametersa and the observed data,
computetheexpectedvaluesof theunobservedportionof thedata.

Maximization: Giventheobserveddataandtheexpectedvaluesof theunobserveddata,com-
puteanew setof modelparametersa thatmaximizessomeobjective function.

If theobjective functionis continuous,thisprocedurewill convergeto a local maximum.
A typicalapplicationof EM is theestimationof theparametersof amixturemodel

pmix( � « a) � K

k¥ 1

p( ��« ak) P(k) (A.1)

to fit an observed set ¬ of datapoints � i , i � 1µ�¶�¶�¶�µ N. The mixing proportionsP(k) and
thecomponentski thatgeneratedeachdatapoint � i areunknown. The objective is to find the
parametervectorak describingeachcomponentdensityp( � « ak).

TheExpectationstepcomputestheprobabilitiesP(k «à� i) thateachdatapoint � i wasgener-
atedby componentk, giventhecurrentparameterestimatesak andP(k), usingBayes’Rule:

P(k «Ô� i) � p( � i « ak) P(k)
K
j ¥ 1 p( � i « a j) P( j)

� p( � i « ak) P(k)
pmix( � « a)

(A.2)

At theMaximizationstep,anew setof parametersak, k � 1µ�¶�¶�¶�µ K, is computedtomaximize
thelog-likelihoodof theobserveddata:

logL(¬®« a) � N

i ¥ 1

log pmix( � « a) (A.3)

At themaximum,thepartialderivativeswith respectto all parametersvanish:

0 � »»
ak

log L(¬¯« a) � N

i ¥ 1

P(k)
pmix( ��« a)

»»
ak

p( � i « ak)

� N

i ¥ 1

P(k «Ô� i)
p( � i « ak)

»»
ak

p( � i « ak) (A.4)

wherethesecondline (A.4) follows from substitutingEquationA.2. TheMaximizationis then
computedby solving this system(A.4) for all ak. Moreover, the estimatesof the component
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priors areupdatedby averagingthedata-conditionalcomponentprobabilitiescomputedat the
Expectationstep:

P(k) � 1
N

N

i ¥ 1

P(k «� i) (A.5)

For theparticularcaseof a mixtureof von Misesdistributions,EquationA.4 is instantiated
for theparameterş and ¹ for eachmixture componentk. For ¸ k, EquationA.4 becomes(cf.
Equation6.6,page104)

»» ¸ k
logL(¬¯« a) � ¹ N

i ¥ 1

P(k «Ú� i) sin( � i ¢ ¸ k) � 0 (A.6)

ˆ¸ k � á sin
¼ 1

N

i ¥ 1

P(k «Ú� i) sin � i
N

i ¥ 1

N

j ¥ 1

P(k «Ú� i) P(k «� j) cos( � i ¢ � j)

(A.7)

Only oneof thetwo solutionsgivenby EquationA.7 is actuallya root of EquationA.6. Which
onethisiscanbedeterminedby backsubstitutionintoEquationA.6. Theroot ˆ¸ k thusdetermined
eitherminimizesor maximizesthe log-likelihood (A.3), ascanbe verified by consultingthe
secondderivative: » 2» 2̧

k
logL( ¬®« a) � ¢ ¹ N

i ¥ 1

P(k «Ú� i) cos( � i ¢ ¸ k) (A.8)

If thesecondderivative (A.8) at ˆ¸ k is lessthanzero,theņ k � ˆ¸ k maximizesthelog-likelihood
(A.3); otherwise,̧̂ k minimizesthelog-likelihood,andits mirror imageonthecircle, ¸ k � ˆ¸ k £ãâ ,
is to beusedinstead.

In thecaseof ¹ , thepartialderivatives(cf. Equation6.7)

»» ¹ k
logL(¬®« a) � ¢ N

i ¥ 1

P(k «Ô� i) I ¼ 1(¹ k) £ I1(¹ k) ¢ 2I0(¹ k) cos( � ¢ ¸ k)
2I0(¹ k)

� 0

cannotbesolvedfor ¹ k in closedform becausethemodifiedBesselfunctionsarenot invertible
algebraically. The ¹ k have to be approximatedvia numericaloptimization,e.g. gradientde-
scent.In otherwords,eachiterationof theEM algorithminvolvesk one-dimensionalnumerical
optimizations. In the faceof this complexity, it seemssimpler to performa single(3K ¢ 1)-
dimensionalnumericaloptimizationto find theparameters¸ k, ¹ k, andP(k) of themixturemodel
(A.1) directly, insteadof usingtheiterative EM algorithm.
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