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Abstract

Objectandscenerecognitionis oneof the mostessentiafunctionalitiesof humanvision. It is alsoof fun-
damentaimportancefor machinego be ableto learnandrecognizemeaningfulobjectsandscenes.n this
thesis,we explorethefollowing four aspect®f objectandscenerecognition.

It is well known that humanscan be “blind” even to major aspectof naturalscenesvhenwe attend
elsavhere. The only tasksthat do not needattentionappearto be carriedout in the early stagesof the
visual system.Contraryto this commonbelief, we shawv that subjectscanrapidly detectanimalsor vehicles
in brie y presentedovel naturalsceneswhile simultaneoushperforminganotherattentionallydemanding
task. By comparisonthey areunableto discriminatelarge T's from L's, or bisectedtwo-color disksfrom
their mirror imagesunderthe sameconditions. We explore this phenonmenorurther by removing color
from thenaturalscenesor increasinghe numberof imagesperipherally We nd evidencethatsuggestshat
familiarity andmeaningfulnessight be amongthe factorsthatdetermineattentionalrequirement$or both
naturalandsyntheticstimuli.

Sowhatexactly dowe seewhenwe glanceatanaturalscene’And doeswvhatwe seechangeastheglance
becomedonger? We asled naive subjectsto reportwhat they sav in nearlya hundredbrie y presented
photographs.After eachpresentatiorsubjectsreportedwhat they hadjust seenascompletelyaspossible.
Afterward, anothergroup of sophisticatedndividualswho were not aware of the goalsof the experiment
wereinstructedo scoreeachof thedescriptiongproducedoy the subjectdn the rst stage.Individual scores
wereassignedo morethana hundreddifferentattributes. Giventhe evaluationof the responsesye shov
thatwithin a singleglance muchobjectandscendevel informationis percevedby humansubjectsBut the
richnessf our perceptiorseemasymmetrical Subjectdendto have abiasto naturalscenedeingperceved
asoutdoorratherthanindoor.

In computervision, it is commonlyknown thatlearningvisual modelsof objectcategoriesnotoriously
requiresthousandof training examples. We shaw that it is possibleto learn much information abouta
catgyory from just oneimage,or a handful of images. The key insight is that, ratherthanlearningfrom
scratch,one can take advantageof knowledge coming from previously learnt categories, no matterhow
differentthesecategyoriesmightbe. We explorea Bayesianimplementatiorof thisidea. Objectcatayoriesare
representetdy probabilisticmodels.Prior knowledgeis representedsa probability densityfunctionon the
parametersf thesemodels.The posteriormodelfor an objectcateyory is obtainedby updatingthe prior in
thelight of oneor moreobsenations.We testa simpleimplementatiorof our algorithmon adatabasef 101
diverseobjectcatayories. We comparecateyory modelslearntby a simpleimplementatiorof our Bayesian
approacho modelslearntfrom maximunlikelihood (ML) andmaximuma posteriori(MAP) methods.We

nd thatin adatabasef morethan100cateyoriesthe Bayesiamapproactproducesnformative modelswhen
thenumberof trainingexampleds too smallfor othermethodgo operatesuccessfully

We alsoproposea novel approacho learnandrecognizenaturalscenecategories.Unlike previouswork,



Vi

it doesnot requireexpertsto annotatehe training set. We representhe imageof a sceneby a collectionof
localregions,denotedascodevordsobtainedby unsupervisetearning.Eachregionis representedspartof
a“theme’ In previouswork, suchthemeswerelearntfrom hand-annotationsf experts,while our method
learnsthethemedistributionsaswell asthe codevordsdistribution over thethemeswithout supervisionWe
reportsatishictorycatayorizationperformancesn alarge setof 13 catgyoriesof complex scenes.
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2

To understandhow humansseeandto build machinego seearetwo importantgoalsin scienceandengineer
ing. The purposeof this thesisis two-fold. Onthe humanvision side,we explore propertiesof naturalscene
recognitionthroughpsychophysicexperiments.On the computervision side, we proposetwo algorithms
thatlearnandrecognizeobjectsandnaturalscenes.

We will introducethe signi cance of our questionsaswell asour contribution separatelyn eachof the
following part:

In Partll, we presentiseriepsychophysicstudieshatshovsrapidnaturalscenecateyorizationrequires
verylittle attention.We furtherexplore variousaspect®f this astonishingability.

In Part lll, we take the questionof naturalscenerecognitionfurther by studyingwhat humansubjects
percevein aglanceof areal-world image.

In Part IV, a computervision modelis proposedor learningobject categorieswith very few training
examples.We useBayesiarlearningtechniqueto incorporateusefulprior informationto achieve this goal.

Finally in PartV, we shav thatnaturalscenecategorizationcould be donewithout muchhumansupervi-

sionin ahierarchicaBayesianmodel.
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Chapter 1

Intr oduction

1.1 Background

Psychologisthave longknown thatcertainvisualsearchtasksrequireminimal or no attention.A hallmarkof
preattentie visionis thatit is achievedin aseeminglyparallelfashion:a preattentre taskmaybe carriedout
simultaneouslyvith othervisualtaskg17]; targetdetectiordoesnotbecomesigni cantly moredif cult when
the numberof distractorss increased15, 140]. However, noneof the known preattentie tasksapproaches
the sophisticatiorof everydayvision wherecomplex scenesnustbe scrutinizedin orderto assessigh level
propertiessuchasthe presencef dangerandthe structureof a socialinteraction.Virtually all of the visual
tasksthatmaybeperformedoreattentrely have beenexplained eitherin detailor in principle,by quasi-linear
modelsthatreplicatemechanism$oundin the early stageof our visual system[7, 83]. While muchcanbe
accomplishedy thesesimple mechanismsit is quite clearthat they areinadequatdor explaining “high
level” perceptionsuchasrecognitionand cateyorization,i.e., visual processeshatrely on neuralactvities
in the inferior temporalcortex and beyond [43,68,78]. This would suggesthat thereis no sophisticated
propertyof thescenghatwe canseewithout payingattention.In agreementvith this view, changeblindness
andinattentionalblindnessstudiesdemonstratéhat without visual attention,signi cant changesn a large
partof thevisual eld caneasilyescapeurawarenes$82,96,115,128].

Ontheotherhand,somecomple visualtaskscanbe rapidly accomplishedby our visual system.RSVP
(rapid serialvisual presentationgxperimentshave demonstratethatnaturalobjectsbelongingto a speci ed
catggory may be classi ed remarkablyfast[109,130]. Thorpe and colleagueshave found that complex
naturalsceneganbe catagyorizedin aslittle as150ms[22,29,135,136,146. Thisastonishingpeedelative
to thetime constanbf informationprocessing@ndtransmissionn networksof neurongaisesthe questionof
whetherattentionplaysa critical role in this type of rapidvisual processing.

In this study we would like to explore the relationshipbetweenrapid natural-sceneateyorizationand
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visualattention.More speci cally, we askwhethera complex scenerecognitiontaskrequiremuchattention

andto whatextentattentionplaysarolein varioustypesof visualtasks.

1.2 Contribution

To the surpriseof currentattentiontheories[140], we nd thatthereis little or no attentionalcostin rapid
visual categorizationof complex, naturalimageg77]: detectingthe presencef ananimal,or avehicle,in a
naturalphotographa genuinelychallengingtaskfor today's computevision algorithms,canbe carriedout
by humanobsenersin the nearabsencef attention.Subjectscould performthis taskequallywell aloneor
simultaneouslyvith anotherattention-demandintask(i.e., decidingwhether5 randomlyrotatedTs andLs
presentecht xation wereall identical or whetherone of themdifferedfrom the others). Underthe same
dual-taskconditions subjectscould not performapparentlysimplerdiscriminationtasksinvolving synthetic
stimuli (discriminatingbetweera singleperipherallyrotatedT or L, or discriminatingbetweerred-greerand
green-redbisecteddisks).

While themainresultimpliesthatnaturalsceneprobablyhold aspeciaktatusfor ourvisualsystemsit is
unclearexactly whataboutthesestimuliis responsibldor thisdistinctvenessis it themerefactthatapicture
is naturalratherthansynthetic or aretheresomeassociatedor confoundedjactorsthatcouldberesponsible
for determiningattentionalrequirementsVe follow thesequestiondn the secondsetof experimentsthat
investigatea variety of suchpotentialfactorsandestablishhow they canaffect the attentionalrequirements
of recognitiontasksusing naturaland arti cial stimuli. We nd that naturalscenecategorizationwithout
attentionrequireslittle stimulus-speci ctraining. It is robustto lack of color informationor increasingthe
setsizeof the stimuli presentedIn contrary multiple redundantopiesof syntheticstimuli do notimprove
the performance®f recognitionwithout attention. Somesimpletasks,suchassingleletter discrimination,
requiremuchattentionabssistancanlesshelettersarepresentedh afamiliar, uprightposition. We hypoth-
esizethatattentionis particularlyimportantfor tasksthatdo not have neuronakrepresentationt the visual
pathway. Naturalscenecateyorization,a well-learnedandfamiliarizedtaskfor mosthumanobseners,does

notrequiremuchattention.



Chapter 2

General Method

2.1 Subjects

Fifteenhighly motivatedCalifornia Institute of Technologyundegraduatesind graduatestudentgfrom 20
to 26 yearsold) senedassubjectsn all or partof the following experiments.Eachsubjectenrolledfor at
least15 daily session®f 1 hour andreceved payment. Subjectsreportednormal color vision and visual
acuity (sometimesvith corrective lensesor glasses)but underwenho testsin thisrespectAll subjectavere

right-handedAll subjectaverenaive aboutthe purposeof the experiments.

2.2 Apparatus

2.2.1 Database

Thepictureswerecomplex colorscenesakenfrom alargecommerciallyavailableCD-ROM library allowing
accesgo severalthousandstimuli. The animal category imagesincludedpicturesof mammals birds, sh,
insectsandreptiles. Thevehiclecategoryimagesncludedpicturesof cars,trucks,trains,airplanesshipsand
hot-airballoons.Therewasalsoa very wide rangeof distractorimageswhich includednaturallandscapes,

city scenesphotosof food, fruits, plants,housesandarti cial objects.

2.2.2 Equipment

Subjectswereseatedn a darkroom especiallydesignedor psychophysic&xperiments.The seatwasap-
proximately 100cmfrom a computerscreen,which was connectedo a Macintosh(OS9) computer The
refreshrateof the monitorwas75Hz. All experimentalsoftwarewasprogrammedisingthe Psychophysics

Tool box[14,101]andMatlah



2.3 Procedure

2.3.1 Experimental Paradigm

‘M
e central mask ol

peripheral mask on

peripheral stimulus on
central stimulus on

fixation

Figure2.1: Dual-Taskexperimentabetupfor asingletrial. A xation crossof 1-degreevisualangleis ashed
for 300msat the onsetof eachtrial, startedby the subject. After that, the centralletter discriminationtask
stimuli arepresentedor a CentralSQA (StimulusOnsetAsynchrory) amountof time. Thecentralstimuli are
thenmasled by anappropriatgperceptuamask.CentralSQA is determinedndividually for eachsubjectso
thatthe performancesf the centralletterdiscriminationtaskcenteraround80% correctnesss2msafterthe
onsetof thecentralstimuli, aperipheraktimulusis presentedandomlyataperipheralocationcenteringat 6-
degreeeccentricity For differentexperimentgeportedn this paper peripheraktimuli vary. Eachperipheral
stimulusis thenmasled by its correspondingperceptuamask, after PeripheralSQA amountof time. It is
importantto notethatto ensurethat attentionis properlywithdrawvn by the centraltaskunderthe dualtask
condition,the peripheraimaskalwaysonsetsearlierthanor atthe sametime asthe centralstimulusmask.

We usea Dual-Task paradigmin all of our experimentg[15,129]. Eachexperimentconsistsof three
differentconditions:the primarytask—anattentionallydemandingentraltask(identicalin all experiments),
asecondaryeripherakask(in which therole of attentionis investigatedanda dualtaskconditionin which
boththe centralandperipherakasksareperformedconcurrently In eachexperimentall trials areorganized
in thesameway irrespectve of theexperimentakondition(i.e., single-taskconditionor dual-taskcondition).

Only thenumberof requiredresponsesariesbetweerconditions.

2.3.2 Central Letter Discrimination Task

In all experimentseachtrial startswith a xation cross300 100msbeforethe onsetof the centralstimulus.
At Oms,the centralstimulus(a combinationof ve letters)is presentedThe ve letters(Ts andLs, either

all identical,or onediffering from the otherfour), appeaiat nine possiblelocationswithin 1:2 eccentricity
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Eachletteris randomlyrotated. After the centralSQA (StimulusOnsetAsynchroty, the time betweenthe
appearancef the centralstimulusand the onsetof the centralmask), eachstimulusletter is masled by
the letter 'F' rotatedaccordingto the randomorientationof the stimulusletter For a given subject,the
central SQA is the samefor both single-taskand dual-taskconditions. All trial typesare presentedvith
equalprobability Subjectsareinstructedto respondby pressing'S' on the keyboardif the ve lettersare
thesameor "D’ if oneof thelettersdiffersfrom the otherfour. Fig. 1 illustratesschematicallythe setupof
a sampletrial of the dualtaskparadigm.In earlierstudiesit wasfoundthatthe centraltaskperformancas
quite a sensitve measurdo indicatethe allocationof attentionakesource$15]. Subjects'performancesn

this centraltaskdecreasedrasticallyif the SQA wasslightly decreasefir7].

2.3.3 Peripheral Task

In eachperipheraltask, the stimulusis always presentecb3msafter the central stimulusonset. Subjects
respondo thesetasksin aspeededashion.They areinstructedo continuouslyhold down the mousebutton
andreleaseit asfastas possible(within 1000ms)whenthey have detectedthe tamget. For a given trial,
the locationof the peripheralstimulusis randomlydeterminedkeepinga distanceof 6-degreeeccentricity

(Fig. 2.1).

2.3.4 Training Procedure

Eachnovel subjecto thedualtaskparadignunderwengtrainingprocesslt usuallytook morethan10hours
for a new subjectto coordinatehis/hermotor responsesvell enoughto answerboth a speedederipheral
taskandthe centraltask. The centralSQA, startingat 500ms,was decreasedfter eachblock wherethe
performanceof this task exceeded5% correct. The training procedurevasterminatedafter the subjects
performancénadstabilizedandthecentralSQA wasbelov 250ms.Thisvalueis choserto limit thepossibility
of switchingattentionor eye movementduringstimuluspresentationCentraltaskandperipherataskalways

recevedthe sameamountof training.

2.3.5 DataAnalysis

For eachsubjectin a given experiment,we obtaintwo baselineperformancescentralletter discrimination
with attention(single-taskcondition)and peripheralrecognitiontaskwith attention(single-taskcondition).
Eachof thesetwo performancesonsistsof performancesf 9-15blocks(dependingon the experiment)of
96-trial experimentsunlessotherwisespeci ed. Similarly, we also obtainthe correspondingerformances

for thecentralletterdiscriminationtaskwith attention(primarytask)andperipherarecognitiontaskwithout
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attentionunderthe dual-taskcondition. Eachof thesetwo performancegonsistsof performancesf 9-15
blocks(dependingntheexperiment)of 96-trialexperimentainlessotherwisespeci ed. T-testsarecomputed
for eachexperimentto comparesingle-anddual-taskperformancesAn alphavalue of 0.05is usedfor all
statisticaltests.

To visualizeresults we summarizeeachof theexperimentusinga “normalizedperformance’gure. The
“normalizedperformance’for eachtaskis obtainedin thefollowing way. The averagesf thetwo baseline
performancearelinearly scaledo 100 suchthatchancdevel performanceemainsat50%. Thenthesame
scalingfactorfor eachsubjectis usedto obtain normalizedperformancdevels of the two tasksunderthe

dual-taskcondition.In otherwords,

Normalizedperformance = 0:5[(Pqy 0:5)=(Ps 0:5)]+ 0:5 (2.2)

wherePy andPs referto performancén thedual-taskandsingle-taskconditions respectiely. It isimportant
to point out that sincethe 100% baselineis the averageperformanceof a giventaskunderthe single-task
condition(with attention),t is possiblethatthe normalizedoerformancesametask’s performanceinderthe
dual-taskcondition (without attention)might sometimede largerthan 100%. This simply meansthat the
actualperformancéhasa higheraverageunderthe dual-taskconditionthanunderthe single-taskcondition.

Statisticaltestswill determinevhetherthis differenceis signi cant or not.
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Chapter 3

Experiments and Results

In this chapter we presentrst the main experimentof our study The key questionof our investigationis
whethematuralscenecatagyorizationrequiresvisual attention.Following the mainexperimentsye presentl

seriesof controlexperimentgdargetedto investigatevariousaspect®f our ndings in themainexperiments.

3.1 The Main Experiment: Natural SceneCategorizationwithout At-
tention

We studiedtherole of attentionin naturalscenecategorizationusinga dualtaskparadigmjn whichanatural
scenecategorizationtask, wheretarget scenesvere de ned by the presenceof one or more animals,was
performedconcurrentlywith anothervisual taskthat requiredvisual attention[17,74,129] (Fig. 3.1). The
ideais to comparesubjects'performance®f the cateyorizationtaskundertwo conditions:the “single task”
conditionwhereattentionis available,andthe “dual task” conditionwhereattentionis dravn away by the
othertask. If the rapid naturalscenecateyorizationtaskdemandsttention,we shouldobsere a signi cant
decreaseén performanceunderthe dual task condition. If the rapid naturalscenecategorizationdoesnot

entailmuchattentionalost,performanceshouldbe comparable.

3.1.1 Method

As describedn Chapter2, we usea dual task paradigm. The centraltaskis attentionallydemanding. It
involvesdiscriminatingdisplayscomposedf ve randomlyrotatedTs andLs at the centerof the visual
eld. Subjectsneededo respondby pressingonekey whenall ve letterswerethe sameandanotherkey
whenoneof thelettersdifferedfrom the otherfour. This taskengagesttentionat the centerof the display
preventingattentionfrom focusingon the naturalscendn the periphery[17,74] (seealsoFig. 3.3d-e).When

our subjectsperformedthis task alone,their performancesveragedaround7 7% (variedbetween68% and
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82%, Fig. 3.2). Thisvaluecanbeusedasareferencdor thedualtaskcondition:if asubjecthascontinuously
engagedull attentionto the centraltask,we expectthe performancdo be maintainedat the samelevel; ary
signi cant distractionor withdrawing of attentionwould decreas@erformance.

The peripheraltaskis our locusof interest—naturascenecategorization. It is a modi cation of the one
usedby Thorpeand colleagueq135]. A picturewas ashed for only 27msat a randomlocationin the
peripheryof the visual eld, followedby a perceptuamask(Fig. 3.1). Subjectshadto decidewhetherthe
image containedan animal (or animals)or not, as fastand accuratelyas possible[135]. When subjects

performedthistaskalone their performanceveragedaround76% (rangingfrom 75% to 79%; Fig. 3.2).

3.1.2 Results

Underthe dual task condition, subjectswere instructedto focus attentionat the centerof the display and
to try to perform both tasksas accuratelyas possible. Sincewe were interestedn the reactiontimes of
the naturalscenecatagorizationtask,we asked subjectsto respondasfastaspossibleto the peripheraltask
beforeansweringhe centralone.For eachsubjectthecentraltaskperformanceinderthedualtaskcondition
shaved no difference(p> 0.05) from its counterpartunderthe single task condition (Fig. 3.2). Thisis a
clearindicationthatattentionwaslocked at the centerunderthe dualtaskcondition. Furthermorefor each
individual subjectthe averageperipheralcatayorizationperformancainderthe dual task conditionwas not
signi cantly (p > 0:05, t-test)differentfrom the correspondingperformanceinderthe singletaskcondition
(Fig. 3.2), suggestinghat naturalscenecateyorizationcanstill be performedwhenattentionis dravn awvay
(seealsoFig. 3.3a-c).

Onemightamguethatsubjectould rst attendto theperipheraktimulusbeforeswitchingattentionto the
centralone. In thatcase however, the time availableto processhe centralstimuluswould be muchshorter
by atleast80msthantheactualcentralSQA (theperipheraktimulusis turnedoff 80msafterthe onsetof the
centralstimulus). This strateyy would resultin a strongdecreasén performancef the centraltask. Indeed,
in a separatecontrol experiment,we asled all six subjectsto performthe centralletter task with an SQA
shortenedy only 66ms. Their averageperformancedroppedfrom 77% to 66% (individual t-testfor each
subject,p = 0:01). This con rms thatour resultsdo notre ect a systematicswitch of attentionbetweerthe
two tasks.

Becauseof its high motor coordinationdemandsthe dual taskrequiredextensve training. During this
period,our subjectsnererepetitively trainedwith the samesetof 288images.It could be arguedthat such
training could serne to optimize featuredetectionmechanismgor speci ¢ stimuli, reducingthe attentional

demanddor thistask[16,65]. However, theabove resultswereobtainedwith asetof 1056novelimageghat
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Figure3.1: ExperimentalProtocol. (a) Schematidllustration of onetrial. After a xation crosspresented
at the centerof the visual eld, anattentionallydemandindetterdiscriminationtaskis presenteaentrally
The centralstimulus(combinationof ve Ts andLs) is thenreplacedby a perceptuamask( ve Fs)aftera
timeinterval commonlycalledthe stimulusonsetasynchrog (SQA, rangingfrom 133ms-240méor different
subjects).Subjectsareinstructedto respondvhetherall ve lettersarethe sameor oneof themis different.
In the peripheralnaturalscenecatayorizationtask,animageis presentegeripherallyfor 27msat arandom
locationand53msaftertheonsetof thecentralstimulus. Theperipheraktimulusis followed(afterperipheral
SQA) by a perceptuamask. The peripheralSQA variesindividually for eachsubjectrangingfrom 53msto
80ms.Theperipheraimaskalwaysappeardeforethe centralstimulusis replacedoy its own mask.Subjects
male a speededesponsdo the presencef animals. Underthe dual task condition, subjectsarerequired
to performbothtasksconcurrently (b) Samplelmagesof the StimulusDatabaseThe picturesarecomplec
colorscenesakenfrom alargecommerciallyavailableCD-ROM library allowing accesgo severalthousand
stimuli. The animal categgory imagesinclude picturesof mammals birds, sh, insects,andreptiles. In a
separatexperiment(Fig. 3.3b-c),anadditionaltargetcatayoryis used-ehicles.Thevehiclecatgyoryimages
includepicturesof cars,trucks,trains,airplanesshipsandhot-airballoons.Thereis alsoa very wide range
of distractorimages,which include naturallandscapes;ity scenespicturesof food, fruits, plants,houses,
andarti cial objects.
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Figure 3.2: Main Results. Individual subjects resultsfor dual vs. single task performanceg5 subjects).
Thehorizontalaxisrepresentperformancef the centraltask(attentionallydemandingdetterdiscrimination
task). The vertical axis representperformanceof the peripheraltask (naturalscenecategorization). Each
solid representshe performanceof oneblock (96 trials/block) underthe dualtaskcondition. All images
usedfor testingwerenovel for thesubjectsEachopen representtheaverageperformanceinderthesingle
task condition. For eachsubject,performance®f the letter discriminationtask do not differ signi cantly

(t-test,p> 0.05)underthe singleanddualtaskconditions suggestinghatattentionwasfully allocatedto the

centerin the dualtaskcondition. Furthermorethe performancesf the naturalscenecateyorizationtaskdo

not differ signi cantly (t-test, p> 0.05) eitherunderthe singleand dualtask conditions,suggestinghat the

taskmaybe performedwhile attentionis engageceIsavhere.

werenever presentediuringtraining. Furthermorewe shaw later (Fig. 3.3dand3.3e)thatthe sameamount
of trainingin otherdualtasksdid not reduceattentionaldemandsThis makesit unlikely thatour resultsare
adirectconsequencef thetrainingprocessin additionto our experimentsa studydoneby Rousselegtal.

reaches compatibleconclusionwith untrainedsubjectd120].

Reactiontimesmeasuredinderthe singletaskconditionarecompatiblewith resultsobsenedby Thorpe
and colleaguessuggestinghat our naturalscenecateyorizationtaskis performedin an ultra-rapidmode
[135]. Notethatthis taskinvolvesa speededesponsainderboth singleanddualtaskconditions.Underthe
dualtaskcondition,while cateyorizationperformancas unafected,we obsere anaveragedelayof 117ms
in responsgimescomparedo the singletaskcondition(singletask: 491ms;dualtask: 608ms).This delay
is likely to arisedueto centralratherthanperceptuahttentionalcompetition[100]. Indeed,whensubjects
arerequiredto performtwo taskssimultaneouslyinterferences known to occurat several differentstages:
taskpreparatiorf50], responseselection99,154] andresponsgroduction[57,92]. Thesdimitations, often
referredto asthe “psychologicalrefractoryperiod” [134], could easilyaccountfor the obseneddelay[100].
Moreover, a numberof studieshave shavn thatthe presencef attentiondecreaseperceptualatencieq58]
andreactiontimesto a signi cant extent[69,107,112]. This couldalsoexplainthe obseneddelay

Are the above resultsdueto the high biological and evolutionaryrelevanceof the target category “ani-
mal?” In otherwords,couldwe obtainasimilar resultusingaman-madebjectcateyory, e.g.,vehicleJ146]?
Wetestedonegroupof vesubjectswith bothcateyorizationtasks.In thevehicletask,targetimagesncluded
cars,trains,airplanesships,etc. Half of the distractorswereanimalsceneswhile the otherhalf contained

neitheranimalsnor vehicles(Fig. 3.3c). The animaltaskwasessentiallthe sameasin the mainexperiment
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Figure3.3: (a) Summary:Cateyorizationof Masked Animal Images.This panelcorrespondso the normal-
ized averageperformanceof the main experiment(Fig. 3.2). Eachopencircle ( ) is the averagevalue of
one subjects dual task performancenormalizedaccordingto his/herown singletask performance:a lin-
earscalingtransformshe averagesingletask performancento 100% leaving chanceat 50% Performance
underthe dualtask conditionthatis higherthanthe correspondingerformanceainderthe singletaskcon-
dition would resultin a normalizedperformancenhigherthan100% Error barsre ect the standarderror of
the means.(b andc) Cateyorizationof NaturalandArti cial Objects.Thesame ve subjectgperformedthe
following two categorizationtasksin alternatingolocks. (b) Cateyorizationof maslkedanimalimagesamong
vehiclesandotherdistractors.Distractorsfor this taskinclude fty percentvehiclescenesand fty percent
non-animal/non-ghiclescenestandomlydravn from the samedatabaselescribedn Fig. 3.1h Taskperfor
mancefor eachof the 5 subjectds comparablainderdualtaskandsingletaskconditions(t-test,p > 0:05).
Thispanelpresenta summaryof normalizedaverageperformancef eachsubjectasdetailedn panel(a). (¢)
Categorizationof masledvehicleimages.Subjectsareinstructedo performthe naturalscenecategorization
taskusingvehiclesastargets(including cars,trucks, trains, airplanes shipsandhot-air balloons). Distrac-
torsfor this taskinclude fty percentanimalscenesand fty percentnon-animal/non-ghiclescenes.The
panelillustratesnormalizeddualtaskperformancesf the 5 subjects.For eachsubjecttask performances
comparablainderdualtaskandsingletaskconditions(p > 0:05). Theseexperimentprovide evidencethat
arti cial aswell asnaturaltargetcateyoriescanbe detectedn the nearabsencef attention.(d - e) Control
Experiments.(d) Peripheraletter discriminationtask. 5 subjectsareinstructedto discriminatebetweerthe
lettersT andL presentedn the periphery The letter, randomlyrotated,is masled by the letter F afterthe
peripheralSQA (rangingfrom 53msto 160ms). For eachsubject,this peripheralletter discriminationtask
cannotbe performedabove chancan the absencef attention(pairedt-test,p > 0:05). This panelpresents
a summaryof normalizedaverageperformancef eachsubject. (e) Peripherakolor patterndiscrimination
task. 5 subjectsareinstructedto discriminatea red/greercolor discfrom a green/rectolor disc. The stim-
ulus is masled after the peripheralSQA (rangingfrom 66msto 106ms). For eachsubjectthis peripheral
color patterndiscriminationtaskcannotbe performedabove chancan the absencef attention(pairedt-test,
p > 0:05). Theresultsfrom thesecontrolexperimentsdemonstrat¢hatour centraldiscriminationtaskeffec-
tively withdraws attentionaway from the peripherattask(1). This panelpresents summaryof normalized
averageperformancef eachsubject.
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(Fig. 3.2andFig. 3.3a),with the exceptionthat50% of the distractorimagescontainedvehicles(Fig. 3.3b).
The two taskswere presentedn alternationandall stimuli were masled. Our resultsshowv that for each
individual subjectthereis no signi cant decreas@ catayorizationperformanceainderthedualtaskcondition
comparedo the singletaskconditionin bothcaseqFig. 3.3b- c, t-test,p > 0:05). This resultsuggestshat
catgyorizationof naturalscenesn the nearabsencef attentionmight well be a generalphenomenomot
limited to evolutionarily relevantobjectcategories.Anotherpossibleconfoundis thatthe subjectanaynotbe
performingan animal(or vehicle)detectiontask, but rathermay be detectingthe presencef a “foreground
object” Foregroundobjectsmay be morefrequentin imagescontaininganimalsor vehiclesthanin images
containingsceneryonly. However, the factthatanimalphotographsvereusedasdistractorsfor the vehicle
taskandvice versamakesthis possibilityimplausiblesince“foregroundobjects”"werecontainedoothin the
targetanddistractoimages.

The interpretatiorof our ndings relieson the assumptiorthat attentionis allocatedto the centerof the
visual eld underthe dualtaskcondition. This assumptioris supportedy thefactthatthereis no decrease
in the centralperformancainderdual taskcomparedo singletaskconditions. This implies thatwhenthe
peripherattaskdoesdemandattention,performanceshouldsuffer. To examinethis questionwe conducted
two controlexperimentsn which the peripheratasksinvolvedeitherdiscriminatingabrie y presentedetter
followed by a mask(T or L followed by F; Fig. 3.3d) or discriminatinga brie y presentecand masled
color disk (red/greeror green/red;Fig. 3.3e). Thesetaskshave beenshovn by Braun and colleaguedo
requireattention[74]. In both of thesecontrolexperimentsthe centraltaskwasthe sameasin our previous
experiments( ve Ts andLs discrimination). We obsened a sharpdrop in performanceof both peripheral
tasks(p < 0:0001in Fig. 3.3d; p < 0:0001in Fig. 3.3e). While subjectscan performat 74% and 78%
in peripheralsingle letter and color tasks,respectiely, they cannotdo any betterthan chance(individual
pairedt-testfor eachsubject,p > 0:05; averageover all subjectds 51%for lettertask;51%for color task)
duringthe dualtaskscenarios Theseresultsdemonstrat¢hatattentionis effectively allocatedto the central
task and provide further evidencethat extensve training doesnot necessarilyresultin an improvementof
performancesSubjectperformingthesedualtasksrecevedthesameamountof trainingasthoseperforming

thenaturalcateyorizationtasks.

3.1.3 Discussion

Our ndings shav that rapid visual cateyorizationof novel naturalscenesequiresvery little or no focal
attention. Perceptioroutsidethe focusof attentionhasmostly beenreportedfor simplesalientstimuli [17,

140]. In our task,however, humansubjectsareactively searchingor a complex category of objectswhose
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appearances highly variable.It thusappearshata sophisticatedhigh level of representatiofe.g. semantic)
canbe accessedutsidethe focusof attention. It hasalreadybeenarguedthatthe “gist” of a visual scene
couldbeavailablepreattentiely [8, 157]. In this context, the contentsof the“gist” couldin factbe extended
to includeinformationaboutthe presencef a comple target cateyory whoseappearance not known in

adwance.

3.2 Control Experiment 1: Effects of Training

We had demonstratedhe humanvisual systems amazingef ciency in naturalscenecataorizationwith
little or no attention[77]. In theseexperiments,an averagetraining period of 10-15 hourson dual-task
wasnecessaryor eachsubject. It is likely that this training helpssharperthe executive control necessary
for performingdifferenttasks,particularlywhenthey are carriedout simultaneouslyff100,126]. However,
trainingsometimeslsodecreasethe attentionaldemandon perceptuaprocessing65]. So,couldit bethat
this superbef ciency in naturalsceneprocessings mainly dueto the training processhateachsubjecthad
recevedin theseexperiments?We hadarguedthatthis is unlikely sincethe sameamountof training was
appliedboth to the naturalscenecateyorizationandthe seeminglysimpler syntheticstimuli tasks(rotated
single T versusL, bisecteddisk versusits mirror image). Our datashaved, however, a large discrepang
betweernthe attentionalrequirement®f thesetwo typesof tasks. It is dif cult to explain this by the same
trainingprocess.

Herewe furtherinvestigatedhe effectsof training (or lack of it), particularlyits in uence onthenatural
scenestimuli. If trainingindeedhelpedin performingnaturalscenecategorizationwith little attention,this
might beachiezedthroughlearningspeci c visualfeature<ritical for performingthistask.It is importantto
notethatall thedatacollectedin thetestingphasewvasfrom a setof novelimageghatthe subjectsverenever
trainedon. Thereforesimpleimage-basetkarningor memorizatiorcannotaccountor the obsenedresults.
Thetestingstimuli, however, weredrawvn from the samesetof imagesasthetrainingimages.Could subjects
have, therefore Jearnedto catejorizeanimalversusnon-animal(or vehicleversusnon-wehicle)imagesbe-
causdhe samemagetypeswerepresentedepetitively? In acomputationaframework, it is concevablethat
a speci c setof “animal lters” (or “vehicle Iters”) weresharplytunedandenhancediuring this training
period. Butif this werethe case trainingon a speci c taskwould only helpto tunethe speci ¢ “ Iters” for
thatparticularcategorizationtask. If we testedon a differentnaturalscenecategorizationtask,we shouldbe

ableto obsene adifferencein performance.
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3.2.1 Method

We testedthis hypothesisn two separatesxperiments. In the rst experiment,we divided a group of 6
subjectsnto 2 groups.Bothgroupsrecevedthesameamounbf trainingin all tasks.Speci cally, bothgroups
weretrainedon the centralletter discriminationtask (seeChapter2.3.2)and a naturalscenecategorization
taskunderbothsingle-anddual-taskconditions.Recallthatthe “single-task”conditionrefersto thesituation
whereattentionis available to performthe currentperipheraltask, while the “dual-task” condition refers
to the situationwhereattentionis drawvn to the center leaving the peripheraltaskin the nearabsenceof
attention. Thereare 96 trials in ary given block of taskunderall conditions. In Groupl, the 3 subjects
weretrainedon the “animal vs. non-animal’cateyorizationtask. They wereinstructedto catgorizenatural
scenesvith or without animalsin a go/no-gofashionby releasinga mousebutton. The taskwasspeededo
thatary lack of responseafter 1000mswas automaticallyregisteredasa “no tarmget” answer The testdata
werethenacquiredby having them performvehiclevs. non-wehicle categorizationwithout any additional
training. Similarly to the animalcateyorizationtask,subjectgespondedy releasinghe mousebuttonwhen
a tamget (vehicle(s))was detected.In Groupll, the 3 subjectsweretrainedon vehicle cateyorizationand
testedon animalcateyorization(Fig. 3.4). Previous experimentg77] have alreadyestablishedhata trained
natural scenecategorizationtask requireslittle attention. We are, therefore,interestedn seeingwhether
suchperformanceanbetransferredrom onetype of cateyorization(e.g.,animal)to another(e.g.,vehicle).
Namely will the performancef vehicle cateyorizationwithout attentionbe comparabldo the performance
of animalcateyorizationwithout attentionfor Groupl subjectsandvice versafor Groupll?

Onemight arguethatin the abore manipulationeventhoughthe testednaturalscenecategory wasnot
trained, it was neverthelesdearnedduring training becausenaturalscenephotographsharedmary com-
monalities[95]. Whenoneis trainedon onetype of naturalscenecateyorization,say“animal scenes, it is
possiblethatsimilarimagestatisticshelpto tunethe* Iters” on othertypesof naturalscenecategyories(e.g.,
“vehiclescenes”).If this werethe case however, suchperformanceshouldnot hold for a recognitiontask
that doesnot sharesimilar stimulusstatistics. For the secondexperimentin this section,we testedthis hy-
pothesiswith anotherfour subjectsvho werepreviously trainedon the dual-taskparadigmin a taskthatdid
not involve naturalscenephotographs.Speci cally, thesesubjectsperformeda facegenderdiscrimination
taskin a dual-taskparadigm[114]. The genderdiscriminationtaskutilizes very differentstimuli thatbore
litle commonalitywith the naturalsceneimages[141]. After the subjectscompletectheir training on this

task,we testedthemon bothanimalandvehiclecategyorizationtasks(Fig. 3.5).
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Figure3.4: Cross-Tainingexperiment.In this experiment6 subjectsaredividedinto 2 groupsof 3 each.In
Groupl, illustratedon the left, the subjectsaretrainedwith centralletter discriminationandanimal cateyo-
rizationtask,aswell asthe dual taskconditionusingthesetwo tasks. After training, they areimmediately
testedon the vehicle categyorizationtaskin both the singletask condition (with attention)andthe dualtask
condition (without attention). Resultsare shavn in normalizedperformanceplots. In Groupll, illustrated
ontheright, the subjectsaretrainedwith centralletterdiscriminationandvehiclecatejorizationtask,aswell
asthe dualtask conditionusingthesetwo tasks. After training, they areimmediatelytestedon the animal
catgyorizationtaskin boththe singletaskcondition(with attention)andthe dualtaskcondition(without at-
tention). Resultsareshowvn in normalizedperformanceplots. Our resultsillustratethatsubjectsneednot be
trainedfor the speci ¢ naturalscenecateyorizationtaskin orderto performit without attention,suggesting
catgyory-speci ctrainingis not necessaryo carry out this high-level taskwithout attention.

3.2.2 Results

Thebottompanelsf Fig. 3.4illustratethe normalizedperformanceesultsfrom thecross-trainingexperiment
betweentwo groupsof subjects.In Groupl, threesubjectsweretrainedon animalcateorizationandthen
testedon vehicle catgyorization. Their centralperformancesluring the training phaseshav that underthe
dualtaskcondition,they had successfullymaintainedtheir attentionat the centraltask (single centraltask,
averageover 9 blocks: 759 3:5%, 854 3:9% and832 2:5% for eachsubject,respectiely; dual
centraltask,averageover9 blocks: 70:3  5:5%, 86:11 2:7%and80:8 4:1%, respectiely; t-testresults:
t(16) < 175 p > 0:05 for eachsubject). During the testing condition, only one subjecthasa slight
dropin centraltask performanceunderthe dual task condition (single centraltask, averageover 9 blocks:
759 3:6%, 854 3:9%and83:2 2:5% for eachsubject,respectiely; dual centraltask,averageover
9 blocks: 71:2  2:9%, 87.6 3:7%and81:3 4:1%; t-testresults:t(16) = 2:40, p = 0:01 for the rst

subject;t(16) < 1:75, p > 0:05for therest). During the training phasethe subjectgperformedthe animal
cateyorizationtaskwithoutary interferencavhencomparinghe performancesinderthe dualtaskcondition
with the singletaskcondition(singleperipheraltask,averageover 9 blocks: 795  0:6%, 84:3 0:6% and
771 1:8%; dualperipheratask,averageover9 blocks: 77:3  5:2%, 781 5:6%and74:3 6:7%; t-test

results:t(16) < 1:75, p > 0:05for eachsubject).A similar performanceatternis obsenedfor thesethree
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Figure 3.5: GendefTrain Dual-Task experiment. In this experiment,4 subjectsare trainedon the central
letter discriminationtask, genderdiscriminationas well asthe dual task condition using thesetwo tasks.
Two examplesof the stimuli of the genderiscriminationtaskareshovn here[141]. Subjectsareinstructed
to respondwhethera brie y presentedthen masled hair-lessface peripherallyis of a femaleor a male
face[114]. After thetraining processs completedsubjectsaretestedon two naturalscenecategorizations
without attention:animalandvehicle. Normalizedperformance®f the singleanddual task conditionsare
presentedor eachnaturalscenecateyorization. Our resultsshaw little training on naturalsceness needed
to performnaturalscenecategorization.

subjectsduring the testingphasejn which they wereput directly on the vehicle cateyorizationtaskwithout
ary prior training(singleperipheratask,averageover9 blocks:83:2 4:5%, 87:3 4:4%and80:2 2:6%;

dual peripheraltask, averageover 9 blocks: 822  2:1%, 793 3:9% and77.3 3:7%; t-testresults:
t(16) = 3:22, p = 0:003for the secondsubject;t(16) < 1:75, p > 0:05 for therest). Note thatthereis
aslightdropin the vehiclecatgyorizationtaskunderdual taskconditionfor the secondsubject. This small
decreasealthoughsigni cant, shouldbe viewed in the light of the resultsof [74] and[77]: whenattention
is takenaway, performancesor a simplerotatedT versusl task(or Red-Greertlisk versusGreen-Redlisk)
droppedmuch more dramatically often to chancelevel (50%). Comparedo Groupl, Groupll subjects
went throughreversedtraining and testing cateyorizationtasks. During the training stage,three subjects
weretrainedon vehicle categorizationonly. All of themhave successfullyallocatedattentionat the center
underboththe singletaskanddual taskcondition(singlecentraltask,averageover 9 blocks: 68:6  4:6%,

785 6:1%, and889 3:2%; dual centraltask,averageover 9 blocks: 67:9 2:8%, 786 7:2%, and
88:8 3:5%; t-testresults:t(16) < 1:75,p > 0:05for eachsubject).Theirvehiclecateyorizationtaskresults

alsoshav thatthey wereableto performthis taskwithout attention(single peripheraltask, averageover 9
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blocks: 722 7:9%,77:4 1.2%and81:6 1:6%; dualperipheratask,averageover9blocks:70.0 4:8%,
783 5:0%and81:4 4:7%;t-testresults:t(16) < 1:75,p > 0:05for eachsubject).Duringthetestingstage,
wheresubjectsweretesteddirectly on animal cateyorizationwithout any prior training (training wasdone
usingvehiclecateyorization),they maintainedyoodperformancesn centraltaskunderboth conditionsjust
asthey did duringthetrainingsessiongsinglecentraltask,averageover9 blocks:68:6  4:6%, 785 6:1%
and88:9 3:2%; dualcentraltask,averageover9 blocks:68:6 4:2%, 88:3 2:7%and884 3:4%; t-test
results:t(16) = 3:79, p = 0:001for the secondsubject;t(16) < 1:75, p > 0:05 for therest). Similarly,
all threesubjectsperformedthe animal cateyorizationtask underthe dual task conditionaswell asunder
the single task condition (single peripheraltask, averageover 9 blocks: 748 5:8%, 842 1:8% and
81:1 4:3%; dualperipheratask,averageover9 blocks: 70:4  4:5%, 815 3:0%and77:8 5:1%; t-test
results:t(16) < 1:75, p > 0:05for eachsubject).

Fig. 3illustratestheresultsfrom the secondexperimentin this section.Four new subjectsveretrainedon
the dualtaskparadigmwith the samecentralletter discriminationtaskbut a peripherafacegenderiscrim-
inationtask[114]. Testingof whetheranimalcateyorizationandvehiclecateyorizationrequireattentionfol-
lowedafterthetrainingphaseln all but onecaseall of thefour subjectsshavednaturalscenecateyorization
performancegboth animalandvehicle)in the nearabsencef attentionstatisticallyindistinguishabldrom
the sametasksperformedwith attentionavailable(single peripherabnimalcateyorizationtaskperformance,
averagedover 9 blocksfor each:83:0  3:2%, 819 0:6%, 833 3:4%and76:9 4:3%; dualperipheral
animalcateyorizationtaskperformanceaveragedver9blocks: 799  4:3%,77:4 3:7%, 743 3:3%and
771 3:4%, t-testresults:t(16) = 4:46, p = 0:0002for thethird subject;t(16) < 1:75, p > 0:05for the
rest.Singleperipheralehiclecateyorizationtaskperformanceaveragedver9 blocksfor each:81:8  3:9%,
830 4:5%, 851 2:6%and781 7:3%; dualperipheralehiclecategorizationtaskperformanceaveraged
over9blocks:79:6 2:5%,80.0 2:7%,736 14:8%and77:8 6:4%,t-testresults:t(16) < 1:75p > 0:05
for eachsubject).Notethatonesubjectshaveda smalldecreasén animalcateyorizationperformancevhen
attentionwasdrawvn away (singletaskperformanceaverageover 9 blocks: 83:3  3:4%; dualtaskperfor
manceaverageover9 blocks: 74:3  3:3%; t-testresults:t(16) = 4:46, p = 0:0002. Hereagain,thisslight
decreasés muchsmallerthanthoseobsenedon known “attentionally-demandingtasks[74, 77]. Notethat
thesamesubjects performancen vehiclecateyorizationwasnotsigni cantly differentin thesingleanddual
taskconditions.

Both experimentdn this sectiondemonstrat¢hatlittle trainingis neededor naturalscenecateyorization
without attention. Subjectsare able to perform naturalscenecatayorizationtasksin the nearabsenceof

attentionwithout previoustrainingon the speci ¢ taskor type of stimuli.
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3.2.3 Discussion

The rst experimentin this sectionhasshavn thatwhentrainedon animalcategorization(or vehicle)in the
nearabsencef attention,subjectscan performvehicle cateorization(or animal)with no further training.
Thiseffectis evenmoredramaticallydemonstratetly thesecondexperimentjn whichatotally differenttype
of stimulusis usedduringtraining. But assoonassubjecthave learnedo performthisrecognitiontaskunder
thedualtaskparadigmthey canapplythis ability to a naturalscenecateyorizationtask.Onthe contrary our
previous experimentshave shavn that single letter discriminationor color disk discriminationcannotbe
performedwithout attentiongiventhe sameamountof training asthe naturalscenecatagorizationtask[77].

Hochsteinand colleaguesargue that “higher-level” taskscanbe more easilytransferredhan“lower-level”

tasks[59]. Couldit bethatlessattentionakesources neededecausaaturalscenecategorizationis carried
outin “higher” areasof the visual systemthanthe other synthetictasks?We will revisit this point in both

ControlExp 3 andControlExp 5.

3.3 Control Experiment 2: Effect of Color

We setoutto exploredifferentfactorsthatmight contributeto the fastrecognitionof naturalscenecatgyories
with little or noattention.A simplequestiorto askis whethersomelow-level featuresmighthave beenuseful
cuesto the categorizationtask. For example,it hasbeenshowvn thatcolor histogramsreveryinformative for
naturalscenerecognitionin bothhumanandcomputewision [93,97,111]. In today's computervision eld,

somemageretrieval algorithmshave utilized colorinformationto cateyorizedifferentimageg123]. Delorme
and colleagueshave shavn that color is not a critical componentin fast categorization,underconditions
whereattentionwasnot explicitly controlled[22]. In the presenexperiment,we questionthe role of color

informationin naturalscenecategorizationwith little or no attention by changingthe stimuli to grayscale.

3.3.1 Method

We usethe samedual task paradigmfor this experimentasin the previous experiment. The centraltaskis
an attentionallydemandindetter discrimination. The peripheraltaskis naturalscenecateyorization,using
novel grayscalemageg examplesof thegrayscaléamagesareshovn in Fig. 4). Five subjectarticipatedn
this experiment. They wereinstructedto respondasfastaspossiblewhenthey detectedhe presencef an
animalin theimageshowvn at arandompositionperipherally SubjectgperformedLl5 blocksof dualtaskand

12 blocksof singletask.Eachblock consistef 96 trials.



22

S 100k — = = = = = &
O\ N VanY
= N\ 7 Van
E N f\l bt
. N ]
= i N
@ 80 N |
e
N |
8 N |
© \
£ 601 N
S
=2 | | N

50 60 80 100
Normalized Gentral Rerf (%)

Figure 3.6: Natural scenecategorizationwithout color. In this experiment,the peripheraltaskis animal
catgorizationwith grayscalenaturalscenadmages.All experimentalconditionsremainidenticalto the one
introducedin [77]. Theonly differenceis thatall peripheralttaskstimuli aswell asthe masksare presented
in grayscale Thetop two rows shov somesamplesf the target stimuli anddistractorstimuli, respectiely.
Thebottompanelindicatessubjects’normalizecperformancesf this task,showving thatthereis little costin
grayscalenaturalscenecateyorizationwhenattentionis withdrawvn elsevhere.

3.3.2 Results

It is rst interestingto obsere thatindividual SQAs for the naturalscenecateyorizationtaskare not much
differentfrom the onesobsenedin [77] wherecolorinformationwasincludedin theimageqaveragenatural
scenecateyorizationSQA of 5 subjectsin [77]: 61msec;averageSQA of 5 subjectsn currentexperiment:
85msect-testresult:t(8) < 1:86,p > 0:05). Fig. 3.6illustrateshenormalizederformancesf thesubjects'
dualtaskperformancesNote that eachsubjecthasachiered a centraltask performanceat his/herbaseline
level in dualtask(singlecentraltask,averageover 12 blocksfor eachsubject:76:9  6:1%, 76.0 3:2%,

742  49%, 750 44%and743 6:6%; dual centraltask, averageover 15 blocks for eachsubject:
754  5:7%, 784 4:7%, 71:3 55%, 708 55% and725 6:3%; t-testresults: t(25) < 1:71,

p > 0:05for eachsubject). This resultassureshat muchof attentionalresourcas rightfully allocatedfor

the demandindetter discriminationtaskunderthe dual-taskcondition. Four of the ve subjects'peripheral

naturalscenecatayorizationtaskperformancesemaincomparablédo their respectie baselingperformances
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(single peripheraltask, averageover 12 blocksfor eachsubject: 79:3  2:7%, 73.2 7:1%, 769 6:5%
and74:2 7:4%; dual peripheratask,averageover 15 blocksfor eachsubject:75:2  4:7%, 744  5:1%,
717 59%and729 5:8%; t-testresults:t(25) < 1:71, p > 0:05for eachsubject).Only onesubjects
naturalscenecatayorizationtaskperformancelecreaseslightly while attentionis allocatecelsavhere(single
peripherattask,averageover 12 blocks: 71:9  5:6%; dual peripheraltask,averageover 15 blocks: 66:1
5:3%; t-testresults:t(25) = 3:82, p = 0:0004). Overall, grayscalenaturalscendmagescanbe cateyorized

ratheref ciently in thenearabsenc®f attention.

3.3.3 Discussion

Ourresultsindicatethatwhenmuchof their attentionis lockedelsevhere,subjectanperformrapidnatural
scenecateyorizationtaskwithout usingcolor information. This resultsuggestshat color informationis not
critical in performingsuchataskin the nearabsencef attention.Dunaiandcolleaguehave alsofoundthat
color cuesareonly moreinformative atalongertime scaleto anattentionallydemandingletectiortask[26].
In addition, Delormeand colleagueshave alreadyshavn that color informationis not critical in the initial
recognitionof the sameset of naturalsceneghat we areusing[22]. These ndings, togetherwith ours,
suggesthat naturalscenecateyorizationmight be carriedout by a rapid andef cient procesghatdoesnot
requiremuch of the slower color information. Torralbaand colleaguesuggestedhat somenaturalscene
imagescan be catgyorizedbasedon secondorder statisticsderived from power spectralanalysis[138]. It
would befruitful to testtheir hypothesion objectrecognitionsuchasanimalor vehiclecateyorizations.To
concludeyemoval of colorinformationfailedto make naturalscenecategorizationan“attentionallydemand-
ing” task. Thus,if this type of naturalsceneprocessingonly relieson low-level featurescolor cannotbe

countedasonesuchfeature.

3.4 Control Experiment 3: Evidencefor Parallel Processing

We have establishedso far the amazingrobustnessof the humanvisual systemwhen categorizing natural
sceneswith little attention.In anattemptto searchfor a “breakingpoint” of this ability, we investigatethe
effectsof naturalscenecatagyorizationwhenthe numberof peripheralimagesis increasedo two. In other
words, insteadof searchingfor a possibletargetin just oneimage,the subjectshave to now searchfor a
possiblesingleoccurrencef thetargetin two images.We askwhetherby effectively halvingthe “signal to
noiseratio” would the ef ciency of this taskdecreaseDur rationaleis that by identifying the conditionin

which suchnaturalsceneprocessings no longerdoable,we can startcomparingand contrastingdifferent
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conditionsin orderto understandhe underlyingneuronaimechanisms.

3.4.1 Method

The attentionallydemandingcentralletter discriminationtaskremainedhe sameasin the previous experi-
ments.Five Subjectperformeda letterdiscriminationtaskat thecentralSQAs individually adjustedor each
of them. The peripherattaskwasa coloredanimal scenecateyorization. Eachblock consistedf 48 trials.
In half of the trials, thereweretwo peripheralnaturalsceneimages(“double-image”condition), with two
equallylikely con gurations-eitheoneof thetwo imagescontaineda scenewith animal(s);or neitherimage
containecananimal.In theotherhalf of thetrials, therewasonly oneimage,justlike in the previousexperi-
mentson scenecatgyorization(“single-image”condition). Subjectsaretold to respondy lifting the mouse
buttonwhenthey detectthe presencef ananimal(or animals)in both conditions.Thesetwo typesof trials
wereintermixedrandomlythroughouthe experiment.Fig. 3.7 shavs the schematisetupof this experiment.
For the double-imagecondition,the separatiorbetweerthe two imagesvariedrandomlybetweerd and12
degrees(eachmaintainingan eccentricityof 6 degreesjust asin the previous experiments).Subjectswere
informedbeforethe experimentsof the two differentpossibleconditions.No onereportedany confusionor
dif culty with theinstructions.Therewasa total of 15 blocksfor the dualtaskconditionand15 blocksfor

eachsingletaskcondition.

Figure 3.7: Experimentalsetupfor single-imageversusdouble-imagesxperiment. We illustrate herethe
setupof a singletrial for this experiment. The basicprocedurds the sameasin Fig. 2.1. For a giventrial,
therearetwo possibleperipheralstimuluspresentatiosetups.For 50% of thetrials, therearetwo unrelated
naturalsceneimagespresentedandomlyin the periphery Both imagesare of 6-deggreeeccentricitywith
respecto the centerof the screen.Their mutualseparatiorvariesrandomly Two similar perceptuamasks
follow theimagesafterthe peripheralSOA amountof time. For the other50% of thetrials, thereis only one
naturalscenemagepresentedandomlyin the periphery which is exactly the samecaseasin [77]. At the
endof the presentationa randomperceptuamaskfollows theimagestimulus.
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3.4.2 Results

All 5 subjectsvereableto catgyorizenovel naturalscenesvithout attention. The top two panelsof Fig. 3.8
illustratethe normalizeddualtaskperformancesor the single-imageconditionanddouble-imageondition,
respectiely. Firstwe obsenrethatall subjectsnaintainedheircentralletterdiscriminationtaskperformances
undersingletaskanddualtaskconditions(singlecentraltaskperformanceaverageover 15 blocksfor each
subject:75:4 3:3%,715 1:3%,67.7 5:0%,77.6 4:.9%and77:1 3:8%; dualcentraltaskperformance,
averageover 15 blocksfor eachsubject:73.8 5:4%, 71.5 5:5%, 67:3 4:3%, 750 6:0%and77:3
5:9%; t-testresults: t(28) < 1:70, p > 0:05 for eachsubject). Theseresultsindicatethat attentionwas
successfullyocked at the centraltaskfor all thesesubjects.Now we areinterestedn comparingsubjects'
naturalscenecateyorizationperformancesvith or without attentionundersingle-imageanddouble-image
conditions.Fig. 3.8 shavs the performanceatternof double-imageateyorization(singletaskperformance,
averageover15blocksfor eachsubject:64:6 3:1%, 71:7 5:8%, 747 7:6%,754 6:1%and73:6 8:4%;
dualtaskperformanceaverageover 15 blocksfor eachsubject:64:0 6:4%, 681 6:5%, 70:2 5:8%,
723 6:3%and70:7 6:0%; t-testresults:t(28) < 1:70, p > 0:05for eachsubject)aswell asthesingle-
imagecase(singletaskperformancegverageover 15 blocksfor eachsubject: 77:1  5:4%, 80:1  7:1%,
875 6:9%,81:9 4:1%and79:2 11:0%; dualtaskperformanceaverageover15blocksfor eachsubject:
76:3 4:9%,740 4:3%,790 8:3%,838 59%and70:4 9:0%;t-testresults:t(28) = 2:48 p= 0:01
for the secondsubject,t(28) = 1:98, p = 0:03 for thethird subject,t(28) < 1:70, p > 0:05for therest).
All subjects'resultsshav thatwhentherearetwo imagesto processthe categyorizationperformancesvith
attention(single-taskcondition) arestatisticallyno differentfrom the performancesvithout attention(dual-
taskcondition). Thereis, however, a smallbut signi cant dropfor onesubjectwhencateyorizingthe single-
imagewithout attentioncomparedo with attention. Similarly to the previous argumentswe think thisis a
rathersmalleffectin thelight of thecomparatre resultsobtainedrom syntheticstimuli[74,77]. Theaverage
baselingperformanceti.e., singletaskconditionwhenattentionis available)shav anoverall decreasén the
double-imagecatagorizationcondition (single task condition for single-imagecase: 81:2  3:9%; single
taskconditionfor double-imagecase:72.0  4:4%; t-testresult: t(8) = 3:04, p = 0:008). This smallset
sizeeffect, which appeargo contradictpreviousresultsby [120], might simply be attributedto our keeping
SQAs constantbetweerthe single-anddouble-imageconditions. In addition, stimuluslocationwastotally
unpredictablén our study whereast was x edin the experimentsof [120]. But themainresultis that,when
attentionis taken away, subjectswvereableto performdouble-imagecatagyorizationjust aswell asthey did
whenattentionwasavailable. This resultsuggestshat by halving the “signal-to-noiseratio” of the stimuli,

naturalscenecatgorizationcanstill beefciently carriedoutin thenearabsencef attention.
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Sincewe have randomlyvaried the visual angle distancebetweenthe two imagesunderthe double-
imagecondition,we canaskwhetherthe subjectsperformancesliffer for differentvisualangleseparations.
The bottomtwo panelsof Fig. 3.8 shav double-imagecondition performancesortedby the visual angle
separation.The left panelcorrespondso the conditionwhereattentionis available (singletask condition),
whereaghe right panelcorrespond$o no-attentioncondition (dual task condition). The two leftmostbars
in eachpanel,placedat the O degreeanglesjndicatethe averagesingle-imageperformancesf the subjects
with or without attentionrespectiely. We investigatedhe effectsof visualangleseparatiobetweerthetwo
stimulusimageswith a 2-way ANOVA (attentionalconditionvs. inter-stimulusseparation).In accordance
with our previousresults,therewas no main effect of attentionon performancegsingle task conditionvs.
dualtaskcondition: F (1;96) = 1:2112 p > 0:05). Therewasno maineffectof thevisualangleseparations
betweenstimuli either(F (11;96) = 0:5817 p > 0:05). Additionally, therewasno signi cant interaction
betweerthesetwo factors(F (11; 96) = 1:1654 p > 0:05). Notethatdueto the sizeof theimageitself, the

minimal separatiordistancebetweertwo imagess 4 degrees.

3.4.3 Discussion

Our nding suggestshat naturalscenecategorizationtasknot only demanddittle attentionalresource put
is alsohighly parallel. Whentwo imagesare presentegimultaneouslysubjectsareableto processhoth of
theimagesin searclhof atargetobjectin a comparabldashionaswhenthereis only oneimage.Physiolog-
ical datafrom ERPrecordingalsosupportshis nding. Rousselett al. found that subjectsareasfastfor
animalcateyorizationwith two imagesaswith oneimage[120]. Togetherour resultssuggesthathigh-level
information canbe accessedby the visual systemin a parallelfashionwith little attentionalassistancelt
suggestshat somecateyoricalinformationmight be ableto reachhigherareasof the visual hierarchyrather

ef ciently , without muchserialfocal-attentiorselection.

3.5 Control Experiment 4: Multiple Copiesof the Synthetic Stimuli

We have sofar probedin a numberof waysto what extent naturalscenecategorizationcanbe carriedout
by the humanvisual systemwithout attention. Our resultstell usthatsuchcategorizationis highly ef cient
androbustto thelack of attentionakesourceBy contrastseeminglymuchsimplertasksinvolving synthetic
stimuli do not enjoy this freedomof attention[18,77]. In the following two experimentswe turn to the
guestionof thesesyntheticstimuli: whattype of manipulationwould decreasattentionalrequirementgor

thesestimuli? In otherwords,throughwhich dimensionof manipulationcanwe make the syntheticstimuli
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Figure 3.8: Resultsof the single-imageversusdouble-imagexperiment. The top two panelsillustrate nor-
malizedperformance®f the single-imagedualtaskandthe double-imagedualtask,respectiely. Five sub-
jectsparticipatedn this experiment.Theresultsshow thatthereis little differencebetweerthe single-image
caseandthe double-imagecase,suggestinghat naturalscenecateyorizationwithout attentionis a highly
parallelprocessThebottomtwo panelsoreakdown the performancesf thedouble-imageaseby theangle
of separatiorbetweenthe two images. The two leftmostbarsin eachpanel,placedat the 0 degreeangles,
indicatethe averagesingle-imageperformance®sf the subjectswith or without attention,respectiely. The
left panelshavs theresultwhenattentionis available;whereagheright panelshons whenattentionis with-
drawn. For eachattentionakondition,thereis no apparenpatternof performancalifferenceasa functionof
visualangleseparation.

task“easier’without attention?

Onepossiblehypothesisof this contrastbetweennaturalsceneimagesand syntheticstimuli is that an
objecttarget(e.g.,anelephantjn a naturalimagemight carry multiple “diagnosticfeatures’for its detection
or recognition. The exact natureof these"diagnosticfeatures”is unknovn. But it is concevablethat mary
of the body partsof an animalin the animal categorizationtask, for example, are potential cuesfor the
detectionof theobject. The syntheticstimuli, on the otherhand,do notenjoy theluxury of multiple potential
“diagnosticfeatures’T77]. In thatstudy thereweretwo typesof syntheticstimuli, arotatedT versusarotated
L, andaRed-GreelbisectedliskversusaaGreen-Redisectedisk. In thecaseof T versud., theonly obvious
“diagnosticfeature”is the T-junctionversughelL-junctionin theletters respectiely. A failureto detectsuch
junctionwould resultinto anambiguousdecisionof the stimulus. Similarly, for the bisecteddisks,sincethe

stimuli positionis randomfrom trial to trial, it is not possibleto determinewhetherit is a Red-Greerdisk
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or a Green-Redlisk by detectingthe color on half of thedisk. The only “diagnosticfeature”is thejunction
betweerthetwo coloredsemicircles Hencewe predictthatif the advantageof scenecateyorizationwithout
attentionlies in the higherprobability of detectingone or more of the possible“diagnosticfeatures, then

increasinghe numberof stimuli in the syntheticstimulustaskcouldresultin anincreasenf performance.

3.5.1 Method

We testthis hypothesiausingthe bisectedcolor disks. Four subjectsparticipatedin this experiment. The
basicsetupremainedthe same. The attentionallydemandingcentraltask was letter discrimination. In the
periphery subjectswvereinstructedto respondvhenthe bisecteddisk(s)was (were)arrangedn ared-green
fashionasopposedo anequallylikely green-recattern.In half of thetrials, therewerefour identicaldisks.
Subjectavereassureaf thefactthatall stimuli wereredundantin the otherhalf of thetrials, therewasonly
onesuchbisecteddisk (which is the sameconditionasin [77]). Thesetwo typesof trials wereintermixed
randomlywithin a block of trials. All diskswerethe samesize. Fig. 3.9 illustratesthe arrangemenof the
stimuli. In thesingle-diskcondition,thediskwascenteredt6-degreeeccentricity In thefour-disk condition,
thecenterof the4-diskarraywaslocatedat 6-degreeeccentricity Eachblock consistedf 96 trials. Subjects

performedl8 blocksof experiments.

3.5.2 Results

The hypothesigdescribedabove predictsthat an increasechumberof peripheralstimuli might resultin an
increaseof dual-taskperformanceor recognitionof the color disks. The intuition is that thereare more
potential“diagnosticfeatures”to be sampledby the visual systemwhenthe numberof redundanstimuli
is greater Contraryto our prediction,we obsene no improvementin dual-taskperformancedor the trials
wheretherearefour disksratherthanone.For boththesingle-diskandthefour-disk conditions subjectsdual
taskperformance®sf the peripheralcolor disk recognitionare not signi cantly betterthanchancegone-disk
performanceinderdual-taskcondition,averagedver 18 blocksfor eachsubject:50:4  7:63% 49:3 6:6%,
489 8:.0%, and524 6:2%; four-disk performancaunderdual-taskcondition,averagedover 18 blocks
for eachsubject:47.9 8:1%, 49.7 6:1%, 505 3:4%and46:9 7:4%; t-testresults:t(17) < 1:74,
p > 0:05for eachsubjectandeachtask). Notethatwhenthe peripherakolor disk recognitiontaskis carried
out with attentionavailable, subjects'performancegsenteraround85% at their individual SOAs (one-disk
performanceaindersingletaskcondition,averageover 18 blocksfor eachsubject:88:8 8:5%, 81.:3 5:0%,
896 3:3%and77:0 7:5%; four-disk performanceaveragedver18blocks:91:7 6:3%, 87:1 5:1%,

905 5:4%and745 7:5%). It seemghatthe subjectscannottake advantageof theincreasedumberof
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Figure3.9: Multiple stimuli experiment. The basicsetupof this experimentis alsoDual-Taskparadigm.A
colordiskdiscriminationtaskis usedperipherally Two typesof peripheraktimuli aremixedrandomlyduring
the experiment.Thetop row shavsthe rst peripheralktimulusandthe normalizeddualtaskperformances.
Peripheratecognitiontaskis a red-greercolor disk versusits mirror image,green-rectolor disk. Subjects’
performancesf this taskwithout attentionis at chancdevel comparedo their baselingperformances;en-
teredaround80% beforenormalization. The bottomrow shaws the secondype of peripheralstimulusand
the correspondingnormalizeddualtaskperformancesin this case therecognitiontaskremainshe sameas
thetoprow, with theexceptionthattherearefour copiesof the samestimuli arrangedn theindicatedpattern.
We shav herethatsubjects’performancesf this taskwithout attentionis alsoat chancdevel, no betterthan
thecasewith onecopy of the stimulus.

possible‘diagnosticfeatures, evenwhenattentionis fully available.

3.5.3 Discussion

We testthe hypothesisthat independenbut “diagnosticfeatures”might contritute greatly in recognition
without attention. The assumptiorwas naturalscenecategorizationmight be potentially “easier” thanthe
syntheticstimuli recognitiondueto the multitude of “diagnosticfeatures. In otherwords, differentbody
partsof an animal (or vehicle) might increasethe chanceof detectionwhile the syntheticstimuli tendto
have a very localized,nearlysingularpoint of “diagnosticfeature”(e.qg.,bisectingline of the doublecolor
disks). We thereforeincreasedhe probablenumberof featuresy replicatingthe numberof stimuli from 1

to 4. It is importantto point out thatthis manipulationis not comparabléo the onethatwe did in Exp 3. In
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Exp 3, we left the amountof “targetsignal” (or probability of the presencef an“animal” scene)constant
while doublingthe amountof “distractingnoise” (or probability of the presencef a “non-animal” scene).
Herethe absolutenumberof potential“diagnosticfeatures’is increasedhroughhaving multiple, redundant
copiesof stimuli. Our resultsshaw clearly that suchincreaseof potentialdiagnosticfeaturesdid not help

at all in recognitionof syntheticstimuli without attention. This obsenationimplies thatit is unlikely that

the bottleneckof suchsyntheticstimuli recognitionwithout attentionis the numberof available“diagnostic
features. Naturalscenegmight have an overall advantageover the syntheticstimuli usedheredueto the

intrinsicimagestatisticsor differentprocessingnechanisms.

An alternatve explanationalsodeseresfurtherinvestigation.t is truethatwe have replicatedthetarget
four timesin eachtrial. But if oneimaginesthatfeatureselatedto thetargetsanddistractorsfor the stimuli
live in a high dimensional‘feature spac€. Thenit is possiblethat “diagnosticfeatures”in the synthetic
stimuli casemight lie too closelyto the “distractorfeatures”of the syntheticstimuli in the “featurespace”.
On the otherhand,in the rich naturalscenestimuli case,the “diagnosticfeatures”of the targetsmight be
muchmoreeasilyisolatedfrom the distractorghanthe syntheticstimuli case.If this hypothesisveretrue,
simply repeatinghenumberof targetsin the syntheticstimuli taskwould notincreasehediscriminability of

thetargetfrom the distractor justaswhatwe have obsenedhere.

3.6 Control Experiment 5: Evidencefor Well-learned Categoriesof
Objects Entailing LessAttentional Load During Recognition

Sofarour attemptto “increase’thedif culty of naturalscenerecognitionwithout attentionby reducingthe
amounibf signalor decreasingheamounbf traininghasnotbrokendown thesystendramatically Similarly,
addingcopiesof stimuli to the syntheticrecognitiontaskdoesnot “ease”thetaskdif culty either Hencewe
wantto testwhethertask“predictability” canbeanin uential factorin therecognitiontaskwithoutattention.
Our obsenations,however, alsopoint to the directionthatit could be the differentlevels of processing
that resultin suchdifferentperformancedetweennaturalscenesand syntheticstimuli. It hasbeenlong
known that object cateyoriesare encodedin higher level visual areassuchas the inferior temporallobe
(IT) [78,133]. The mostprominentobjectcateayory is facefor the humanvisual system[27,118]. Haxby
etal. have shavn differentiablefMRI patternsn IT andrelatedareasvhenrespondingo differenttypesof
stimuli of a wide rangeof visual catgyories[54]. So couldit be that existing neuronalrepresentationsf
naturalscenecategoriesareresponsibldor suchef cient andfastrecognitionof naturalimageswith little

attention?If this is the case,canwe nd meaningfulcateoriesof objectsin syntheticstimuli to testthis
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hypothesis?

We testherein this experimenttwo independenhtypothese$y usingtheletterdiscriminationtaskasthe
peripheraltask. The rst hypothesiss that stimuluspredictability might affect the attentionalrequirement
in recognition. It is concevablethat lessattentionis requiredwhen subjectsknow beforehandhe exact
shape®f thestimuli to be discriminated . The seconchypothesiss thatwell learnedobjectcateyoriescanbe
recognizedwith signi cantly lessattentionaload. Evidencefrom the visual searchparadigmusingfamiliar
andunfamiliar letterlik e patternsindicatesthat visual searchspeeds stronglyfacilitatedby morefamiliar
objects[127,151]. Peripheraletter discriminationtaskin dualtaskparadigmhaspreviously beensetup in
suchaway thatthe singleperipheraletter stimulusis randomlyrotatedon eachtrial [16,77]. Thoughthese
letterscanbe consideredaswell-learnedcateyoriesof objects,letterrecognitionis bettertrainedfor upright
lettersfor obviousreasongtry readingthis pageupsidedown). Hencewe might obsene someperformance
differenceunderthe dualtaskconditionbetweeruprightletter discriminationandthe original, rotatedletter

discrimination.

3.6.1 Method

We usethe Dual-Taskparadigmto testthesehypothesesAs usual,we usethe centralletter discrimination
taskasthe attention-demandingentraltask. Threeconditionsaretestedfor the peripheraletterdiscrimina-
tion task: randomlyrotatedletter, x edrotationanduprightpositions.For all conditions theletterdiscrim-
inationtaskis betweenT andL (L is thetamgetin a go/no-gosetupwheresubjectshave to releasea mouse
button whenthe tamgetis detected). The letter andits maskare locatedat a randomposition at 6-degree
eccentricity For a givenblock of 96 trials, oneof the threedifferenttasksis run, andsubjectsareinformed
beforehandbouttheblocktask. Thereare10 blockstestedfor eachof thethreeconditions.Fig. 3.10depicts
the threedifferentconditions. Four subjectsparticipatedn this experiment. A shorttraining period of 3-4
hoursproceededhe actualtesting. During this period only the randomlyrotatedletter discriminationwas
trainedconcurrentlywith the centraldiscriminationtask. All threeconditionswere presentedor an equal
amountof time in the subsequenteal datacollection. For eachsubject,the peripheralletter task SOA was

determinedasedsolelyon their singletaskperformancen the randomlyrotatedletterdiscriminationtask.

3.6.2 Results

Whenattentionis availablethe singletaskperformances$or all threedifferentletterdiscriminationtasksare
highly comparabldrandomlyrotated,averageover 4 subjectsand 10 blocks: 77:4  6:6%,; x ed rotation,

averageover 4 subjectsand10blocks: 78:8  7:0%; upright,averageover 4 subjectsand10 blocks: 84:9



32

randomly rotated fixed rotation upright position

Target  Distractor Target  Distractor
» s\ & vs. /N
(masled by € ) (masked by € )

Target  Distractor

T« L
(masled by H )

100

80r1

100

801

100

60} 601 I
. - Y .

Figure3.10: Rotatedversus x ed rotationversusuprightletter experiments.The basicsetupof this experi-
mentis alsoDual-Taskparadigm A letterdiscriminationtaskis usedperipherally Threedifferentperipheral
conditionsandtheir correspondingerformanceareshovn in threecolumns.In the rst column,the periph-
eraltaskis arandomlyrotatedT versusrandomlyrotatedL, masledby a perceptuamask.Subjectgperform
barelyat or above chancewhenattentionis not available. This resultcon rms [16,77]. The secondcolumn
shavstheperipherataskof a x edrotationof T versud., indicatedin the gure. Subjects’performancesf
this taskwithout attentionareslightly betterthanthe randomlyrotatedletter condition. In the lastcolumn,
we show resultsof subjects'performancedor the peripheraltaskin which the letter T andL arein their
uprightposition,a con gurationthatis familiarandwell-learnedfor all of our subjects The normalizedper
formancesndicatea clearadvantageof this condition,shaving a nearbaselingperformancavhenattention
is withdrawn. This resultsuggestshattasksthatare meaningfulandwell-learnedcanbe carriedout by the
visualsystemin amuchmoreef cient manner

4:8%; pair-wise t-testshavs no statisticallysigni cant differencebetweeneachpair of the threedifferent
tasks(t(9) < 1.83, p > 0:05 for all cases)). This suggestsvhenthereis alundantattentionalresource,
carryingout the letter discriminationtaskfor all rotationconditionsis similar. It is importantto point out
thatthe x edrotationandupright conditionshave similar performanceasthe randomlyrotatedcondition.
This indicatesthat the SOA thatwas determinedor eachsubjectfor the peripheraltask was effective for
all conditions. We obsered, however, differentperformanceesultsunderthe dual-taskparadigm.For the
randomlyrotatedettertask,subjectsperformancesverecongruentvith whatis reportedn previousstudies
[16,77]. Two subjects'performancesverenot signi cantly differentfrom chance(randomlyrotatedletter
taskperformanceaindersingle-taskcondition,averageover 10 blocksfor eachof the2 subjects74:2  3:3%
and85:9 4:3%; randomlyrotatedettertaskperformanceainderdual-taskcondition,averageover 10 blocks
for eachof the 2 subjects:53:7 4:8% and53:7 5:2%; t-testresultscomparingthe dual-taskcondition

with chance:t(9) < 1:83, p > 0:05 for eachsubject). The othertwo subjectsperformedslightly better
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thanchance put signi cantly lower thantheir baselingperformancesbtainedwhenattentionwasavailable
(randomlyrotatedettertaskperformancaindersingle-taskcondition,averageover 10 blocksfor eachof the
2subjectsi70:6  4:4%and789 4:1%; randomlyrotatedettertaskperformanceinderdualtaskcondition,
averageover 10 blocksfor eachof the 2 subjects:57:.8 7:2% and615 5:5%; t-testresultscomparing
dual-taskconditionperformancesvith single-taskconditionperformancest(18) > 3:61, p < 0:001for each
subject). For the x ed but uncommonrotation (non-upright),subjects’performancesariedmorethanthe
randomrotationcondition. Threesubjects'dual-taskperformancesvere comparabldo chancédevel or just
slightly higher( x-rotation lettertaskperformanceinderdualtaskcondition,averageover 10blocksfor each
of the3 subjects56:0 4:5%, 56:0 6:7%and5%1 4:2%, t-testresults:t(9) < 1:83, p > 0:05for the
rst two subjectt(9) > 4:30, p < 0:01for thethird subject).Onesubjectperformedat 81% of his baseline
level performancesingletaskcondition: 78:1  8:1%; dualtaskcondition: 67:2  4:6%). We shouldthen
comparethis resultto the last condition: upright letter discrimination. Here all subjectsperformedabove
80% of their baselineperformancdevel (singletaskconditionperformanceaverageover 10 block for each
subject:85:2 4:4%,87:2 57%, 781 8:1%and891 4:3%; dualtaskconditionperformanceaverage
over 10 blocksfor eachsubject:72:9  7:9%, 77:3  6:1%, 742 9:1%and836 5:3%). Onesubjects
performancevasnot signi cantly differentfrom her performancevhenattentionwasavailable (single-task
condition: 781  8:1%; dual-taskcondition: 74:2  9:1%; t-testresult: t(18) < 1:73, p > 0:05). There
is thusa clearpatternthat the leastamountof attentionresourcas neededvhenlettersarein their upright

positions.

3.6.3 Discussion

Two independenhypothesesveretestedin this setof experiments We foundthatsubjectscould not recog-
nizerotatedetterswithout attentionevenwhentherotationis x edto oneanglethroughoutheentiretesting
period of several hours. This resultindicatesthat stimuluspredictability alone cannotreducemuch of the
attentionaloadrequiredfor suchatask.

On the other hand,while keepingeverything else exactly the same,recognizingupright lettersshavs
a clearadvantageover randomlyrotatedletterswhen attentionalresources scarce.One might arguethat
a x ed upright rotationis easierfor a mentaltemplatematchingalgorithm becausehe stimuli are much
more predictablewhereassucha methodis lessusefulfor a randomrotation. This is why we obsere a
signi cantly improved performancédor the uprightletter conditioncomparedo the randomletter condition.
But this agumentdoesnot supportour obsenation for the x ed but uncommorrotationcondition. If the

template-matchingheoryworks, it shouldwork for any x ed rotation, not just upright. In facta modern
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computervision algorithm can easilyimplementsucha template-matchingnethodto carry out this task.
Our resultssuggesthatthereis a clearbiasfor peopleto recognizeuprightlettersbetterthanotherrotated
versions,even highly predictableones. This is not surprisingif we considerhow muchmorelearningone
receveson uprightletter recognitionover his or herlifetime. Similar evidencehasalsobeenfoundin the
visual searchtasks. Wanget al. have reportedthat familiar letterstake lesstime to searchthanunfamiliar
ones[151]. This obsenationsupportsour hypothesighatfamiliar andmeaningfulcateyoriesof objectscan

berecognizedvith muchlessattentionaload.
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Chapter 4

Summary

4.1 Natural SceneCategorization RequiresLittle Attention

Natural scenecateyorizationis one of the mostevolutionarily relevanttasksof the humanvisual systems.
The superbef ciency of this task hasstimulatedmuchresearctacrossthe elds of neuralpsychophysics,
physiologyandmodeling[8,77,109,135138]. Contraryto thedaily experienceof theeffortlessnessf natural
scenerecognition,it is oneof the hardestasksthatthe modernstate-of-the-arcomputervision algorithms
have yet to accomplish.This dif culty is mostly dueto the vastvariability acrosssimilar cateyoriesof the
naturalscenes.Unlike low-level taskssuchas orientationdiscriminationor texture recognition,in which
muchof thetaskscanbeaccomplishedhrough Itering of the primaryvisualcortex [83], understandinghe
catgoricalinformationacrosdifferentexamplesf naturalsceness usuallythoughtto bea high-level visual
task. In aneffort to understandhe processingf naturalscenecategorization,we have choseranapproach
to studythe ef ciency of this processn the nearabsencef attention.

Visualattentionis consideredo beoneof the rst andforemostmeanf controllingthe o w of informa-
tion betweenrdifferentlevels of visual processing Numerousstudieshave probedthe function of attention,
demonstratingnuchattentionalcontrol over stimuli with complex andconjugatefeature§140,157]. Need-
lessto say the function of attentionis tightly associatedvith the computationafunction of recognitionin
the humanvisual system. We hopethat by manipulatingthe attentionalconditionof variousnaturalscene
catgyorizationtasksaswell ascomparingt with otherrecognitiontasks muchlight canbeshedn theunder
standingof thefundamentamechanismsghatenableus sucha rapidandfastability of scenecategorization.

Our ndings shaw thatrapid visual catgyorizationof novel naturalscenesequiresvery little or nofocal
attention. Perceptioroutsidethe focusof attentionhasmostly beenreportedfor simplesalientstimuli [17,
140]. In our task,however, humansubjectsareactively searchingor a complex category of objectswhose

appearances highly variable.lt thusappearshata sophisticatedhigh level of representatiofe.g.,semantic)
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canbe accessedutsidethe focusof attention. It hasalreadybeenarguedthatthe “gist” of a visual scene
couldbeavailablepreattentiely [8, 157]. In this context, the contentsof the“gist” couldin factbe extended
to includeinformationaboutthe presencef a comple target cateyory whoseappearance not known in
adwance.

Theseresultssuggesthatif attentiongatesvisual information processingat early stagesof the visual
system,suchasV1 andV2 [3,55,80,140], it cannotdo soin an “all-or-nothing” fashion. At leastsome
informationfrom unattendegartsof thevisual eld canreachhigherlevel areaf theinfero-temporatortex
andmedialtemporallobe, whereselectve neuronakesponseto variouscatagoriesof objects[2,21,27,71]

have beenfound.

4.2 Natural SceneCategorizationIs an “Easy” Taskto Learn and to
Perform

Perceptualearningis closelylinked to the mechanismf recognitionandattention. Our resultsshav that
contraryto commorbelief, certainseeminglymuchsimplerstimuli arehardetrto learnto discriminatethanthe
complex naturalscenesyhenattentionis not available. In fact, little stimulusspeci c trainingis necessary
for subjectgo performthe naturalscenecateyorizationtask. Giventhe currentmodelsof visualrecognition,
this resultis highly counterintuitve. Today's start-of-the-arcomputeralgorithmstake muchmoretraining
to recognizenaturalsceneghansimplegeometriccon gurations[148,153]. Hochsteinandcolleagueshave
coinedthe term “easy” for task conditionswhere considerabldearningtransferoccurs[59]. Under this
de nition, naturalscenecatayorizationis amuch“easier’taskgiventheresultsof our rst setof experiments.
They hypothesizethat“easier’"tasksinvolve highercorticallevel processinghanlowerones.We will revisit
this pointin our discussiorof “meaningfulcategories; in which our further ndings with differentlyrotated
lettersalsogive a hint to this possiblearchitectureof the visualprocessing.

Anotherpieceof indirect evidenceof the “easiness’for naturalscenecateyorizationis its performance
patternwithout color information. In Control Experiment2 we found that thereis virtually no costin re-
moving color informationfrom the naturalscenes.Again, state-of-the-artomputeralgorithmsfor image
retrieval oftenutilize color featuresasoneof the mostinformative cuesfor cateyorization.Our resultsshov
acleardiscrepang betweersuchalgorithmsandthe actualpropertiesof the humanvisual system.lt is sug-
gestedhatrapid naturalscenecategyorizationmight take advantageof coarserachromatidnformationfrom
the magnocellulapathway earlierthanthe ner, chromaticpanocellularpathway [22]. Several studieson

facerecognition[27] alsosuggesthatthereis aresponsef IT neurondor theearlyphasiccomponenbf the



37
stimuli ratherthanmore ne-tunedinformation. This suggestshatcategoricalrecognitionmightbeachieved
in higherlevel visual areasusingearly wavesof neuronalinformation,wheremoredetailedfeaturessuchas

colorsand ne edgeshave notyetbeencomputedor incorporated.

4.3 Parallel Processing

Therobustnes®f naturalscenecategorizationis furthercon rmed throughthe experimentof double-image
recognition(Control Experiment3). Our humanvisual systemis surprisingly parallel in processinghe
comple stimuli of naturalsceneg120]. In contrastExp 4 shawvs thatsuchability doesnot applyto stimuli
thatarede ned by their low-level differencessuchasthe con guration of the red semicircleanda green
semicircle. Attention haslong beenconsideredo be deployed preferentiallyto tasksthat require much
scrutiry andprocessing.This experimentcon rms furtherthatthe seeminglymuchsimplerstimuli requires
moreattentionto be categorized.

It hasbeenlong suggestethatthe morearecognitiontaskrequiresfeatureconjunctionsandbinding,the
moreattentionwill be neededor thistask[139,140]. Thereforeonly “elementaryfeatures areprocesseéh
a parallelfashion(i.e., undervisual searchwhereserialfocal attentionalscanis not required). Our results
suggesthe possibility that naturalscenecatgyoriesmight belongto the setof “elementaryfeatures”while
the color disks or rotatedlettersdo not. But this type of featureis unlikely to be encodedn lower level
visual pathwayswherereceptie elds aresmallandneuronstendto respondo primitive featuressuchas

orientationsandbrightness.

4.4 Meaningful Categories

In anattemptto understandhe ef ciency androbustnes®f naturalscenecategorization,sofar we have gath-
eredmuchindirect evidencethat visual tasksinvolving highercortical levels arerecognizeceasier learned
fasteranddeploy lessattentionakesourceln thelastsetof experimentswe nd astrongerevidencesuggest-
ing thatmeaningfulnesandfamiliarity might participatein determiningattentionaload andmoreef cient
recognitionandlearningof the naturalscenecateyorizationtask. Everything elsebeing equal,an upright
letter is discriminatedmuch betterthan one rotatedto a x ed, but uncommonorientation. Thereis little
low-level differencebetweerthesetwo setsof stimuli, but they do differ in termsof familiarity andmeaning-
fulness.A similar resultwasrecentlydiscoreredby Reddyet al. [114]. In their study they contrastgender
discriminationof hairlessuprightfacesversusnvertedfacesin the nearabsencef attention.They nd that

little attentionis requiredto performthe taskwith upright faces(which are both familiar and meaningful)



38
while the attentionalkostis ratherhigh with invertedfaces.

This obsenationis also consistentwith the recentdevelopmentof changeblindnessstudies. Change
blindnesshasshavn thatattentionis critical for our visual awarenes$115,128]. Changef large patches
of thevisualworld canescapeur avarenessvithout attendingto them. But the amountof attentionneeded
to discernsuchchangeseemso dependalsoon the meaningfulnessf the stimuli. Semanticallyrelevant
informationis lesslik ely to be neglectedin changeblindnesshanlessrelevantinformation[61].

In short, we hypothesizehat naturalscenecategorizationrequireslittle or no attentionalcostbecause
of the familiarity and“meaningfulness’df the stimuli andtask. Attention actsasa gaugefor information
processingWhenthetaskor stimuli areunfamiliar, hencearenot directly associatedvith previousneuronal
representationgttentionhelpsto selectand processeaturesfor the recognitiontask. Whentherearepre-
existing neuronarepresentationfor a giventaskor stimulus,for examplenaturalscenecategorization little

attentionis needed.

45 Conclusion

We have shovn thatnaturalscenecategorizationdoesnotrequireattentionandis independentf trainingwith
the speci ¢ type of stimuli. It is robustto lack of color informationor increasinghe setsize of the stimuli
presented.In contrary multiple redundantopiesof syntheticstimuli do not improve the performance®f
recognitionwithout attention. Somesimpletasks,suchassingleletter discrimination,requiremuch atten-
tional assistancenlesshelettersarepresentedn afamiliar, uprightposition. We hypothesizehatattention
is particularlyimportantfor tasksthat do not have neuronalrepresentations the visual pathway. Natural
scenecategorization,a well-learnedandfamiliarizedtaskfor mosthumanobseners,doesnot requiremuch

attention.
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Chapter 5

Intr oduction

5.1 Background

Whenwe visit a family memberor a closefriend, we often enjoy browsing throughtheir family albums.
It probablynever occursto us that while ipping throughthe pagesof the albums, our visual systemis
working with superbef ciency andaccurag in rapidly graspinghe meaningof every photographWe never
experienceary “perceptuaplitch’ if the previous pagewas setin downtown Manhattanandthe next one
switchegto a conferenceoomfull of peopleandposters.

It haslong beenknown that humanscan understanda real-world scenequickly and accurately Film
malers rst demonstratethis ability througha techniquecalled™ ash cut! In acommerciaimotion picture
called "The Pawnbroker' [81], S. Lumetinsertedan unusuallybrief scenerepresenting distantmemory
Lumetfoundthata presentatiodastinga third of a secondthoughunexpectedandunrelatedo the o w of
themainnarratve, wassufcient for theaudienceo capturethe meaningof theinterposedscend11].

Pioneeringstudiesextendedtheseanecdotalndings, bolsteringthe claim thathumanscouldrapidly ap-
prehenda real-world scene. Potteret al. utilized rapid serial visual presentation§RSVP) of imagesand
revealedthatsubjectscould perceve scenecontentin lessthan200ms[108,110]. Furthermoreshedemon-
stratedthatwhile the semanticunderstandingf a scends quickly extracted,it requiresa few hundredmil-
lisecondgo be consolidatednto memory[108]. Later studieshowever documentedimits to our perception
of ascene.Rensinketal. shavedthatchangego retinotopicallylarge portionsof the scenewill sometimes
gounobsered. It is likely thatthis occursif theregionsarenotlinkedto thescenes overall 'meaning[115].

Otherhallmarkinvestigationsattemptedo elucidatethe informationinvolvedin this “overall meaning’;
their conclusionsegardingsceneperceptionparalleledconceptsn auditory studiesof sentenceand word
comprehensiorBiedermaretal. foundthatrecognitionof objectsisimpairedwhenthoseobjectsareembed-

dedin arandomlyjumbledratherthana coherenscend8]. They furtheridenti ed severalphysical(support,
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interposition)andsemantiqprobability, position,size)constraintsyhich objectsmustsatisfywhenwithin a
scenesimilar to the syntacticandgrammaticalulesof languagg9]. They investigatechow objectrecogni-
tion wasmodulatedby violating theseconstraints.Their resultssuggestedhatthe schemaof a scene-othe
overallinternalrepresentationf a scenethatincludesobjectsandobjectrelations-ispercevedwithin a sin-
gle xation [9], regardlesof expectationandfamiliarity [11]. Boyce andcolleagueslsodemonstratethat
objectsaremoredif cult to identify whenlocatedagainstaninconsistenbackgroundyivenabrie y ashed
sceneg(150ms),further suggestinghat both recognitionof objectsandglobal contextual understandingire

quickly anddeftly accomplished13].

5.2 Contributions

While it hasbecomeclearthenthatsomecomprehensionf scends rapidly attainedtheconceptualcontent’
of this scenegist is still somavhat nelulous. Whatis it exactly thatwe perceve andunderstandvhenwe
glanceattheworld?

In this study we focuson particularfacetsof this question:

Therehasbeenno commonlyacceptedie nition of the contentof “gist: Mandlerand Parker have
suggestethatthreetypesof informationarerememberedrom apicture:i) aninventoryof objects;ii)
descriptveinformationof the physicalappearancandotherdetailsof the objectsjiii) spatialrelations
betweenthe objects[84]. In additionto this objectinformation, propositionalrelationshipshetween
objects spatiallayoutof thesceneanda generaimpressiorof thelow-level featureghat Il thescene
(e.g.,texture, etc.) are speculatrely incorporatednto the scenegist [156]. Finally, Biedermanhas
proposedhatglobalsemantianeaningor context alsocontributesto theinitial surmisalof ascend9].
Positingthe “contents'of aglanceasanoperationate nition of sceneagist, we would like to ascertain

thevisualandsemantianformationcomprisingscenegist.

Roschsuggestedhat onedistinguishedbetweenbasic-lerel; “superordinatelevel' and sub-ordinate
level' objectcategories[117]. Similarly, Tversky and Hemenvay proposedhe sametaxonomyfor
scenecategyories[142]. Theseauthorsmotivatetheir theorywith argumentsof maximizingthe visual
andlinguisticinformationconveyedduringnaming.Doeshumanperceptiorof naturalcomplex scenes
reveala similar hierarchyof objectsandscenes®Whatpatternsariseduring freerecallingof cluttered

scene®f variousobjectsVould responseseveal similar hierarchiesor differentones?

One parametelto vary in examining sceneperceptionis the length of presentatiortimes. We are

curiousto seewhetherthereis a naturalorderingin therangeof perceptshatbecomesvailableunder
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increasingemporalconstraints.

In all previousstudiesof scengperceptiontheexperimenterfiave asetof predeterminetiypotheseto
test. Their experimentsarehenceconstructedo illuminate certainparameterselevantto their claims
andquestions.Our designhowever might broadenthe scopeof sceneperceptionresearch.Through

unbiasedesponsesye hopeto uncovernew aspectof sceneperceptiompreviously not considered.

Keepingthe abore issuesin mind, we proposeto examine unbiasedreal-world sceneperceptionasa
function of displaytime. We have designedan experimentin which subjectsview oneof nearlya hundred
naturalscenedor a brief interval of time without any priming, pre- or post-stimulusuing, asto its content.

We askthemto typefreely whatthey have seenin asmuchdetailaspossible We vary the presentatioime

of theimagebetweer?7msto half of asecond.
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Chapter 6

General Method

Oursubjectavereaskedto freely recallwhatthey percevedin brie y displayedmagesof real-world scenes.
We exploredthe evolution of our subjects'reportsasa functionof thelengthof presentatiortimes. Our data
wascollectedin Stagel andanalyzedn Stagell.

In Stagdl, subjectsviewedbrie y apictureof asceneonacomputemonitorandwerethenasledto type
whatthey hadseen,usinga freerecall methodto collect responsesChapter6.2 explainsthe detailsof this
stageof theexperiment.

In Stagell, we asled anindependengjroupof subjectgo evaluateandclassifythe freerecallresponses

collectedin Stagel. Chapter6.3is a detailedaccounif this evaluationprocess.

6.1 Dataset

In mostpreviousstudiesof sceneperceptioror objectrecognition Jine dravingswereusedasstimuli [9, 60].
Recently several studieshave useda large commercialdatabasef photographgor studyingthe perception
of scenesand catgyories[77,135,138]. This datasetunfortunatelyis a collection of professionallypho-
tographedcenesmostly shotwith thegoalof capturinga singletype of objectsor speci ¢ themesf scenes.
We are,hawever, interestedn studyingimagesof everydayscenesascommonlyseenby mostpeoplein a
naturalisticsetting. Therefore we assemble@ collectionof imagestrying to minimizethis samplingbias.
Fig. 6.1 andFig. 6.2 shav our datasef 44 indoorimagesand 46 outdoorimagescollectedfrom the
internetin thefollowing way. We askeda groupof 10 naive subjectgo randomlycall out5 namesof scenes
that rst cameto their minds. Someof the namesoverlapped.After pruning,we hadat handabout20 to
30 differentwords/word phraseghat correspondedb differentervironments.We thentypedeachof these
words/word phrasesn the Googleimagesearchengine.On the rst oneor two pagesof the searchresults,

we randomlyselected3-6 imagesthataresensiblyrelatedto the keyword. The Googleimagesearchengine
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Figure6.1: 46 imagesof outdoorscenesn our datasebf 90 grayscalémages.

tendedto returnimagesthat are found on peoples personalwebsites,most often taken with a snapshot

camera. While everyonehasa biaswhentaking a picture, we believed the large numberof imagesfrom



45

Figure6.2: 44imagesof indoorscenesn our datasebf 90 grayscalemages.

differentunknowvn sourceswvould helpto averageout thesebiases.

A numberof authorshave suggestedhat color informationis not critical for the rapid cateyorization
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of sceneg29, 33,36]. While color could be diagnosticin a later stageof recognition[93], we are mostly
concernedvith theinitial evolution of sceneperceptionthuswe decidedto useonly gray scaleversionsof

ourimagesfor our experiments.

6.2 Experimental Stagel: FreeRecall

6.2.1 Subjects

Twentytwo highly motivatedCalifornialnstituteof Technologystudentgfrom 18to 35yearsold) pro cient

in Englishsenedassubjectdn ExperimentStagel. Oneauthor(A.l.) wasamongthe subjects All subjects
(including A.l.) were naive aboutthe purposeof the experimentsuntil all datawere collected. Subjects
reportednormalcolor vision andvisual acuity (sometimeswith correctve lensesor glasses)but underwent

notestsin thisrespect.

6.2.2 Apparatus

Subjectswereseatedn a darkroom especiallydesignedor psychophysic&xperiments.The seatwasap-
proximately 100cmfrom a computerscreen,which was connectedo a Macintosh(OS9) computer The
refreshrate of the monitorwas75Hz. All experimentalsoftwarewasprogrammedisingthe Psychophysics

Toolbox[14,101] andMatlah

6.2.3 Procedure

Fig. 6.3 illustratesa singletrial of Stagel. An imagefrom our datasetvaspresentedor oneof 7 different
possibleSQAs: 27ms,40ms,53ms,67ms,80ms,107ms,and500ms.For eachtrial, the particularSQA was
randomlyselectedwvith equalprobability from thesechoices. The imagewasthenmasled by one of eight
naturalimage perceptualmasks,constructedby superposingvhite noise band-passedt different spatial
frequencie$145]. The subjectwasthenshavn a screerwith thewords:

Pleasedescribein detail whatyou seein the picture. Two sampleresponsesare: 1. City scene | seea
big building on the right, and somepeoplewalking by shops.There are alsotrees.Most of thetreesare on
the left of the picture, againstsomebadgroundbuildings. 2. Possiblyoutdoor | really cannottell mud.
Probablysomeanimals,maybemammals...

Subjectsveregivenan unlimited amountof time to write down their responses.
Eachsubjectwasshaown all 90 imagesin the databasehrokeninto 5 20-trial sessionsTheimageswere

presentedn randomorder At the beginning of eachsession4 imagesoutsideof the databasaevereusedto
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Please type your description
here:

Mask onset: t = SOA _

possible SOAs (in msec):
27, 40, 53, 67, 80, 107, 500

Figure6.3: A singletrial in Stagel: A xation crossappearedor about500ms. An imagefrom our dataset
wasthenpresentedt the center subtendingd 8 in visualangle. After a variableSQA, theimagewas
masled by one of 8 naturalimage perceptuaimasks. The maskwas displayedfor ~ 250ms. Thetime
betweerthe onsetof theimageandthe onsetof the maskis called StimulusOnsetAsynchrory (SQA). The
maskwas presentedor 500ms.Afterward, the subjectwaspromptedto a screernin which he/shewvasasled
to typein the whathe/shehadseenof theimage. Subjectswveregivenan unlimited amountof time to write
down their responsesWhenthey werereadyto continue,they could initiate the next trial by pressingthe
spacebar

familiarizethe subjectwith theresponseandSQAs. Freerecallresponsefor these20(4 5) imageswere
excludedfrom all dataanalysis.Orderof imagepresentationaswell asthe choiceof SQA for eachimage,
wererandomizedand counterbalancedamongall subjects. Eachsubjectthus contributed one description
for eachimageat one of the SOAs. Overall, our 22 subjectsprovided 1980descriptionsj.e., we obtained

betweerB and4 descriptiongor eachimageandeachSQA.

6.3 Experimental Stagell: Description Evaluation

6.3.1 Subjects

Five paid volunteerundegraduatestudentsrom differentschoolsin the Los Angelesarea(from 18 to 35
yearsold) senedasscorersn ExperimentStagell. As scorersneededo analyzeandinterpretunstructured
written responsesthey wererequiredto be native Englishspealers. All scorerswere naive aboutthe pur-
poseof the experimentsuntil all responsevaluationwas nished. Subjectsreportednormalvisual acuity

(sometimeswith corrective lensesor glasses)but underwennotestsin thisrespect.
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6.3.2 Apparatus

The scorers'taskwasto evaluateand classify the image descriptionsobtainedin the previous stage. For
this purposethey usedResponsé\nalysis software, which we designedandimplementedor this purpose
(Fig. 6.5). Subjectsvereseatedn alightedof ce room. Theseatwasapproximatelyl00cmfrom acomputer
screenwhichwasconnectedo a Macintosh(OS9)computer Therefreshrateof the monitorwas75Hz. All

ResponsénalysisuserinterfacesoftwarewasprogrammedisingMATLAB andthe GUI toolbox.
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Figure6.4: Attribute Tree. Thelist of attributeswas constructedy examiningthe entire setof free recall
responses/descriptiotsextracta comprehensie inventoryof termsreferredto in thesedescriptions.

a possible aaluation sequene

Figure6.5: ExperimentStagell: Evaluatingthefreerecallresponses.
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6.3.3 Procedure

Ouraimwasto evaluatefreerecallresponsem a consistenanduniform manneffor all subjects.To do this,
thecontentof all responsewasassessedith respecto a standardizedist of attributes.

The list of attributeswas constructedoy the experimentersyho examinedthe entire setof free recall
responses/descriptiots extracta comprehensie inventoryof termsreferredto in thesedescriptions Most
attributesdescribedell into oneof six cateyories:inanimateobjects;animateobjects;outdoorscenesindoor
scenesyisual/perceptudeatureq(i.e., shapeslines, etc.); or event-relatedthis cateyory compriseda more
cognitive understandingf thepicture,in which humanbehaior relatedto the scenewasinferred,i.e., social
interaction sports/gamegerformances;oncertetc.). SeeFig. 6.4 for the entirelist of attributes.

Theattribute list consistecbf 105terms. We organizedtheseattributesinto a hierarchicaltreestructure,
wherethe highestlevel representethe mostgenerallevel of description(e.g.,inanimateobject); the inter-
mediatestagesxhibited a greaterdegreeof speci city (e.g.,manmadénanimateobject,building); andthe
lowestlevel correspondedo the mostdetailedlevel of description(e.g., Capitol building). This taxonomy
schematemdrom corventionalnotionsof objectandscenecateyorization,asoriginally developedby Rosch
(1978)andTversky andHemenvay (1983),predicatecn the superordinatéevel; the entry, or basic,level;
andthe subordinatdevel. The ndings of theseauthorsformedthe basisof our hierarchicalclassi cation
for the animateobject,inanimateobject,indoor, and outdoorbrancheof thetree. The lasttwo branches—
sensory-relatednd event-related—hae received lessinvestigation and thuswere classi ed parsimoniously
with only two levels,moregenerale.g.,sensory-relatedndmoredetailed(e.g.,lines,shapesetc).

Eachof the5 scorergeadevery respons€22 subjectavho eachrespondedo thesamed0images= 1980
responsesandassayedhemfor mentionor descriptionof eachattribute aswell ascorrectnessThe scorer
was guidedthroughthis taskwith the Responsénalysisinterfacetool (Fig. 6.5). For eachresponsethe
scoremproceedeasfollows: the rst screercontainedhetext of oneof theresponsegheimagedescribedn
theresponseandaboxwith labelsfor themostgenerahttributes:indoor, outdoor animateobject,inanimate
object,event-elated,shape-elated Next to eachattribute, a button allowed the scorerto indicatewhether
the attribute had beendescribedin the written response.If an attribute was checled as “described, the
scorerwasadditionallyrequiredto indicatewhetherthe descriptionof the attribute waseitheran “accurate'
or “inaccurate'depictionof the correspondingmage. This completedthe rst screen. For ary attribute
checled, a successie screenwasdisplayedwhich comprisedagainthe text of the responseandtheimage,
but now the next level of moredetailedattributes;for example,if inanimateobjecthadbeenchecledin the

rst screenafollowing screenwould have containedhe labels:manmadendnatural (Fig. 6.4), for which

the userwould againbe promptedto indicatewhethertheseattributesweredescribedn theresponseandif
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so,whetheraccuratelydescribedr not. If theuserhadthencheclednatural, a following screerwould have
contained:thetext of theresponsetheimage,andthe next level of attributes:bodyof water plant, speci ¢
plant, mountain/hill distinctivetexture. Theentirebranchwasthustraversed.

If, onthe rst screenthe scorerhadalsochecledindoor, thenfollowing screensvould have alsodis-
played:thetext of the responsetheimage,andthe next level of attributes: store, householdoom,kitchen,
of ce/classioom,technical ervironmentdining/restauant, station/plazalibrary, performancesenue In this
mannertherelevantportionsof the treeweretraversedonebranchat atime. This processvasrepeatedor
eachresponse.

As explicatedearlier, 3-4responsewereprovidedfor agivenimageatagivenSQA. For agivenattribute,
eachscorerjudgedwhethereachof these3-4 responseaccuratelydescribedhe attribute in the respectre
image. The percentagef responsesatedas accuratemeasuredhe “degree' to which the attribute was
percevedin thisimage.Thisinitial scorethusre ectedaparticularimage, SQA, andscorer Thescoresvere
thennormalized:the seven scoredor a givenimage(onefor eachSQA) weredivided by the highestscore
achieved for thatimage (acrossall SQAs). All evaluationscoreswerethereforebetween0 and1. Dueto
this “within-image' normalization,inherentdifferencesn “dif culty’ of perceving or understandingcenes
betweerdifferentimageswereeliminated.

In all analysesthe scoreswere then averagedover all 5 scorers. In someanalysesthe scoreswere
additionallyaveragedverimages sothatthe averagedevaluationscorerepresentethe degreeto which the

attribute waspercevedata givenSQA acrosghe entireimageset.

— Scorer 1

Scorer 2

— Scorer 3

Scorer 4

0.9 Scorer 5
0.8t — Mean, Across Scorers
0.7t — Control

Evaluation Score
o
(6)]

0.2
0.1 \/\—_\\
27 40 53 6780 107 500

SOA In-based(ms)

Figure6.6: A samplescoreplot for thebuilding attribute.

To betterillustratethe parameterfust discussedwe will focuson the evaluationof oneattribute, "build-
ing, depictedin Fig. 6.6. On the x-axis arethe seven SQAs for which imagesweredisplayed. The y-axis
re ects normalizedaccuray evaluationscore.

For the SQA of 80ms, for example, eachscorerseesroughly 3 responsedor eachimage. For each
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responsethe scorerdeterminesvhetherthe attribute “building' wasaccuratelyreportedwith respecto the
correspondingmage(theotherl04attributeswerealsochecled,but we will notfollow thosefor thepurposes
of this example). Supposehe scorerindicatesthat building wasdescribedaccuratelyin only oneresponse.
Theinitial evaluationscorefor the attribute “building' for thisimageat SOA 80msis thereforel=3, or 0.33.
Supposealsothatthe maximumaccuray scoreachiesedin describingthis imageoccurredat SQA 500ms,
where2=3 of the responsesiccuratelyreporteda building. This maximumscoreof 0.67 would be usedto
normalizeall scoressothatthe evaluationscoreat SQA 80msis now 0.5andthescoreat500msis 1.0. This
normalizatiorallows eachimageto beits own baselinethereforedifferencesn thequality of theimage(i.e.,
simplevs. cluttered)will not affect scores.Finally, all normalized building' scoresat SQA 80ms—onéor
eachimage—areveragedo obtainthe nal evaluationscoreatthis SOA for this particularscorer

This proces®f normalizatiorperimageandthenaveragingoverall imagess donefor eachSQA. Again,
theresultingvaluesareper scorer Thus,in Fig. 6.6, the yellow, blue, green,cyan,andmagentdines each
representhe normalizedevaluationscoreqaveragedverimages)for onescorer

Thesecurvesarethenaveragedover all the scorers. The resultingmeansare plottedin the red line in
Fig. 6.6, with errorbarsrepresentingtandarderror of themean(s.e.m.).

In addition,thereis ablackline restingat the bottomof the plot. It consistof scoregjivenby our scorers
whenthe responses/descriptioase randomlymatchedto the images. This correspondso our controlsin
the responseevaluationprocess. As this evaluationprocesss subjectve, scorerbiasin judging accurag
of responsesould be a potentialconfound,i.e., a scorermight be inclined to generallyinterpretvagueor
nehulousresponsess ‘probablycorrect, giving "the bene t of the doubt' evenfor inaccuratedescriptions.
To probefor this bias, eachscorerwas presentedvith 220 responseshat were pairedwith an incorrect
image(e.g.,not theimagethe subjectwasviewing whenmakingthe response) The scorerhadto indicate
whethertheresponsaccuratelydescribedheimagewith whichit waspresentedthesameaskasfor thereal
response-imaggairings. Sincetheseareincorrectpairings,responseassociateavith longerSQAs will not
containa moreaccuratedescriptionof ary attribute (here,building) of theimagewith whichit is presented
to the scorer Therefore,assumingno scorerbias, the line shouldremain at, asobsenedin Fig. 6.6. If
scorersdo exhibit a propensityto liberally give creditto subjectsfor their responsesye would not expect
to seea low, at line from the controls. Instead,we would anticipateother patterns,suchasincreasing
scoreswith SQA (sinceresponsebecomemoreverboseandcontainmorecontentthat could mistalenly be
viewedasaccurate)pr scoreghatriseupto intermediateSQAs (moreverbosebut still somavhatambiguous
responsedut thendecreasatthelongestSQAs (whereresponsebecomespeci ¢ enoughthatscorershave

little opportunityto give subjectghebene t of thedoubt). Thecontrolcurvesfrom all scorersvereaveraged.
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Chapter 7

Experiments and Results

7.1 Experiment|. The "Content' of a Single Fixation

How muchof ascenecanbeinitially percevedwithin the rst glance?

Biedermars ndings impliedthatsomekind of globalcontext of thescends registeredn theearlystages
of sceneandobjectrecognition[9].

Friedmanandcolleaguegproposedhatearly scenerecognitioninvolvestheidenti cation of atleastone
“obligatory' object[6, 44]. In this “priming model, the obligatoryobjectsenesasa contextual pivotal point
for therecognitionof otherpartsof thesceng56]. Thereis alsoevidencethatobjectscouldbeindependently
recognizedwithout facilitation by global scenecontect [56]. Despitethis discrepang betweenall these
models,onething is clear: objectrecognitionis an importantaspectof early sceneperception. Humans
appeato beableto recognizeat leastsomeobjectsin a naturallyclutteredscenen asingleglance.

Sowhatis the contentof the rst glanceof a scene?Doesit includealist of objects,and/orrelationsof
objects,and/orbackgroundextures,and/orlayoutof spacg156]?

In this rst experimentwe try to extractasmuchinformationaspossiblefrom subjects'reportsof scenes

in asingle xation.

7.1.1 Method

We comparehesubjects'description®f scenesn two SQAs: 107msand500ms.While the average xation
lengthduring sceneviewing canbe ashigh as339ms[113], numerougrevious studieshave usedpresenta-
tion timesbetweenl00msto 200msto investigatethe effect of single xation [9,13,108]. Herewe follow
thetraditionandusel07msasanestimateof thelengthof the rst xation of ascene500msis choserasa
baselingpresentatioime for viewing a scenelt is commonlyacceptedhatthis amountof time is suf cient

for perceving a naturalsceneandmostof its contents Fig. 7.1 shavs two differentexamplescenesandsam-
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ple descriptionsatthetwo SQAs. In the rst row, thescends graspedvith relative ease Subjectsarenearly
asgoodat perceving the detailsof the sceneat SQA 107msascomparedo the baselineviewing condition.
In the secondrow, the scenas muchmoreclutteredandcomplex. We seethatthe extra presentationime for

SQA 500mshelpsgreatlyin perceving thedetailsof the scene.

SA =107ms

This is outoors. A blackfurry dog

is mnning/walking towards the

right of the picure. His tail is in the
air and his mouth is opn. Hther

he had a ball in his mouth or he
was chasing affer a ball. (Subjet EC)

inside a houselike a living bom,
with chairs and sofas and tables
no ppl. (Subjet HS)

S =500ms

| sav ablack day carrying a gay
frisbee in the enter of the
photograph.The dog was walking
near the aean,with waves lapping
up on the shoe. kt seemed b be a
gray day out. (SubjetJB)

A room full of musial instuments.
A piano in the éreground, ahamp
behind that, aguitar hanging on the
wall (to the right). It looked like there
was also a windev behind the hap,
and perhaps a lmokcase on the lef
(Subjed RW)

Figure7.1: Subjectdescriptionsamples.In the rst row, the sceneis relatively easy Subjectsarenearlyas
goodat perceving the detailsof the sceneat SQA 107msascomparedo SQA 500ms. In the secondrow,
the sceneis more clutteredand complex. Whenthe paperis acceptedor publication,we will publishall
descriptiongollectedfor the entiredataset.

Severalattributeswereexamined,from ve branche®f theanalysistreeandat variouslevelsof abstrac-
tion, from superordinateto subordinate.The evaluationscoresfor eachof theseattributeswere averaged
over all imagesandall scorers.The scoresfor SOA 107msandfor SQA 500mswere compareda pair of

barsrepresentinghe scoresat thesetwo SQAs areplottedfor eachattribute of interest.

7.1.2 Resultand Discussion

Sincewe areinterestedn eliciting afuller descriptionof thesemantic content'of abrief look atascene, ve
catgyoriesof attributesareconsideredanimateobjects(includinghumansandanimals);inanimateobjects;
outdoorscenesindoorscenesandhumanactiities/events.Fig. 7.2 summarizesll results.

In Fig. 7.2(a) and (b), we shav thesecomparisondor objects As our focusis primarily on scene
recognition,we will considerobjectrecognitiononly briey. In the superordinatecateyory of animate
objectgFig. 7.2(a),mostlevels areequialently percevedwithin a single xation ascomparedo the base-
line viewing condition. The superordinatelevel of animateobject moredetailedlevelssuchaspeople and
attributeslarge mammalsubordinateo animal) andethnicity, appeaanceanddetailsandbody/ gure (sub-
ordinateto peoplg arereportedwith similar accurag andareinsigni cantly different(One-Way ANOVA:

0:06 < t(8) < 4:07, p > 0:05). Threeattributesdiffer weaklyin a One-Way ANOVA: animal (t(8) = 7:70,
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p = 0:024); mammal(t(8) = 6:16,p = 0:04); andgender/ae (t(8) = 9:73, p = 0:01), andtwo others
strongly differ (One-Way ANOVA: bird t(8) = 73:32, p < 0:001 dogs/cat¢(8) = 33:98, p < 0:001).
While several detailedattributesof people,suchas ethnicity, appearanceand body gures, are perceved
with adroitnesstecognitionof non-humaranimalsdoesnot appeato enjoy the sameease Entry level ani-
mals,suchasdogs,cats,andbirds,aremorereliably discriminatedvith longerpresentatiotimes,with dogs
andcatsbeingparticularlypoorly recognizecat 107ms.Thesepropensitiespeakto alargebody of literature
claiminganinnatevisual preferencdor facesandhumang30,31,116].

Fig. 7.2(b)displaystheresultsfor theinanimateobjectscontainedn theimagedatasetSeveralattributes
pertainingto inanimateobject catgyoriesare perceved within a single xation, namelythe superordinate
catgyory inanimatenatural objects plusmorebasiclevel objectssuchasrocks plants mountain/hills grass
sandandsnow(One-Way ANOVA: 4:24e-4 < t(8) < 4:02, p > 0:05). In therealmof manmadebjectsthe
ndings arelessclear Superordinatelevels, suchas manmadénanimateobject furniture, andstructuies
(roadsbridges railroadtracks),andthe basiclevel attribute car aremoreaccuratelyreportedat 500msthan
at107ms(One-Way ANOVA: 14:20< t(8) < 31:95, p < 0:01; exceptcar, weaklysigni cant: t(8) = 6:10,
p = 0:04). Othersuperordinateandentry-level objects,including vehicle building, chair, anddeskor table
exhibit equalaccurag at both SQAs (One-Way ANOVA: 0:80 < t(8) < 4:50, p > 0:05). Thelack of an
unequvocal advantagefor recognitionof basic-level cateyoriesversussuperordinatecateyoriesconnotesa
discrepanyg from Roschs study on object categories[117]. We obsene that one of the main differences
betweerour setupandRoschsis the clutterandfullnessof our scenesin herstudy objectsarepresentedn
isolation,sggmentedrom backgroundIn our setup,objectsareviewed undermorenaturalconditions with
clutterandocclusion.

Fig. 7.2(c) displayscomparisondor the sceneervironmentsportrayedin our dataset.At SQA 107ms,
subjectseasily namethe superordinatelevel cateyories, outdoor, indoor, natural outdoor and manmade
outdoor. In addition, scenessuchas of ce/classioom eld/park, urban streets householdrooms(dining
rooms,bediooms,living rooms) and restauant scenesare recognizedwithin a single xation (One-Way
ANOVA: 0:20 < t(8) < 5:23, p > 0:05). Only shop/storeandwaterscenegequirelongerpresentations
(One-\ay ANOVA: 9:93 < t(8) < 50:40, p < 0:02; exceptsky, weakly signi cant: t(8) = 6:73, p =
0:03).Comparedo objectshen,scenecontext is moreuniformly describedy our subjectsn asingle xation.
Ourresultssuggesthatsemantiaunderstandingf sceneervironmentscanbe graspedapidly andaccurately
afterabrief glance with ahierarchicaktructureconsistentvith Tversky andHemenvay[142].

We have seenthat both objectsaswell as global sceneervironmentscan be processedjiven a single

xation. Theseattributes,however, areexplicitly denotedby propertiesof a still image,wherethe physical
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featuresde ning anobjector the quintessentiatomponent®f anervironmentcanbereadilyrenderedCan
a more cognitive appraisalof the transpiringscenariobe inferredwith the sameease?In Fig. 7.2(d), we
look at attributesrelatedto humanactiities andsocialevents.Givenour datasetpnly vetypesof actiities
areincluded: sport/gamesocialinteraction,eating/dining,stageperformanceand instrumentplaying. Of
the5 actwities, sport/gamesocialinteractionsandpossiblystageperformancecanbe reportedaftera single
glance(One-Way ANOVA: 0:25 < t(8) < 1:54, p > 0:05). Only oneimageeachinvolved humanseither
eatingor playinginstrumentsthustheseevent-relatedattributeswerenot statisticallymeaningfulandwere
excludedfrom our analysis.These ndings suggesthat subjectscannotonly extractobjectsaswell astheir
embeddecervironment, but in addition caninfer the interactionof the objectsin orderto consolidatean

abstractsemantianeaningof their visualworld.
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Figure7.2: Fixationresultsfor animateobjects(a), inanimateobjects(b), scenegc) aswell associalevents
andhumanactuities (d).

In summary within this brief period of time, humansseemto be able to recognizeobjectsat super
ordinatecategory level aswell as a variety of basiccategory level. Furthermorea single xation seems
sufcient for recognitionof mostcommonscenesndactvities, mary of themcoincidingwith the basiclevel

scenecategoriessuggestethy Tversky andHemenvay [142].
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7.2 Experiment Il: Outdoor and Indoor Categorization

In recentyears,several computervision studieshave suggeste@f cient algorithmsfor categyorizingscenes,
exploiting both globalandlocal imageinformation[35,94,132,144,150]. While thesemethodsshedlight
on how coarseclassi cationof scenesanbe achievedin a feedforward fashionafter supervisedearning,
little is known in the humanvision literatureaboutthe actualcuesandmechanismsllowing cateyorization
of differentsceneclassesin theirwork on scengaxonomy Tversky andHemenvay examinedin particular
peoples understandingf the disparatecomponentof indoor and outdoorsceneq142]. Their methods
howevertreatedndoorandoutdoorenvironmentssymmetrically presumingno obviouspreferencer bias.
After reviewing thefreerecallresponsem this experimentwe obserneda proclivity towardsrecognition
andnamingof one of thesetwo kinds of ervironments. We thus soughtto further explore this unexpected

af nity .

7.2.1 Method

To probefor a possiblebias,we examinedhow the outdoorandindoorimagesin our datasetvereclassi ed
by our subjectsandhow this classi cationchangedasa functionof presentatiotime (SOA). For eachSQA,
a scatterplot was generatedeachdot representingan image—reddots correspondo ground-truthoutdoor
images,greendotsto ground-truthindoorimages. Ground-truth'is determinedn the following way: for
eachimage,we take all response®f all subjectsat SOA 500ms. If a majority of the subjectsaccurately
describedhe imageas “outdoor thenthe ground-truthlabel for the imageis “outdoor The sameis true
for the indoor' images.For eachimage,we areableto ascertairthe percentagef subjectshatlabelledthe
imageas’indoor' or as outdoor'at a particularSQA time. Fig. 7.5 shovs how theimagesare percevedat
differenttimes.We shalldiscusghis morein the Resultssection.

Beforewe proceededywe wishedto know whethera biasin subjectperformancesould be accountedor
by simple,low-level globalcues.Indeedmary studieshave exploredtheusageof globalcuesfor cateyorizing
naturalscenesandcomputervision algorithmshave demonstratedelative success$n utilizing suchcuesto
accuratelyachieve avarietyof classi cations[94,132,144]. Following the samdine of reasoningye carried
outtwo controlanalyse®f the globalstatisticsof the scenesn our dataset.

In the rst control experiment,we assesse@hetherindoor and outdoorscenesn our databasesould
be separatedy simple frequeng information[94]. Both the indoor and outdoorimageswere randomly
dividedinto two halves—a'training set' anda “testset. Two power spectruntemplatesverethencreated:
1) anoutdoortemplate which averagedhe power spectreof all outdoorimagesin the outdoortraining set,

and?2) anindoortemplate which averagedhe power spectreof all indoorimagesin theindoortrainingset.
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Fig. 7.3(a)and (b) shav two exampleoutdoorandindoor templatesfor randomlydrawn training sets. For
theimagesn thetestsets atwo-dimensionatorrelationwasperformedietweerthe power spectrunof each
imageandthe outdoortemplate andbetweerthe power spectrunof eachimageandtheindoortemplate We
thenobtainedaratio of correlationcoefcients (outdoorcorrelationcoefcient: indoorcorrelationcoefcient)
for eachimagein thetestsets.This correlationanalysisvasrepeatedwith trainingandtestsetsreversedi.e.,
theimagespreviously in the training setsformedthe new testsets,andthe imagesformerly usedin the test
setswereusedto generatehe templates.Ratiosof correlationcoefcients were obtainedfor imagesof the
new testsets.In this way, correlationsvereperformedon every imagein the datasetyith templatesormed
from a disjoint setof images.This proceduravasreiteratedl 0 times,with a randomsegregationof images
into eitherthetraining setsor testsetseachtime.

Fig. 7.3(c)shavs thedistribution of this ratio scorefor all of the outdoorandindoorimages We usethis
ratio scoreof theimagesto performindoorversusoutdoorclassi cation. Fig. 7.3(d)is a Recever Operating
CharacteristidROC) curve of the result. A weak classi cationresultof 68:0% is achieved for separating
indoor imagesfrom outdooronesbasedon the averagepower spectra(chanceclassi cation by an ROC
analysidgs consideredo be 50%). Comparedo the averageperformancesf humanobsenersat SOA 500ms
(90:5% in Fig. 7.5), this resultindicatesthatlittle informationcould be usedto classifyindoorandoutdoor

scenedbasedn low-level power spectrainformation.
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indoor Images
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(a) outdoortemplate  (b) indoortemplate  (c) distribution of correlations (d) ROCcurve

Figure 7.3: Paver spectralanalysis. (a) A sampleoutdoortemplate which averagedhe power spectraof

all outdoorimagesin the datase{excludingtheimageitself if it is outdoor).(b) A sampleindoortemplate,
whichaveragedhepowerspectraf allindoorimagesn thedatase{excludingtheimageitselfif it isindoor).

(c) Distribution of theratio scorefor outdoorandindoorimages.Theratio scoreof correlationcoefcients is

obtainedrom theoutdoorcorrelationcoefcient andindoorcorrelationcoefcient for eachimage.(d) shavs

two Recever OperatingCharacteristi§ROC) curves(training andtesting)of the classi cationresultsbased
onthecorrelationratios. A weakclassi cationresultof 68:0%is achiezedfor separatingndoorimagesfrom

outdooronesbasecbn the averagepower spectran thetestingcase.

Our secondcontrol addressethe argumentthat outdoorscenegendto have a lighter top partly dueto
the contrastof the sky, while thereis no suchcuein anindoorimage. We thereforeuseda simple “sky'
templateto explore this possibility (Fig. 7.4(a)). Threehorizontallayersconstitutedthis template the top

consistingof high-intensitypixels, the middle median-intensitypixels, andthe the bottom of low-intensity
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pixels. A two-dimensionaktorrelationwas performedbetweeneachimagein the datasetandthe template.
The correlationcoefcient for eachimagewasusedfor classi cation. Fig. 7.4(b) shavs the distributionsof
the correlationcoefcients of all the indoor and outdoorimages,while Fig. 7.4(c) shavs the classi cation
resultsin ROC curve. Only a47:5% performancés achiezedby usingthetemplatemethod.Thisis no better

thanchancecomparedo a highhumanobsenrer performanceit SOA 500ms(90:5%in Fig. 7.5).
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Figure7.4: Light top dark bottomcorrelationanalysis.(a) Two horizontallayersconstitutedthis template,
thetop consistingof high-intensitypixels,andthethe bottomof low-intensitypixels. (b) A two-dimensional
correlationwas performedbetweeneachimagein the datasetandthe template. The correlationcoefcient
for eachimagewasusedfor classi cation. (c) shawvs the classi cationresultsin ROC curve. Only a 47:5%
performanceés achiezedby usingthetemplatemethod.

7.2.2 Resultsand Discussion

Therecall performancesor indoorversusoutdoorscenesareshovn in Fig. 7.5. We sampledhe responses
asa function of stimuluspresentatiotimes: 40ms,67ms,120msand500ms. Ideally, all outdoorimages
(greendots)would clusterat the (0; 1) cornerof eachof the panelin Fig. 7.5, while all indoorimages(red
dots)would clusterat the (1; 0) cornerof the panel. At short SQAs, however, fewer subjectsmentionthe
indoor/outdoorcateyory, while at 500ms,virtually all do. At the baselineSQA of 500ms(Fig. 7.5(d)),most
of thereddotsareindeediocatedonthe x-axis,assubjectsorrectlyidenti ed the outdoorimagesasoutdoor
Similarly, mostof thegreendotsarelocatedonthey-axis. In Fig. 7.5(a)-(d) we obsere avery cleartrendof
anearlybiasfor outdoorimages.At SQA 40ms,if subjectschoseto make the indoor/outdoordichotomous
distinctionin their responseghey tendedto identify asymmetricallyoutdoorimagesasoutdoor despitethe
factthatthereis a similar numberof indoor andoutdoorimagesin the dataset.This preferencdor outdoor
labelling continueseven at SQA 107ms(Fig. 7.5(c)). In Fig. 7.5(a)-(d),we also presentthe four indoor
imagesthatweremostfrequentlymisclassi edas outdoor' at the correspondingsQA. Several of themare
consistentover a rangeof SQAs. By consideringtheseimages,it is possiblethat predominantlyvertical

structuregive riseto the “‘outdoor' perceptmoreeasilywhenthereis lessthan107msfor viewing theimage.
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In Fig. 7.7(c), we summarizethe changeof indoor and outdoorclassi cation over presentatioriime in one

plot. Eachdiamondrepresentshe averageperformancescoreat oneSQA.
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dotrepresentanimagein the databaseiedfor ground-truthoutdoorandgreenfor ground-truthindoor. The
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theaverageperformanceThebottompanelshavsthefourindoorimageghatwereoftenconfusedasoutdoor
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While we obsene this strongbiasin favor of outdoorover indoor classi cation of naturalscenegor
shortdisplaytimes,we do not seea large differencebetweermanmadeutdoorover naturaloutdoorimages
(Fig. 7.6). Subjectdabelledboth naturalandmanmadeutdoorscenesvith similar accurag. Givenshorter

SQAs (lessthan107ms),manmadeutdoorscenesareattimesconfusedwith naturaloutdoorsceneshence
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Figure7.8: Sensorynformationandobjectperceptiorin outdoorandindoorscenes(a) Sensoryinformation
perceptiomperformanceomparisorbetweerindoorandoutdoorscenescrossall SQAs. (b) Overall object
recognitionperformanceomparisorbetweerindoorandoutdoorscenescrossall SQAs.

a lower averageperformance But overall the trendis not nearlyaspronouncedisthe biasbetweenndoor
andoutdoorscenegFig. 7.7(b)).

Fig. 7.7(c)and(d) summarizeaverageclassi cationresultsfor indoorvs. manmadeutdoorimagesand
indoor vs. naturaloutdoorimages,respectiely. Unlike Fig. 7.7(a),thereexists no indication of a biasin
either of theseconditions. This suggestghat while indoor scenegendto be confusedas outdoorscenes,
thereis little confusionwith manmader naturaloutdoorscenes.

Wheredoesthis biasarise?Giventhelimited amountof informationavailablewhenstimuli arepresented
verybrie y (lessthanor aboutasingle xation), did outdoorpictureshave anadvantageoverindoorpictures
becaussubjectscouldperceve low-level, sensoryrelatedinformationmoreclearly?Or wasit dueto greater
easein identifying objectsin the outdoorscenesversusthe indoor scenesasthe “priming model' would
suspecf6, 44]? Fig. 7.8 illustratesthe evaluationresultsin bothindoorandoutdoorscenedor sensorylevel
information (panel(a)) aswell asobjectlevel information (panel(b)), from the shortestpresentatioriime

(27ms)to the maximum(500ms).For sensoryinformationperceptionwe seethatthe evaluationscoresfor
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bothindoorandoutdoorimagesdo not differ at mostpresentatiotimesexceptSQAs 53msand67ms(One-
Way ANOVA: 0:15< t(8) < 5:26, p > 0:05, SQAs 53and67ms11.46< t(8) < 26:60, p < 0:05). Overall,
thereis no evidenttrendto suggestthat outdoorscenegpermit better sensoryinformation recognitionas
comparedo indoorscenesSimilarly, little trendis detectedvith respecto objectlevel perceptionFor both
indoor andoutdoorimages the evaluationscoredfor the subjects'descriptionsarenot statisticallydifferent
(One-\\ay ANOVA: 0:01 < t(8) < 11:46, p > 0:05, exceptSQA 67mst(8) = 26:60, p < 0:001). These
resultsindicatethatwhile thereis anobviouspreferencdor perceving outdoorimagesfor shortpresentation
times, this bias doesnot seemto stemfrom a preferencdor perceving the sensoryinformation or object

contentof thedifferentenvironments.

7.3 Experiment lll: Sensory-lerel Recognitionvs. Object/Scene-lgel
Recognition

Humangpossesasuperhbability in categorizingcomple naturalscenesThorpeandcolleaguefiave demon-
stratedthat the presenceof an animal (or vehicle) in a photographcan be rapidly detectedby subjects,
and a neurophysiologicatorrelateof this detectionis obseredin the prefrontalcortex areain aslittle as
150ms[135]. This ability is robustto multiple stimuli aswell aswithdrawal of attention[77,120]. Further
studiesalsosuggesthatalow-level, object-independemhechanisnprecedeshe detectionor recognitionof

semanticallymeaningfulstimuli [64,146]. A key questiorfollowing these ndings is thatof the naturalevo-

lution of sceneperception.In otherwords,whatis the time courseof suchrecognition?Althoughthe exact
timing differsin thesestudies,an overall consensustipulateshatrecognitionstartswith the perceptionof

low-level featuresandis followedby cateyoricalrecognition.

Similarly, traditionalmodelsof objectrecognitionpositthat a low-level visual processingprecedeghe
high-level objectrecognition,in which segmentationtakes place beforerecognition[25,90,122]. Other
evidencesuggestshat semanticallymeaningfulobjectrecognitionmightin turnin uence low-level, object-
independensegmentation[103-105]. Recently Grill-Spectorand Kanwisherhave found that humansare
asaccurateat cateyorizing objectsasat detectingtheir presencg52]. Moreover, analysisof responsdime
suggestsot only thata similar amountof informationis neededor thesetwo processedyut alsothe same
amountof neuronalbprocessindime [52].

The conclusionsabove are drawvn from experimentsthat rely on multiple forced choicesparadigm,in
which subjectsare given a shortlist of possibleanswersheforeviewing the image. We are interestedn

examiningthe samequestionin a free recall scenarioonethatis closerto the naturalexperienceof scene
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perception.Intuition tells usthatdifferentlevels of recognitionmight occuruponprocessinglifferentlevels
of information. While coarseror lower frequeng informationis sufcient to detectthe existenceof adog, it
is not necessarilyadequateo know the dogis a husky or a Germanshepherd We would like to, therefore,
scrutinizesubjects'descriptionsof naturalscenesat differentpresentatiotimesin orderto investigatethe
evolution of differentlevelsof recognition.In particular we would lik e to contrastwhetherigherlevel con-
ceptualinformation(e.g.,objectidenti cation, objectcateyorization,scenecataorization,etc.) is perceved

simultaneouslyvith low-level or “sensory‘information(e.g.,shapeecognition/parsing).

7.3.1 Method
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Figure7.9: Sampleof subjects'freerecallresponses imagesat differentSQAs.

In Chapter6, we gave a detailedaccountof how subjectsviewedandrecordedheir responseto eachof
the naturalsceneimagesin our databaseFig. 7.9 shawvs threeof the imagesand someof their free recall
responsesit four different SOAs. Notice that whenthe presentatiortiime is short(e.g., SOA = 27msor
40ms), the terminology usedin the free recall responsesendsto be shapeand low-level sensoryfeature
related,suchas dark; “light,’ “rectangulal etc. As the displaytime increasessubjectsseenmorecon dent
at identifying the identity of the objectsaswell asthe cateyory of scenes.More conceptuabnd semantic
terms,suchas’peopl€, ‘room; “chair, appeamith increasingrequeng.

We quantify the above obsenation by comparingthe evaluationscoresof the shape/sensory-related-
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tribute,asa function of presentatiotime, with scoresof other moresemanticallyneaningful attributes.In
Chapter6.3, we explainedhow both suchevaluationscoresaswell asbaselineperformancesreobtained.
Notethatourimagesarehighly clutteredandobjectstendto occludeeachother A correctlabelis givento a

descriptionaslong asthe shapanformationgivenis correct,not necessarilyomplete.
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Figure7.10: Perceptuaperformance®f differentattributesacrossall 7 presentatioriimes. The perceptual
performances basedon evaluationscoregdetailedin the Methodsection. The sensoryrelatedperceptioris

plottedasabenchmarkn all threepanels Perceptuaperformancefor (a) overallsceneandobjectattributes;
(b) scendevel attributes;and(c) objectlevel attributes.

7.3.2 Resultsand Discussion

Fig. 7.10summarizesurresults.They-axisof eachpanelis the evaluationscorecomputedor eachselected
attribute(s). For comparisonyve plot the sensoryinformationresponseén all threepanelsof Fig. 7.10. The
generalrendin sensonjinformationaccurag indicateshatits scoredecreaseselative to otherattributes,as
the presentatiotime increasesThis patternis intuitive andpredictable assubjectsceaseo reportshapeor
sensoryrelatedinformationwhenthey areableinsteado ascribehigherlevel descriptiongo theimage,such
asobjectlabels,scenecontet, andsemantiaelationshipsamongthe objects.

In contrastgvaluationscoredor attributessuchasobjectnamesandscenetypesrise asthe SQA length-
ens. The accurag andfrequeny with which theseattributesare reportedincreasesas more information
becomesvailable. All panelsof Fig. 7.10 alsoinclude a black line (at the bottom) correspondingo the
randomcontrolresponsesSincethe scorersareevaluatingdescriptionghatarerandomlymatchedo images
andvariousSQAs, it is expectedhatthe averageevaluationscoreis low andsimilaracrossall SQAs. Thisis
indeedwhatwe obsenre.

In Fig. 7.10(a),we comparethe responsesf low-level visual/sensorynformationto the high-level in-
formationrelatedto object,animateobject,inanimateobject,scenejndoor scene andoutdoorscenesuper
ordinatecategorizations At SQA 27msand40ms,subjectgeportsensonyfevel informationmorefrequently
and accuratelythan object- and scene-relatednformation (One-Way ANOVA: 16:28 < t(8) < 97:29,

p > 0:05). The object,inanimateobjectand animateobjectattribute information dominatesover sensory
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informationat SOA 67ms(One-Way ANOVA: 2:21< t(8) < 36:86, p < 0:05). Similarly, theoutdoorscene
attribute becomesndistinguishableo thatfor sensorylevel informationat SOA 53ms(One-Way ANOVA:
t(8) = 0:003 p = 0:96), while the indoor scenecurves overtale the sensorycurve at 80ms (One-Way
ANOVA: t(8) = 36:86, p = 0:03). Onceagain,we nd anobviousadwantageor accurataeportof outdoor
scenesverindoorscenesgon rming our resultsin Experimentll.

In Fig. 7.10(b), the relation betweensensoryinformation and sceneinformation is dissectedat ner
levels. Interestingly if we analyzeoutdoorscenanformationata ner level, for examplemanmadeutdoor
andnaturaloutdoor in both casesattribute reportis inferior to that of sensorylevel informationuntil SQA
80ms. On the otherhand,the trajectoryof manmadeoutdoorsceneperceptionstatisticallycoincideswith
the perceptionof even moresubordinateateyorizationsof outdoorscenessuchasurbanscenegOne-Way
ANOVA: 0:37 < t(8) < 5:22, p > 0:05). Onceagain,the randomizedcontrol resultsremaina stagnant
at line atthe bottomof the plot. This providesa glimpseinto the orderin which variouskinds of semantic
informationbecomeswvailablefor consciougeport,asafunctionof presentatiorime.

In an analogousassessmentig. 7.10(c) displaysevaluationscoresas a function of SQA for object
information. Somevhere betweend5msand 67ms presentatiortime, variouslevels of object perception
becomemore pronouncedhansensorylevel information(at SOA 67ms,animateandinanimateobjectare
both signi cantly morereportedthan sensoryinformation. One-Way ANOVA: 5:34 < t(8) < 7:30, p <
0:05). Thisswitchin the predominantnformationreportedtranspireswith shorterSQAs ascomparedo the
reportsof scene-relatedttributesdiscussedh the previousparagraph.

While ourresultscannotattestdirectly for thetime courseof informationprocessingvhile viewing anim-
age,our evidencesuggestshaton average)essinformationis neededo accessomelevel of non-semantic,
shape-relatethformationin a scenecomparedo semanticallyneaningful object-or scene-relatethforma-
tion. Thisresultis differentfrom what Grill-SpectorandKanwisherreportedin [52]. Onemajor difference
in our experimentaldesignis thattheir subjectsareforcedto make a multiple choicewhile our subjectsare
instructedto write down whateser they recall. In addition,in their databasesceneshatcontainobjectshave
very differentstatisticscomparedo the sceneshatdo not containobjects,namelyrandomizedixels. Stud-
ies have suggestedhat somereliable structuralinformationof a scenemay be quickly extractedbasedon
coarsespatialscaleinformation[93]. Consistentvith these ndings, our dataseemto alsoshav thatcoarse

spatialinformationaboutshapesegmentatiorcanbe percevedwith lesspresentatiomf theimage.
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7.4 Experiment IV: Hierar chiesof Objectsand Scenes

It hasbeenshowvn that somelevel of cateyorizationof objectsis mostnaturalfor identifying the objectas
well asfor discriminatingit from others. Roschdevelopedthis categyory hierarchyfor objectrecognition
andidenti cation; Tversky and Hemenvay suggested similar taxonomyfor naturalenvironments[142].
We werethereforeinterestedn seeingif any correlationexistedbetweenour subjects'reportsof sceneand

objectrecognitionandthose ndings in [117,142].

7.4.1 Method

We studiedhow differentlevels of objectand scenecatagorizationevolved as a function of presentation
time (SQAs). We follow the samemethodasdescribedn Chapters/.3.1and6.3. Evaluationscoreswvere
averagedover imagesto provide an estimateof perceptionfor eachattribute at eachSQA. Baselineavere

alsoconstructedor theseattributesandwereaveragedanddisplayedon eachgraph.
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7.4.2 Resultsand Discussion

First we explored the relationshipbetweenlevels of the animateobjecthierarchy Subjectsseemableto
perceve coarsellevel animateobjectsmoreaccuratelfthan ner levels, particularlyat shorterpresentation
times(Fig. 7.11(a)). We shaow in this plot threelevels of animateobjects:the superordinatelevel animate
objects animal, andmammal At SQA 27ms,thereexists a clearadvantagefor moreaccurateandfrequent
reportof animateobjectsversugheotherthreecateyories(One-Way ANOVA betweerthefollowing attribute
andanimateobjects animalt t(8) = 12:38, p = 0:01; mammal t(8) = 19:27, p = 0:002 large mammal
t(8) = 6:61, p= 0:03). Thisadwantagedecreaseby SOA 40ms,thoughit still retainsstatisticalsigni cance
with respectto animal and large mammal(One-Way ANOVA: animalt(8) = 9:99, p = 0:01; mammal
t(8) = 1:25 p = 0:30; large mammalt(8) = 6:55, p = 0:03). In short,givena very limited amountof
information,subjectdendto form avaguepercepif ananimateobject,but little beyondthat.

A comparableadvantageis found for manmadenanimateobjects. Fig. 7.11(b) shavs that while the
evolutionof structureandroad/bridgearevery similar, subjectdendto accuratelyeportanoverallimpression
of amanmadénanimateobjectratherthanprovideamoredetailedevel categorization.At shortSQAs (27ms
and40ms),recognitionof all levelsof this hierarchyis poor. With longerpresentatiotimes(from SQA 53ms
on), recognitionimproves, preferentiallyfor the mostsuperordinatelevel of ‘manmadenanimateobject’
(signi cantly greaterthan structureandroad/bridgefor SQAs 53ms—500ms.One-Way ANOVA: 13:13 <
t(7) < 40:5578 p < 0:05. exceptat 80ms,vs. road/bridgeg(One-Way ANOVA: t(7) = 1:24, p = 0:30) and
at500msys. road/bridggOne-WWay ANOVA: t(7) = 4:35,p = 0:08). Thetrendis replicatedn thehierarchy
of structurerecognition(Fig. 7.11(d)). In this plot, we obsene thatthereis very cleargradationin terms
of perceptionaccurag amongbuildings, distinctive architecturalstyles (e.g., Gothic building, triangular
roof, etc.) andspeci c buildings (e.g., Capitol hill, GoldenGate,etc.). As with Fig. 7.11(b),accurag is
poorfor all levelsat SOA 27ms. With increasingpresentatiortime, the moregeneralattribute of “building'
is betterdiscernedthan ner level discriminations. From 40msto 80ms, “building' evaluationscoresare
signi cantly greaterthanthosefor the nest level of descriptve resolution’speci ¢ building' (One-Way
ANOVA: 9:82< t(8) < 2302, p < 0:05). Fortheearlierpartof thesameanterval (53msand67ms),building
perceptions alsosuperiorto theintermediatdevel attribute of “distinctive architecturafeatures'(One-Way
ANOVA: 10:12 < t(8) < 2573, p < 0:05). Lessof anoverall trendis seenin naturalinanimateobjects,
largely dueto the high noiselevel of the plot (Fig. 7.11(c)). It seemghat differentlevels of cateyorization
occurmoreor lessatsimilar times.

Our resultson object hierarchiesand the changeof perceptuabccurag over increasingSQAs are not

necessarilyin con ict with the ndings of Rosch[117]. In her study the goalis to determinethe level of
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catgyorical representatiorthat is most “informative' and usefulto identify and distinguishan object. An
unspolenassumptions thatthis categyorizationis achiezed giventhe full amountof perceptualnformation.
In our setup,however, subjectsdo not have unlimited accesgo the images. They have to make a decision
giventhe perceptualimitation dueto the particularexposurelength of theimage. We nd that underthis
setting,coarselevel objectcatayorizationis in generalmoreaccuratehan ner level ones.As information
becomesmore and more available (i.e., longer SQA), this differencebecomesmaller Wheneer thereis
enoughinformation,subjectsvould attemptto make a ner level catgyorization.

We adopteda similar strategyy in examiningthe evolution of scene-relategerceptionsasrepresenteth
Fig. 7.12. Fig. 7.12(a)shaws, as a function of presentatiortimes, the accurag scoresof “indoor scenes'
andthreedifferent basic-level' indoor ervironments: householdooms' (e.g., livingroom, bedroometc),
“of ce/classroom'and dining/restauran{142]. Unlikethehierarchicaperceptiorof objects differentlevels
of indoorsceneslonotexhibit cleardiscrepanciem recognitionfrequeny andaccurag atany SQA. Curves,
representingheaccurag andfrequeng of indoor; householdooms,includingliving rooms,bedroomsand
dining rooms;of ces; andclassroomsseemto overlapandare statisticallyequivalent(One-Way ANOVA:
0:06 < t < 5:04, p > 0:05). The accurag scoresfor storeshav a minor but signi cant deviation from
the indoor curve at a few SQAs (One-Way ANOVA at 27 and 53 ms, for example68:45t(8) < 111:70,
p < 0:05). However, only 3 imagesn our datasetorrespondo storeervironments.This smallsamplemay
not berepresentatie. Overall, it seemghat oncesubjectdecidedthatanimagewasanindoor scenethey
hadalsodeterminedvhattypeof scendt was.

Fig. 7.12(b)shaws the evaluationresultsfor differentlevels of naturaloutdoorscenegnaturaloutdoor
scene,eld, beachandwater). Thecoarsestevel of thehierarchy “outdoorscene,hasa clearadvantageover
all otherlevelsfrom the shortestSQA (27ms)till about500ms(One-Way ANOVA: 5:96 < t(8) < 18345,
p < 0:05) exceptat 80ms: outdoornaturalt(8) = 3:13, p = 0:11watert(8) = 2:71, p = 0:14). Outdoor
sceneganbe thenfurtheridenti ed asa “naturaloutdoor' scene.Analogousto the indoor scenarioonce
subjectshave classi ed animageasa naturaloutdoorscenethey arecapableof furtheridentifying its basic-
level cateyory. Thereis no statisticaldifferenceamongthe evaluationscoredor naturaloutdoorandmary of
its subordinatecateyories,suchas eld, mountainsandwater The onenotableexceptionis the entry-level
scenebeacHh, whichis signi cantly loweratall SQAs until 107ms(One-Way ANOVA < t(8) <, p> 0:05).

A commensuratbierarchicaltrendis obsenedin manmadeoutdoorsceneqFig. 7.12(c)). Again, here
the most abstractlevel attribute (outdoorscene)is more accuratelyperceved than the basic-lerel scenes
from SQA 27mson (One-Way ANOVA for mostattributesat all SOAs 4:16 < t(8) < 12894, p < 0:05.
except industrial’ at SQA 80and1070:64 < t(8) < 1:25 p > 0:05; and skyline' at SQA 27 and53ms
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0:47 < 1(8) < 4:16, p > 0:05). Buttheperceptuahccurag scoref manmadeutdoorsceneprbancenters,
skylines,industrialervironmentsandothermanmad@utdoorenvironmentsareessentiallyindistinguishable.
A few instance®f signi cant but smalldifferencesverenotedbetweemmanmadeutdoorandindustrial,and
betweermanmadeutdoorand othermanmadescenegfor example,One-Way ANOVA for othermanmade
t(8) = 2741, p < 0:001). Thesecataoriescomprisedimagesof constructionsites, parking lots, and
swimmingpools;suchscenedave not beenmappedout in termsof their taxonomyandcould concevably
bespeci ¢ subordinateatherthanbasiclevel catgyories. This mayin partaccountor these ndings.

Tversky and Hemenvay have suggested taxonomyof scenessimilar to that of objects[142]. Their
studyfollows a similar line of agumentsasRosch[117]. Our resultsshawv, however, that sceneperception
differsfrom objectperception While objectrecognitionrevealssomehierarchicaktructure pnly the overall
catgyorizationof “outdoor'environmentseemgo needessinformationthanrecognitionof othersceneypes.
In general superordinatelevel scenecategories(e.g.,indoor, manmadeutdoor naturaloutdoor)seemgo
requirethe sameamountof informationin recognitionasthe basic-level scenege.g., eld, beach,skyline,

urbancentersetc.).

7.5 Experiment V: Object and ScenePerception: Are They Corre-

lated?

Intuitively, much of the meaningof a sceneis de ned by the objectsthat comprisethe scene.Biederman
hasshown that recognitionof objectsis impairedwhenembeddedn jumbled scenegatherthan coherent
sceneq8]. On the other hand,recentcomputationalwork hassuggestedhat global featuressuchasthe
spatialfrequencie®f theimagesareoftensufcient for catgyorizingdifferentervironmentswithout explicit
recognitionof the objects[138]. So arethe objectsin the sceneperceved rst? Or is the scenecontext
graspedndependentlyand perhapsprior to recognizingthe objects?How arethe two perceptionselated?
Suchquestionave beenopenfor debategor morethantwo decade$46,51,60].

Supportedoy studiesof sceneconsisteng andobjectdetection the perceptualschemamodelproposes
thatexpectationgerivedfrom knowledgeaboutthe compositionof a scenetypeinteractwith the perceptual
analysisof objectsin the scene[9, 13,85,98]. This view suggestghat scenecontext information can be
processe@ndaccesse@arly enoughto in uence recognitionof objectscontainedn scenegveninhibiting
recognitionof inconsistenbneg[11].

Theprimingmode] ontheotherhand proposeshatthelocusof thecontetual effectis atthestagenvhena

structuraldescriptiorof anobjectis matchedagainstong-termmemoryrepresentation,44]. Regardles®f
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themechanismboththe priming modelandthe perceptuaschemanodelclaim thatscenecontext facilitates
consistenbbjectsmoresothaninconsistenbnes.Thesetheoriespredictthatwe shouldobseneacorrelation
of objectidenti cation performancevith scenecontext catetgorizatiorperformance.

In contrasta third theorycalledthe functionalisolation modelproposeghatobjectidenti cation is iso-
lated from expectationsderived from sceneknowledge[60]. It predictsthat experimentsexamining the
perceptuabnalysisof objectsshould nd no systematiaelationbetweenobjectand scenerecognitionper
formancg60].

In this experiment,we do not attemptto resole the debatebetweenthesemodelsdirectly. Instead,
we look at the correlationbetweensubjects'perceptionsof differentlevels of object catgyorizationwith
scenessthe presentatiortime changeslf sceneandobjectperceptiorfollow from unrelatedanddisparate
mechanismasthefunctionalisolationmodelsuggestdittle correlationbetweerthetwo shouldbeobsened
regardlesof the presentatiotime. Corverselyif they sharecomputationatesource®r facilitateeachother
in someway, we expecta correlationbetweerthe perceptiorof objectsandscenesFurthermoreif thereis a
correlationbetweerobjectandscenewe would like to know how this correlationis affectedby the amount
of availableinformation—inotherwords,how differentlevelsof objectcateyorizationrelateto overall scene

perception.

7.5.1 Method

For eachSQA, we wereinterestedn the correlationbetweerperceptiorof the overall scenecontext andthat
of thevariouslevelsof objectcateyories(e.g.,animateobjects,animals Jargemammalsetc.). If for example
we wantedto look at the correlationbetweeroverall sceneperceptiorandoverall objectperceptiorat SOA
40ms,we foundtheevaluationscoredor thesetwo attributesfor everyimageatthis SOA. We thenperformed
astraightforvardcorrelationbetweerthetwo setsof scoredor all images.Thesameprocessanberepeated

for ary pair of attributes.

7.5.2 Resultsand Discussion

We show therelationshipbetweenobjectlevel informationand scenelevel informationin Fig. 7.13. Each
of the 8 panelsin Fig. 7.13is a scatterplot of the evaluationscoresfor thesetwo attributes. Let us take
Fig. 7.13(a)asan example,wherewe showv the objectandscenerecognitionat SOA 40ms. Eachdot on the
scattermplot represent®neimage. If morethanoneimagefalls on the samecoordinate the size of the dot
increasedinearly with the numberof images.Fig. 7.13(a)-(d)usesthe sceneattribute asa benchmark. The

reddotsrepresentheimageswith thetop 20%of evaluationscoresor sceneatthebaselinecondition(SQA
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500ms). The greendotsarethe imageswith the lowest20% of evaluationscoresfor sceneat the baseline
condition. The black dotsrepresenthe remainingimages. For Fig. 7.13(a)-(d),we areinterestedn these
images'evaluationscoresfor the sceneattribute (x-axis) aswell asobjectattribute (y-axis) at SQA 40ms,
67ms,107msand500ms.On eachscattemplot, we alsoshaw the correlationcoefcient computedacrossall
images.From40msto 107ms thereis aweakcorrelationbetweerthe sceneattribute andthe objectattribute
( (40ms) = 0:38, (80ms) = 0:26, (107ms) = 0:29), suggestinghat subjectswill perceve objectsa

little moreaccuratelywhenthey perceve scenesnoreaccurately At SQA 500ms this correlationbecomes



71

nearly0. But both sceneand objectscoresclusternearthe upperright cornerof the plot, indicatingvery
high accurag of perceptiorfor both of theseattributes.Similar to Fig. 7.13(a)-(d) Fig. 7.13(e)-(h)shav the
relationshipbetweersceneandobjectrecognitionusingthe objectattribute asa benchmark. In this casethe
red dotsareimagesthat have the top 20% of evaluationscoresfor objectunderthe baselinecondition,and
the greendotsarethoseimageswith the lowest20% of evaluationscores.Sincecorrelationdoesnotre ect
causality we shouldobtainthe samecorrelationscorewhetherthe objector the sceneattribute is usedasa
benchmark. Our datain Fig. 7.13(e)-(h)shav the samecorrelationscoresaseachof their counterparplots
in Fig. 7.13(a)-(d).

We canfurther explore the differentrelationshipsbetweensceneperceptiorandvariouslevel objectat-
tributesat differentpresentationimes (Fig. 7.14). The x-axisis the log scaleof SQA times,rangingfrom
40msto 500ms. Most of the objectattributesreceve very low evaluationscoresat 27ms,hencethe omis-
sion. They-axisis the correlationscorebetweenra given attribute (e.g.,inanimateobject)andoverall scene
perception.

Comparedo objects,the inanimateobject attribute possessea much strongercorrelationwith scene
perception(averagecorrelationscorebetweend0msto 107msis 0:55 for inanimateobject, and 0:30 for
overallobject,p < 10e-3). Thisrelatively strongercorrelationbetweersceneandinanimateobjectperception
continuesas we breakit down to manmadenanimateobjectsand naturalinanimateobjects. They each
have an averagecorrelationscoreof 0:39 (p  0:01) and0:32(p  0:04), respectiely (for SQA 40msto
107ms).In Fig. 7.14,we alsoshav two manmadebjects vehicleandbuilding. Interestinglywhile building
is very similar to manmadeénanimateobjectin termsof correlationbetweerits recognitionaccurag with
sceneperceptionaveragecorrelationscoreof 0:31 for SQA 40msto 107ms,p  0:02, exceptSQA 107ms,
p = 0:09), vehicleattribute seemgo have a nearO correlationwith the scene(averagecorrelationscoreof
0:01for SQA 40msto 107ms,0:40 p 0:92).

Curiously the predominantlystrongcorrelationbetweennanimateobjectperceptionand scenepercep-
tion doesnot hold for thoseattributesinvolving animateobjects. At the coarsestevel, animate object
recognitionhasan averagecorrelationscoreof 0:15 with sceneperception(for SOA 40msto 107ms,
0:02 p 0:77). At variouslevels of animateobjectrecognition,the correlationswith scenepercep-
tion oscillatebetweemo correlation(e.g.,people,anaveragecorrelationof  0:08 for SQA 40msto 107ms,
0:25 p 0:51) andavery weakcorrelation(e.g. animalandmammal,both with averagecorrelationof
0:12for SQA 40msto 107ms0:12 p 0:92).

Our obsenationsdo not suggestcausality We merely indicatethe correlationor lack of correlation

betweensceneperceptionand variouslevels of object perception. Overall we seea weak but signi cant
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correlationbetweersceneandobjectperception(Fig. 7.13)at andup to presentatioimesof 107ms. This
correlationmight suggestseveral possibilities: i) objectand sceneperceptionanight shareat leastsome
resourcesn processing;and/orii) object(or scene)perceptionfacilitate processingof scene(or object)
perception Both the schemanodelandthe priming modelwould supportthe presenbbsenation.

Whatis curiousis thatthis correlationis not evenly sharedby inanimateandanimateobjects(plus ve-
hicles). Fig. 7.14 demonstrateslearly that thereis a qualitatively differentcorrelatve relation between
inanimateobjectsand scenesversusanimateobjectsand scenes.The generaltrendis that recognitionof
inanimateobjectsis dramaticallymorecorrelatedwith the perceptionof scenecontext thanis perceptiornof
animateobjects. Given this obsenation, one possiblityis that familiarity may accountfor the diminished
facilitation betweeranimateobjectsandoverall sceneperceptionIf we areinnatelymorefamiliar with ani-
mals,especiallyhuman gures, the perceptiorof theseobjectsmaydependesson thefacilitationfrom other
factors.Interestingly vehicleis amongthe leastcorrelatedobjectcategorieswith scenesGivenour modern
lifestyle, subjectsarein generalvery familiar with variouskinds of vehiclesin the picturesin our database.
Anotherhighly speculatie hypothesisvould bethatthereis lessmutualfacilitationbetweerthe recognition
of mobile objects(suchasanimals,peopleand vehicles)and scenes.If prior knowledgeof theseobjects
informsusthatthey arelikely to move from sceneto scenetheremight be lessexpectationfor recognizing
themin ary particularscene.Admittedly, muchstill needsto be doneto fully understandhis unexpected

asymmetnbetweerinanimateandanimateobjects.
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Chapter 8

Summary

We have shawvn a novel methodto studysceneperception.We collectedfree recallresponsefrom subjects
whowereinstructedo view 90differentreal-world scenesinderdifferentpresentatiotimes. An independent
groupof subjectghenevaluatedthe free recallresponsesln this chaptey we summarizeseveralinteresting

ndings from this novel approach.

8.1 The Gist of Gist

The term “gist' haslong beenusedto refer generallyto the overall crux or meaningof something.In the
world of humanvision, the term “gist' hasfrequentlybeenappliedto sceneunderstandingyet the central
guestiorremainsasto whatactuallyconstituteshis scenggist. We would lik e to suggesthattheterm"gist'

is usedto denotethe perceved contentsof a scenegiven a certainamountof viewing time. A sensibleand
intuitive proposalould be a singleglanceor xation. Many studieshave shavn muchcanbe seenwithin a
singleglanceof asceng8,13,52,77,135,145]. Theseexperimentshowever, areall conductedvith some
form of forcedmultiple choices.In Experimentl, we have collecteda list of sceneattributesperceved by
subjectswithin a single glanceof real-world scenes.This list includesmostcommonscenetypes, supef

ordinatecateyoriesof objectsand a variety of basic cateyoriesof objects,aswell as social actvities and
humaninteractions We suggesthattheseareall partof thescenegist. It is alsoimportantto point outthat
in ourlist of scenaattributes we donotincludeary sensoryevel information,suchasshapesndillumination
contrast.Experimentll shows thatsuchinformationcanclearly be accessedithin a singleglance.In fact,
other semanticallymore meaningfulattributes quickly predominateover sensorydescriptionin subjects'
reports. Sinceour assumptiorimits the de nition of gist within semanticallyneaningfulattributes,we do
notincludethe sensoryandshapenformation.

Informationcontainedn the “gist' of areal-world sceneseemsdo enjoy atremendougrivilegein visual
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processingTemporally this privilegeis re ected throughthe ultra-rapidspeedwith which the brain cateyo-
rizesnaturalsceneg$135]. Spatially this complex scenecatayorizationis not affectedwhenspatialattention
is deployed elsevhere[77]. Our resultsin Experimentl further suggesthata rich collectionof perceptual
attributesis represente@ndrisesto consciousmemorywithin a single xation. Beyond a list of objects
andsceneervironment[156], more cognitive appraisalof the event—suchassocialinteractionand sports
events—carbe recognizedeffortlessly It would be highly interestingfor future studiesto investigatethe

neuralcorrelateghatareresponsibldor suchsuperhbability of real-world scenegperception.

8.2 ShapesObjectsand Scenes

A key questionin perceptionis the neuronaltime coursea given perceptuataskfollows, in otherwords,
throughwhatstagess a stimulusprocesseéh orderto manifestassemanticallyneaningfulconcepts.

The ventral visual pathway, linking the primary visual cortex throughInferior Temporalcortex to the
prefrontalcortex, is generallyknown asthe “what' visual pathway, asit is responsibldor objectrecognition
throughintegrating features[28, 70,89,143]. Given the hierarchicalstructureof the visual system,mary
have proposeda modelin which elementaryfeaturesof objectsare rst processe@ndthenboundtogether
for objectrecognition[140,157]. An ongoingdebatein this picture is whethershapesegmentationis a
necessarjntermediatestepbetweenow-level featureprocessingandhigh-level objectrecognition[25, 90,
122]. Recently Grill-Spectorand Kanwisherhave found that cateyorizationof superordinateto basiclevel
objects(e.g.,vehicle,musicalinstrument bird, car, dog, etc.) is asaccurateandfastasthe meredetection
of the object[52]. Their conclusionis basedon anexperimentin which subjectsareaslkedto eitherchoose
oneof the possibleobjectcateyoriesor respondsimply if anobjectis detected Comparingtheir non-object
distractorsit is obviousthatthelow-levelimagestatisticoof thedistractorgmostlypixel noise)aredrastically
differentfrom theimagescontainingobjects(all containinga centralblob). Giventhis expectation subjects
arelikely to heightentheir searchfor a centrallylocatedblob whendetectingobjects. In our experiments,
subjectsviewed freely a naturally clutteredreal-world scene.Becauseour scenesarehighly variable,they
cannotexpecta centrallylocatedblob whenlooking at animage. In Experimentlll, we found that shape
relatedinformationhasa slight advantageover semanticallymeaningfulinformationof a scene Our dataset
shavslessinformationseemseededor lower-level shapeecognitioncomparedo higherlevel semantically
meaningfulrecognition. This temporalconstraintimplicatesa lower, featurelevel processingn facilitation
of theinitial stagef complex scenerecognition.

Another major questionregardsobject recognitionin clutteredscenes. Several psychologicalmodels

have beenproposedo suggestifferentmechanism®f sceneandobjectperception6, 8,9,44,60,84,98].
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informationcansene asfacilitating mediafor moreaccurateobjectrecognition[8, 9]. Similar to this view,
Friedmanet al. proposesn the priming modelthat a pivotal object, servingasthe locus of the context,
becomesa seedin the long term memoryof sceneg6, 44,98]. Oppositeto thesetwo views, Henderson
and colleaguesarguethat objectidenti cation is independenfrom sceneknowledge([60,84]. This model
predictsthat recognitionof objectsin a sceneandthe scenecontext itself shouldhave little effect on each
other In ExperimentV, we show very weakevidencethatobjectandscenerecognitionmight be correlated
wheninformationis scarce.But this correlationis not uniformly distributedamongdifferentlevel of object
catgories. Resultsin ExperimentV tells us thatthereis a strongercorrelationbetweenvariouslevels of
inanimateobjectsand scenesomparedo animateobjectsand scenes.We will comebackto this pointin
moredetailin thenext section.

In generalthe questionof the processingtageof clutteredsceness still largely unsohed. Our experi-
mentsaddevidencethattheremight exist a mutualfacilitation betweeroverall scenerecognitionandobject
recognition.In addition,low-level shapgrocessingeemdo requirelessinformationandpossiblytime com-
paredto morehigh-level, semanticallyneaningfulcategorizationsof objectsandscenesTraditionally, scene
comprehensiotendsto be viewed in a serialfashion—inthe orderof sensoryinformation, objectfeatures,
objects,andthe overall scene.Many new studieshave now suggestedhat contraryto this view, high-level
perceptionof naturalscenesnight be a highly ef cient andparallelprocesd52,77,120,135]. It would be
interestingto examinean alternatve hypothesisin which mostof the recognitionstagesoccurin parallel
andconstantlyfeedbackinformationto eachotherto enhancehe overall recognitionof variouscomponents
of the scene.In this possiblescenariogarly sensoryinformationextractionstagesstill precedemostof the
semantiaecognitionstagesBut assoonasthereis ary informationfor any possiblelevel(s) of recognition,

our brainstake advantageof this.

8.3 Two Puzzling Asymmetries?

In Experimentll, we obsene a strongpreferencdor outdoorscenesver indoor scenesvhenvisualinfor-
mationis scarce. Subjectsseemto assumeby default that an ambiguousmageis morelikely to be out-
doorthanindoor. This effect diminishesasthe presentatiortime lengthens.At 500ms,outdoorandindoor
scenecateyorizationbecomesiearlyperfect. Our resultsfurther shav thatthe biasonly appearsat the most
superordinatelevel. Whenindoor scenesare comparedvith manmadeor naturaloutdoorscenesthe bias
disappearsFurthermoreneithersegmentatiomor objectrecognitionseemin uenced by this biasbetween
thesetwo catagyoriesof scenesSowhatis it thatcauseshis bias?Recentcomputationamodelshave shavn

thatusingglobal andlocal cuessuchasedgeandcolor information, it is possibleto separatenostoutdoor
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andindoorscene435,132,138,144]. This stronglysuggestshatwhateser feature(s)enableghis discrimi-
nationis(are)eithermissingor inaccessiblevheninformationis scarce.More studiesshouldbe performed
to pinpointexactly whatit is. This might be a very usefulentry point to investigatehe featuresneededor
rapidscenecategorization.

Anothercuriousasymmetrywe obsere in ExperimentV is the strongercorrelationbetweennanimate
object recognitionand overall scenecontect versusthat betweenanimateobject recognitionand overall
scenecontext. One possibleexplanationof this phenomenoris the effect of familiarity. It hasbeenlong
known that there might be specialneuronalresourcesiesignatedor humanpartssuchas facesand bod-
ies[24,30,31,67,116]. We have alsofoundrecentlythatfamiliarity might modulatethe level of attentional
requirementn objectrecognitiontasks[36]. If thereis indeedaninnatepreferencdor animateobjectssuch
asanimalsandhumanstheremight alsoexist ef cient computationamechanismgor the visual systemto
procesghis informationrapidly andaccurately Comparedo otherobjectcategorization,it might therefore
be lessdependenbn possiblemutualfacilitation mechanismsvith scenegist perception.As this is largely

speculationmoreexperimentaeedto be doneto addresshesehypotheseandaccountfor thisasymmetry
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Chapter 9

Intr oduction

9.1 Intr oduction and Moti vation

Recognitionis oneof themostusefulfunctionsof our visualsystem We recognizematerialymarble,orange
peel),surfacepropertieqrough,cold), objects(my car, a willow) andscenega thicket of trees,my kitchen)
at a glanceandwithout touchingthem. We recognizeboth individuals (my mother my of ce), aswell as
categories(a 1960's hairdo,a frog). By thetime we aresix yearsold we recognizemorethan10* cateyories
of objects[10] and keeplearningmore throughoutour life. As we learn, we organizeboth objectsand
catgyoriesinto usefulandinformative taxonomiesand relatethemto language.Replicatingtheseabilities
in the machineghat surroundus would profoundly affect the practicalaspectof our lives, mostly for the
better Certainly this is the mostexciting anddif cult puzzlethatfacescomputationavision scientistsand
engineersn this decade.

A rich paletteof diverseideashasbeenproposediuringthe pastfew years,especiallyon the problemof
recognizingobjectsandobjectcateyories(seeour brief review of the literaturebelow). Thereis broadcon-
sensu®f thefactthatmodelsneedto capturethe greatdiversityof formsandappearancesf the objectsthat
surroundus. This meansmodelscontaininghundredssometimeghousandsof parameterslt is common
knowledgein statisticsthat estimatinga given numberof parametersequiresa mary-fold larger numberof
training examples—as consequencdearningone objectcateyory requiresa batchprocessnvolving thou-
sandsor tensof thousand®sf trainingexampleq39,125,148,153.

Unfortunatelyit is oftendif cult andexpensveto acquirelargesetsof trainingexamples.Compounding
this problem,mostalgorithmsfor learningcategoriesrequirethateachtrainingexemplarbealigned(typically
by hand)with a prototype.This becomegarticularlyproblematiovhen ducial pointsarenotreadilyiden-
tiable (canwe nd anaturalalignmentfor imagesof octopus,of cappuccinanachinespf bonsaitrees?).

Thisis alarge,practicalobstacleontheway to learningthousandsf objectcatayories.It would befar better
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if we managedo nd waysto train new cateyorieswith few examples.

Additionally, learningshould be incrementalratherthan batch. Imaginea machineplacedin a new
ervironment.It would be usefulfor thatmachineto learna new objectclassmaybeonly tentatvely, assoon
asit encounters few exemplarsratherthanwaiting, perhapsn vain, for hundredf examplesto show up.
Onlinelearningof objectcategyorieshasnotyet beenapproachedéh theliterature.

Is therearny hope?We believe so. A youngchild learnsmary cateyoriesperday[10]. It seemsaunlikely
thatthiswould requirea largesetof trainingimagesfor eachcategory aswell asmuchsupervisionInformal
obsenationalsotells usthatfor anadult,learninga new category is bothfastandeasy sometimesequiring
very few training examples:given 2 or 3 imagesof an animalyou have never seenbefore,later on you can
usuallyrecognizewith somereliability otherexemplarsof the samespecies.

We hypothesizethat, oncea few catgyorieshave beenlearntthe hard way, someinformation may be
abstractedrom that procesgo make learningfurther categoriesmore ef cient. In otherwords, we should
be ableto make useof the knowledgethathasbeengainedsofar ratherthanstartingfrom scratcheachtime
we learna new category. We pursueherethis hypothesidn a Bayesiarsetting: we extract “generalknowl-
edge”from previously learntcategoriesandrepresentt in the form of a prior probability densityfunction
in the spaceof modelparametersGivenatraining set,no matterhow small, we updatethis knowledgeand
producea posteriordensity which is thenusedfor detection/recognitionrOur experimentshaow thatthisis a
productive approachandthatindeedsomeusefulinformationaboutcatejoriesmay be obtainedfrom a few,

evenone,trainingexample.

9.2 Literatur e Review

In orderto placeourwork in context we make afew obsenationsandmentiontherelevantliteratureon object
recognition.

Researcherm this areafacethreemain challenges Representationhow shouldwe modelobjectsand
catgyories?Learning: how may we acquiresuchmodels?Detection/recognitiongiven a new image,how
do we detectthe presencef a known object/catgory amongstlutter, anddespiteocclusion,viewpoint and
lighting changes? he greatrichnessanddiversity of methodsandideasin theliteratureindicatesthatthese
issuesarefar from beingsettled.However, thereis broadconsensusn a few signi cant points. Firstof all,
the shapeandappearancef the objectsthat surroundus arecomplex anddiverse thereforemodelsshould
berich (lots of parametersheterogeneoudescriptors). Second the appearancef objectswithin a given
catggory maybehighly variable thereforemodelsshouldbe e xible (allow for someslopin the parameters).

Third, in orderto handleintra-classvariability and occlusion,modelsshouldbe composedf features,or
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parts,which are not requiredto be detectedn all instancesthe mutual position of thesepartsconstitutes
furthermodelinformation.Fourth,it is dif cult, if notimpossibleto modelclassvariability usingprincipled
a-priori techniquesit is bestto learnthe modelsfrom training examples. Fifth, computationakf ciency
mustbe keptin mind.

Work on recognitionmay be dividedinto two groups:recognitionof individual objects[42,53,79,119
andrecognitionof cateyories[4, 19,39,72,75,121,124,125,131,148,153]. Individual objectsare easier
to handle,thereforemore progresshasbheenmadeon ef cient recognition[79], lighting-invariant[79, 86]
andviewpoint-invariant[63, 119] representationandrecognition. Classesare more general requiremore
compl representationgndaremoredif cult to learn; mostwork hasthereforefocusedon modelingand
learning.Viewpointandlighting have notbeentreatedexplicitly (anexceptionis [152]), but rathertreatedas
anadditionalsourceof in-classvariability. With the exceptionof work on handwritterdigits[72], researchers
have only dealtwith detection(a given category is present/absentatherthanrecognition(recognizingone
out of mary possiblecateyories).

We are interestedin the problemof learningand recognitionof cateyories (as opposedto individual
objects).While theliteratureproposedearningmethodghatrequirebatchprocessingf thousandsf training
examples.the presentwork focuseson the previously unexploredproblemof ef cient learning: how could
we estimatemodelsof categoriesfrom very few, onein thelimit, trainingexamples.Mostresearcherbave
focusedon special-interestategories: humanfaces[125,148], pedestrian$149], hand-writtendigits [72]
andautomobiles[39, 125]. Insteadwe wish to developtechniqueghatapply equallywell to any category
thata humanwould readilyrecognize With this objective in mind, we carriedout our experimenton alarge
numberof cateyories.

Anotheraspecthatwe wish to emphasizés the ability to learnwith minimal supervision.We preferto
develop methodghatdo not rely on hand-alignmenbf the training examples for the reasonsnentionedn
theintroduction. For this reasonwe usestatisticalmodelsandprobabilisticdetectiontechniquegleveloped

by [19,39,75,153], whichwill bereviewedin Chapterl0.2.

9.3 Contribution

We show in this studythatby utilizing prior informationof the objectworld, our algorithmis ableto learn
a completelynew objectcategory given very few training examples. This resultis comparedavorably to
today's state-of-the-artomputewision algorithmsin objectrecognition.We introduceanadvancedmachine
learningmethod variationalBayesiarmethod.Our algorithmis testedon a large objectcategory databasef

101objectcateyories.
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Chapter 10

A BayesianModel

10.1 Overall BayesianFramework

Let's saythatwe arelooking for a amingo bird in aqueryimagethatis presentedo us. To decidewhether
thereis a amingo bird or not, we comparethe probabilityof a amingo beingpresenin theimagewith the
probability of only backgroundtlutter beingpresenin theimage. The decisionis simple: if the probability
for a amingo presents higher, we decidethis imagecontainsaninstanceof a amingo. If it is the other
way around,we decidethereis no amingo. To computethe probability of a amingo beingpresentn an
image,we needa modelof a amingo, which we learnfrom a setof trainingimagescontainingexamplesof
amingos. Thenwe could comparethis probability with the backgroundnodel,andin turn make our nal
decision.

We cannow translatehe above eventsinto a probabilisticframewnork. Let | bethe queryimage,which
may containan exampleof the foregroundclassOys 4, say amingo. Thealternatve is thatit containsback-
groundclutterbelongingto agenericbackgroundlassOyg. | 1 is thesetof trainingimageshatwe have seen
while learningthe amingo class.Now thedecisionof whetherthis queryimagel hasa amingo or notcan

bewrittenin the following way:

= P(Orgil i10)
R DOegl 1) (10.1)
- p(l jl +; Of g) p(Os g) 102)

p(l jI t; Ong) P(Ong)

If R, theratio of the classposteriorsjs greaterthansomethreshold,T, thenwe decidethe imagecontains
aninstanceof a amingo. If it is lessthanT thenthe imagedoesnot containa amingo. Note thatin
Eq.10.2,we useBayesRuleto expandEq. 10.1,giving usa ratio of likelihoodsanda ratio of priors on the

objectclasses.We cannow furtherexpandEq. 10.2 by introducinga parametrionodelfor the foreground
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andbackgroundtlass whoseparameterare and g, respectrely:

R .
D P(1j ;Org)p( jl;014)d
F&slj bg> Obg)P( bl t; Obg) d bg
p(lj )p( jl;O1g) d
= R—— . 10.4
P(I'J bg)P( bgjl t; Obg) d bg (104)

R /

(10.3)

P(Oig)
P(Obg) ’

decisionthreshold.In addition,we have simpli ed p(l j ;Osg) intop(l j ) for thesale of simplicity. Sim-

The ratio of priors, is a constantthusit is omittedin Eq. 10.3sinceit may be incorporatedn the
ilarly, p(l tj bg; Ong) is abbreviatedto p(l¢j ng). Thelearningprocedureanvolvesestimatingp( jl ¢; Org),
the distribution of model parametergiventhe trainingimages. Oncethis is known, we canevaluateR by

integratingoutover . We now look atthe particularobjectmodelused.

10.2 The Object Category Model

Our choserrepresentatioiis a Constellatiormodel[20,39,153]. Givena queryimage,l , we nd asetof
N interestingregionsin theimage. FromtheseN regions,we obtaintwo variables:X —thelocationsof the
regionsandA—theappearancesf theregions. Section14.2givesdetailsof how X andA areobtained.It is
X andA thatwe now model,l nolongerbeinguseddirectly. Similarly, in the caseof the trainingimages

| ¢, we obtainX; andA;. ThusEq. 10.3becomes:

R . .
p  POX5A ;O1g)p( jXi;At;O1g) d
F&QX;AJ- bgs Obg)P( bgiXt; At; Opbg) d by
o PXGA] )p( Xt At Org) d

= _ . 10.6
POX;A] bg)P( bgiXt; At; Ong) d bg (10.6)

(10.5)

We now examinelikelihoodsp(X; Aj ) andp(X;Aj bg), wherein the generalkcase we have a mixture of

constellatiormodelswith components:

X X X X
POX; A ) = pP(X;Ahywj ) = p(wj ) P(AjPz; Q;P(XJPZ; ﬁ;p(hj w) (10.7)
W=l h2H w=1 Appear ance Shape
where =f ; #: Xgandp(hj ) isaconstantNotethattheshapeX , andappearanced, areassumed

to be independent.Typically, a constellationmodelwould have P (3  7) diagnosticfeatures,or parts.
But thereareN (up to 100) interestpoints, or candidatefeaturesin the image. We thereforeintroducean
indexing variableh, whichwe call ahypothesish is avectorof lengthP, whereeachentryis betweerl and

N, which allocatesa particularfeatureto a modelpart. Any unallocatedeaturesareassumedo belongto
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the backgroundf theimage. The setof all hypothese$l consistsof all valid allocationsof featureso the
parts;consequentlyH "j, the total numberof hypothese#n imagen is O(N P). For simplicity, we assume
the backgroundnodelis x edandhasa single parametewvalue, g, thustheintegral in the denominator
of Eq. 10.6collapseso p(X; A;j bg). If we believe no objectto be presentthe Opy case)thenonly one
hypothesisexists, hg, the null hypothesiswhereall detectionsare assignedo be background.Hencethe

denominatobecomes:
POX:AG] bg) = P(X;Ahoij bg) = P(ATho; be)P(Xjho; by)P(Noj bg) (10.8)

Sincethis expressions constanfor given X andA, we canuseit to canceltermsin the numeratorof Eq.
10.6.

Themodelencompassableimportantpropertieof anobject: shapeandappearancéyothin aprobabilis-
tic way. This allows the modelto represenboth geometricallyconstrainebjects(wherethe shapedensity
would have a small covariance e.g.,a face)andobjectswith distinctive appearancéut lacking geometric
form (the appearanceéensitiesvould be tight, but the shapedensitywould now be looser e.g.,an animal
principally de ned by its texture suchasa zebra). Note, thatin the modelthe following assumptionsre
made:shapeis independenof appearancefpr shapethe joint covarianceof the parts' positionis modeled,
whilst for appearanceachpartis modeledndependentlyin the experimentseportecherewe useaslightly
simpli ed versionof the modelpresentedn [39] by removing the termsinvolving occlusionandstatisticsof

thefeature nder, sincethesearerelatively unimportantwhenwe only have afew imagesto train from.

10.2.0.1 Appearance

Eachfeatures appearancis representedsa pointin someappearancspacegde nedin Chapterl1.1.1.For

a given mixture componenteachpartp hasa Gaussiardensitywithin this spacewith meanandprecision
parameters Q;W =f ﬁ;w ; ﬁ;! g thatareindependenbf otherparts' densities. The backgroundnodelhas
thesameform, with x edparameters’,;g =f ’Qg; Qgg. Notethat ﬁ;w and Qg arediagonalmatrices Each
featureselectedy the hypothesiss evaluatedunderthe appropriatgoart densitywith featuresnot selected

beingevaluatedunderthebackgroundnodel:

¥ W
PAh; W)= GA)] puwi pw) GAG) by bg) (10.9)
p=1 j=1;j nh
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whereG is the Gaussiardistribution andj representfeaturesnot assignedo a partin hypothesish. If no

objectis presenthenall featuresaremodeledby the background:
- A W . . A A
P(Aiho; bg) =  GAG)i by bg) (10.10)
j=1

Note thatp(Aj ho; 1g) is a constantfor a givenimage,thereforeit canbe broughtinsidethe integral and
summationover all hypothesesn Eq. 10.6 and 10.7. This cancelswith all other backgrounchypotheses

exceptthetrueforegroundhypothesis in Eq.10.9:

pAh; ) _ Y GAM)I fui pw)
PATho; Bg)  pey GA(NR)I by )

(10.11)

10.2.0.2 Shape

The shapeof eachconstellatiormodelcomponents representedly a joint Gaussiardensityof thelocations
of featureswithin a hypothesisafterthey have beentransformednto a scaleandtranslation-iwvariantspace.
Translationinvarianceis achieved by usingthe leftmostpart asa landmarkand modelingall partsrelative
to it. Scaleinvarianceis obtainedby taking the scaleof the landmarkfeatureandusingit to normalizethe
relative locationsof the otherparts.We assumainiform densities  * for the positionof the object,where

is theimagearea.Therelative locationof the partsis modeledby a2(P 1) dimensionalGaussianwith a

uniform backgroundnodelfor unallocatedeatures:
p(Xjh; W)= rGX(h)j X; %) NP (10.12)

where f,(v =f; X \),f,g. For the null hypothesisp(Xjho; f,(g) = N which s alsoa constantsowe

cancelwith all otherbackgroundhypothesesxceptthetrueforegroundhypothesis in Eq.10.12:

pXjh; W) _

P 1 COXL X
p(Xiho: &) GX()j wi w) (10.13)

Additionally, to reducethe numberof hypotheseghat mustbe consideredn eachframe, we imposean
orderingconstrainbn eachhypothesisshapesuchthatthex-coordinateof eachpartmuchbemonotonically
increasing. This reducesthe numberof hypotheseghat mustbe consideredoy P! and providesa useful

constrainin thelearningprocess.
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10.2.1 Discussionof model

We make somecommentsoncerninghe model:

1. X(h) 2 R? 2andA(h) 2 R*P thusfork = 10,P = 4, theshapagermhas6+ 21= 27 (meant+ full
covariancematrix) parametersThe appearanceermhas40+ 40 = 80 (mean+ diagonalcovariance

matrix) parameterghusthemodelhas27+ 80= 107 parameterfn total.

2. The total numberof hyperparameterfor k = 10, P = 4is 109, sincem andB arethe samedi-
mensionalityas , butadditionally anda (bothrealnumberskxist for bothshapeandappearance

terms:107+ 2= 109

3. The constellationmodelis a generatre model of the output of an interestregion detectoy not the
imagepixels. Hencethe performanceof the modelis dependenbn the performanceof the detectors

themseles.SeeChapter?? for aninvestigationinto this dependeng

4. In ourrepresentatiorthereis nothingto preventpatchegrom overlappingthatcouldleadto overcount-
ing of the evidencefor the model. However, givenrelatively low numberof featuresperimage,this

shouldnotbeamajorproblem.

5. Theshapanodelpresentedbore usesa joint densityover all parts,thusthe dataassociatiorproblem
hascompleity O(N P). While thisis the mostthoroughapproacto modellingthe locationof parts,
it present& major computationabottleneck.Imposingconditionalindependencby the useof atree-
structuredmodel would reducethe compleity to O(N 2P) in learningand O(N P) in recognition
[37,41]. However, in doing so, otherissuesarisesuchashow the optimal graphstructureshouldbe
chosen.Sincetheseissuesarein themselescomplex andare outsidethe focusof this paper for the

sale of simplicity, we stick with the completerepresentatiorgespiteits drawvbacks.

6. Our modelandrepresentationf shapes suitedto compactobjectsthatdo not have large amountsof
articulation(e.g.,humanbodies).For suchcateyories differentgraphstructuresandcoordinaterames

(i.e.,theanglesbetweerparts)maybemoreappropriate.

7. Ourfeaturerepresentatiois currentlycon nedto texturedimagepatchesAlternative representations,
suchascurve contourswhichmodeltheoutline of theobjectcouldalsobeusedwith little modi cation
to theunderlyingmodel[38,40]. This would allow themodelto handlecateyorieswherethe outline of

the objectis moreimportantthanits interior (e.g.,bottles).

8. Currentlythe backgroundnodelis very simple: a uniform shapedistribution and a single Gaussian

distribution for appearance Their crudenatureis a consequencef the requirementfor ef ciency,
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that the denominatorin Eq. 10.5 mustbe ableto cancelwith the numerator making evaluation of
the likelihood ratio simple. The parametricassumption®f the backgroundmodel were testedby
examining the distribution of thousandf detectionsfrom an assortedcollection of images. Our

obsenationwasthattheseassumptionsverereasonablaccurate.

9. The framework describesobject detection(i.e., object presentor absent),however it can easily be
extendedto localizationby usingthe besthypothesisn eachimage(e.g.,by taking a boundingbox
aroundit). Multiple instancegerimagecanalsobe found by a greedyapproach: nding the best
hypothesis;summingover all hypothesesroundits neighborhoodo give a value of R for a sub-
window of the image;andremoving all featureswithin the sub-windav and repeatinguntil no sub-

windowswith R greaterthana giventhresholdcanbefound.

10. Our modelis formulatedasa mixture of GaussiangEqg.10.7). In practice,we usea single mixture
componentn this paperfor all of the experiments Weberet al. have demonstratethatby increasing
thenumberof mixture componentshemodelis capableof representinglifferentaspect®f theobject

dueto posevariations[152].

10.2.2 Form of the Parameter Posterior

In computingR, we mustevaluatethe integral Rp(X;Aj )p( jXt;A¢;O)d . In Chapterl0.2the form of
p(X;Aj ) wasconsideredWe now look atthe posteriorof , p( jX¢;A¢; O). Beforewe considetow this
densitymight be estimatedits form mustbe decidedupon. Sincethe integral above is typically impossible
to solve analytically we look at variousforms of p( jX;;A¢; O) thatapproximatethe true densitywhilst

makingtheintegral tractable.

10.2.3 Maximum Lik elihood (ML) and Maximum A Posteriori (MAP)

If we assumehatthe modeldistributionp( jX¢; A¢; O) is highly pealed, we could approximatet with a
functionat : ( ). Thisallowstheintegralin Eq. 10.6to collapseto p(X; Aj ), whosefunctional
formis givenby Eq.10.7.

Therearetwo waysof obtaining , illustratedin Fig. 10.1. The simplestoneis Maximum Lik elihood
(ML) estimation[39,153]. Here = M is computedby picking the that givesrise to the highest

likelihoodvalueof thetrainingdata:

= M = argmax p(Xi;Aij ) (10.14)
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1 d(a-a™) d(a,a"*)
pP(Dla)
p(Dia)
pP(Dla)p@)
m
qML q qMAP q
(a) MaximumLikelihood(ML) (b) Maximuma posteriori(MAP)

Figure10.1: Schematicomparisorof ML andMAP methods.

If we hadsomeprior knowledgeabout , we couldalsousethisinformationto helpestimate . Theideais
to weighthelikelihoodof trainingexamplesat by the prior probabilityof —atthatpoint. Thisis calledthe

Maximuma posteriori(MAP) estimation.

= Y%= argmax p(X;Adj )p( ) (10.15)

Theform of p( ) needgo bechosercarefullyto ensurghattheestimatiorprocedures ef cient. In Appendix
A.3, werevisit this equationandgive a moredetailedaccouniof p( ) andmethodgor estimating “A°.

Both ML andMAP assumea very well pealedp( jXi;A¢; O) sothat ( ) is a suitableestimate

of theentiredistribution. But whenthereis a very limited numberof trainingexamplesthe distribution may

notbewell pealed,in which casebothML andMAP arelikely to yield poormodels.

10.2.3.1 Other InferenceMethods

Sampling methods. At the otherextreme,we canusenumericalmethodssuchas Gibbs Sampling[47] or
Markov-ChainMonte-Carlo(MCMC) [48] to give anaccuratesstimateof theintegralin Eq. 10.6,but these
canbe computationallyery expensve. In the constellatiormodel,thedimensionalityof islarge( 100
for a reasonableumberof parts,makingMCMC methodsimpracticalfor our problem. Additionally, the
useof sampling-basedethodss somethingof anart: issuessuchaswhatsamplingregimeto usehave no
simpleanswer Hencethey arelessattractve ascomparedvith methodsgiving a distinctsolution.
Recursive Approximations A variety of variationalapproximationsexist that are recursve in nature
[62]. In suchschemesthe datapointsare processedequentiallywith the (approximatemarginal posterior
p( jXi;At; O) beingupdatedafter eachnew datapoint. The majordrawbackto usingthemis thatthe nal
solutionis dependenbn the orderingof the datapoints. In our problemthe datahasno obvious ordering,

hencesuchmethodswvould complicatethelearningproceduresowe choosenotto adoptthem[33].
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10.2.4 Conjugate Densities

The nal approactis to assumehatp( jX;;A¢; Ot g) hasaspeci ¢ parametridorm, suchthatthe integral

in Eq. 10.5hasaclosed-formsolution. Recallingthe numeratoof Eq. 10.5:

Z
P(X5A] )p( jXt;At;Org) d (10.16)

Ourgoalisto nd aparametridorm of p( jX¢; Ay; Or g) suchthatthelearningof p( ) is feasibleandthe
evaluationof Eq.10.16s tractable This couldbeachievedby takingadwantageof aclassof prior distributions
thatareconjugateto their posteriordistributions. In otherwords,a conjugateprior for a given probabilistic
modelis onefor which the resulting posteriorhasthe samefunctionalform asthe prior. In the caseof
p( jXt; Ag; Ofg), we usea Normal-Wishartdistribution asits conjugateprior. Giventhatp(X;Aj ) was
choserto bea productof Gaussiangin Chapterl0.2),theentireintegral of Eq.10.16ecomes multivariate
StudentS T distribution. Ef cient learningschemesxist for estimatingthe hyperparametersf the Normal-
Wishartdistribution [5], having the samecomputationacompleity as standardML methods. Theseare

introducedn Chapterl0.4.

10.3 RecognitionUsing a Conjugate Density Parameter Posterior

Having speci ed a functionalform for the parameteposterior we now give the actualequationdor usein

recognition.

10.3.1 Parameter Distrib ution

Recallthe mixture of constellatiormodelsfrom Eq. 10.3:

X X
POGA )= p(i ) Pl T TOP(AR] P ) (10.17)
=1 h=1
Eachcomponent hasa mixing coefcient ; ; ameanof shapeandappearance {; #; anda precision

matrix of shapeandappearance .X ; !A . The X andA superscriptglenoteshapeand appearancéerms,
respectiely. Collectingall mixture component@andtheir correspondingparametersogetherwe obtainan
overallparametervector = f ; X; A: X:. Ag Assumingwe have now learntthe modeldistribution

p( jXi;At) from asetof trainingdataX; andA¢, we de ne themodeldistributionin thefollowing way:

Y
pP( X A)=p( ) pC T RCORC T )RC ) (10.18)
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wherethe mixing components a symmetricDirichlet: p( ) = Dir ( | ), thedistribution over the shape
precisionsis a Wishart p( !X) = W( f(ja!X;B!x) and the distribution over the shapemeanconditioned
on the precisionmatrix is Normal: p( j ) = G( ¥jm{; ¥ ). Togetherthe shapedistribution
p( &, f() is a Normal-Wishartdensity[5, 102]. Notef ,;a ;B,;m,; | g are hyperparametergor
de ning their correspondinglistributions of model parameters.ldenticalexpressionsapply to the appear

ancecomponentn Eq.10.18.

10.3.2 Closed-brm Calculation of R

Recallthat: R
_ POGAXGAGOg) - g POGA] )RC XA Org) d
P(X; AjX t; At; Opg) P(X5 A bg)P( bgiXt; At; Obg) d bg

(10.19)

Due to the useof conjugatedensities,the integral in the numeratorbecomesa multi-modal multivariate

Students T distribution (denotedoy S):

X X
P(X; AX (;A(; Of g) = ~ S(Xnj g sm; ) S(Anjglmps 1) (10.20)
=1 h=1
where g =a +1 d and ) = !;18! and ~!:F¥
1y 1o 10

Noted is thedimensionalityof the parametewvector . Thedenominatoof Eq. 10.19is a constantsincewe

only considerasinglevalueof png: by" i.€.p( bgiXt;AtiOng) = (bg by )-

10.4 Learning Usinga Conjugate Density Parameter Posterior

The processof learningan object categyory is unsupervised[39,153]. The algorithmis presentedvith a

numberof training imageslabeledas “foregroundimages. It assumeghereis an instanceof the object

catgyory to belearntin eachimage. But no otherinformation, e.g.,location, size, shape appearancestc.,

is provided. The algorithm rst detectsinterestingfeaturesin thesetraining images,and then estimates
the parametersf the densitiesfrom theseregions. Sincethe modelis linear and Gaussiarwith conjugate
priors it shouldhave a closed-formsolution. However, the discreteindexing variableh, representinghe

assignmentf featuredo partspreventssuchasolution. Insteacaniterative variationalmethodthatresembles
the ExpectatiorMaximization(EM) algorithm[23] is usedto estimatethe variationalposterior Afterwards

recognitionis performedon a queryimageby repeatinghe procesof detectingregionsandthenevaluating

theregions,usingthe modelparametergstimatedn thelearningprocess.

Thegoalof learningis to obtaina posteriordistributionp( jX¢; A¢; Of g) of themodelparametergiven
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asetof trainingdatafX {; A;g aswell assomeprior information. We formulatethis learningproblemusing
VariationalBayesianExpectationMaximization(VBEM), appliedto a multi-dimensionalGaussiamixture
modelasintroducedby Attias[5]. Detailedderivationsof VBEM aregivenin AppendixA.2. In addition,we

alsogive a detailedderivationof the MAP parameteestimationin AppendixA.3.
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Chapter 11

Experiments and Results

11.1 Implementation

11.1.1 Feature detectionand representation

We usethesamefeaturesasin [39]. They arefoundusingthe detectorof Kadir andBrady[66]. This method
nds regionsthataresalientover bothlocationandscale.Gray-scalémagesareusedastheinput. The most
salientregionsareclusteredover locationandscaleto give a reasonablaumberof featuregperimage,each
with anassociatedcale.The coordinate®f the centerof eachfeaturegive usX . Fig. 11.1illustratesthis on
imagesfrom four datasetsOncetheregionsareidenti ed, they arecroppedfrom theimageandrescaledo
thesizeof asmall(11 11) pixel patch.Eachpatchexistsin a 121 dimensionakpace We thenreducethis
dimensionalityby usingPCA. A x ed PCA basis,pre-calculatedrom the backgroundiatasetsis usedfor
this task,which givesusthe rst 10 principalcomponentérom eachpatch. The principalcomponentérom

all patchesaandimagesform A.

11.1.2 Learning

Practicalaspect®f the BayesianOne-Shotearningprocedureare now discussedincluding: the choiceof

theprior density p( ) anddetailsof the BayesiarOne-Shoimplementation.

11.1.2.1 Choiceof Prior

Onecritical issueis the choiceof priors for the Dirichlet and Norm-Wishartdistributions. In this paper
learningis performedusinga singlemixture componentj.e., = 1. So issetto1, since | will always
be1l. Ideally, thevaluesfor the shapeandappearancpriorsshouldre ect objectmodelsin therealworld. In

otherwords,if we have alreadylearnta sufcient numberof classe®f objects(e.g.,hundredsr thousands),
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(d)

Figure11.1: Outputof the featuredetectoron samplesmagesfrom four cateyories.(a) Elephant(b) Grand
piano,(c) Hawksbill, (d) Bonsaitree.

we would have a pretty goodideaof the averageshapgappearanceneanandvariancesgjivena new object
catgyory. In reality we do not have the luxury of sucha numberof objectclasses.We usefour classeof
objectmodelslearntin aML manneirfrom [39] to form our priors. They are: spottedcats,motorbikes,faces
andairplanes.Sincewe wish to learnthe samefour datasetsvith our algorithm,we usea “leave oneout”
stratgyy. For example,whenlearningmotorbikeswe obtainpriorsby averagingthe learntmodelparameters
from theotherthreecateyories(i.e., spottedcats facesandairplanes)henceavoiding theincorporationof an
existing motorbike model. The hyperparametersf the prior arethenestimatedrom the parametersf the

existing catggory models.An exampleof this processs givenin Chapterl1.2.3.

11.1.2.2 Details of BayesianOne-Shotalgorithm

Initial conditionsarechosenin the following way. Shapeandappearanceneansaresetto the means
of thetraining dataitself. Covariancesarechoserrandomlywithin a sensiblerange.Namely, they are

initialized to beroughlyin the orderof the averagedimensionof thetrainingimages.

Learningis haltedwhenthelargestparametechangeeriteration(acrossall parametersfalls belov a
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certainthreshold(10 4) or themaximumnumberof iterationsis exceededtypically 500). In general,

convergenceoccurswithin lessthan100iterations.

Sincethe modelis a generatie one, the backgroundmagesare not usedin learningexceptfor one
instanceitheappearancenodelhasa distribution in appearancepacemodelingbackgroundeatures.
Estimatingthis from foregrounddataprovedinaccurateso the parametersreestimatedrom a setof

backgroundmagesandnot updatedwithin the BayesianOne-Shoiteration.

Learninga classtakesroughly lessthana minuteon a 2:8 GHz machinewhenthe numberof training
imagess lessthan10 andthe modelis composedf 4 parts.Thealgorithmis implementedn Matlah
It is alsoworth mentioningthat the currentalgorithm doesnot utilize ary ef cient searchmethod,
unlike [39]. It hasbeenshavn thatincreasinghe numberof partsin a constellatiormodelresultsin
greaterrecognitionpower provided enoughtraining examplesare given [39]. Were ef cient search
techniquesised,6-7 partscould be learnt, sincethe BayesianOne-Shotupdateequationgequirethe
sameamountof computatiorasthetraditionalML ones.However, all our experimentscurrentlyuse4

partmodelsfor boththe currentalgorithmandML.

11.2 Experimental Results

11.2.1 Datasets

In the rst setof experimentsthe samefour objectcategoriesasin [32,39] wereused, namely:humanfaces,
motorbikes,airplanesandspottedcats. Thesedatasetgontaina fair amountof backgrounctlutterandscale
variation,althougheachcateyory is presentedrom a consistenviewpoint.

In addition, two naive subjectscollectedanotherdatasebf 101 objectcatayoriesfor the secondsetof
experiments. The namesof 101 categorieswere generatedy ipping throughthe pagesof the Webster
Collegiate Dictionary [1] and picking a subsetof categoriesthat wereassociatedvith a drawing. Using a
script, all imagesreturnedby GooglelmageSearchenginefor eachcateyory nameweredownloaded.The
two subjectghensortedthroughtheimagesfor eachcateyory, gettingrid of irrelevantimages(e.g.,a zebra-
patternedshirtfor the“zebra” cateyory). Fig. 11.2shavs examplesrom 101 foregroundobjectcategoriesas
well asthe backgroundtluttercategory (obtainedby typing “things” into Google).

Minimal preprocessingvasperformednthecategyories.Catgoriessuchasmotorbike, airplane cannon,
etc. wheretwo mirror imageviews werepresentwere manually ipped, soall instancedacedin the same

direction. Additionally, cateyorieswith a predominantlyertical structurewererotatedto anarbitraryangle.

1Availablefrom www.vision.caltech.edu
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Thisis dueto the corventionthatthe leftmostpartof eachhypothesiss usedasareferenceointto translate
therestof theparts(seeSection10.2.0.2).With vertically orientatedstructuresthe horizontalorderingof the

featureswill be somavhatarbitrary therebyarti cially giving alargeverticalvariability.

11.2.2 Experimental Setup

Eachexperimentis carriedout in the following way. Eachdatasets randomlysplit into two disjoint setsof
equalsize. N training imagesare dravn randomlyfrom the rst. A x edsetof 50 are selectedrom the
secondwhich form the testset. We thenlearnmodelsusingboth VariationalBayesiarandML approaches
and evaluatetheir performanceon the testset. For evaluationpurposeswe also use 50 imagesfrom a
backgrounddatasebf assortequnk imagesfrom the Internet. For eachcategory, we vary N from 1 to 6,
repeatinghe experimentslO timesfor eachvalue (usinga differentsetof N trainingimageseachtime) to
obtaina morerobustestimateof performanceWhenN = 1, ML failsto corverge,sowe only shaw results
for the BayesiarOne-Shotlgorithmin this case.

When evaluatingthe models, the taskis a binary decision—objecpresentor absent. All performance
valuesarequotedasequalerrorratesfrom therecever-operatingcharacteristi¢ROC) (i.e., p(True positive)
=1 - p(Falsealarm)). The ROC curwve is obtainedby testingthe modelon 50 foregroundtestimagesand50
backgroundmages. For example,a valueof 85% meanshat 85% of the foregroundimagesare correctly
classi ed but 15% of the backgroundmagesareincorrectlyclassi ed (i.e., falsealarms). In all the exper
iments,the following parameterare used: numberof partsin model= 4; numberof PCA dimensionsfor
eachpartappearance 10; andaveragenumberof detectionsof interestpoint for eachimage= 20. It is
alsoimportantto point out thatexceptfor the differentpriors,asdescribedn sectionl1.1.2.1all parameters
remainthe samefor learningall differentcategories.In otherwords,exactly the samepieceof softwarewas

usedin all experiments.

11.2.3 Walkthr oughfor the Motorbik e Category

We now go throughthe experimentalprocedurestep-by-stefor the motorbike category. 6 trainingimages
areselectedasshavn in Fig. 11.3. The Kadir interestoperatoris appliedto them,giving X;. Eachof these
regionsis thentransformednto the x ed PCA basis,to give A;. Next we considerthe prior we will usein
learning. This hasbeenconstructedrom modelstrainedusingML from the threeotherdatasetssspotted
cats,facesandairplanes.10 ML modelsweretrainedfor eachcategory, giving a total of 30 models,each
beinga pointin -space.The parametersf the prior, fmo; o; ap; B og for boththe shapeandappearance

component®f themodel,arethendirectly computedrom thesepointsin thefollowing manner:



95

airplane face spotted cat motorbike accordion anchor
ant barrel bass beaver binocular bonsai
brain brontosaurus buddha butterfly camera cannon
car-side ceilingfan cellphone chair chandelier cougar-body
cougar-face crab crayfish crocodile-full crocodile-head cup

dalmatian dollar-bill dolphin dragonfly electric-guitar elephant
emu euphonium ewer ferry flamingo flamingo-head
garfield gerenuk gramophone grand-piano hawksbill headphone
hedgehog helicopter ibis inline-skate joshuartree kangaroo
ketch lamp laptop llama lobster lotus
mandolin mayfly menorah metronome minaret nautilus
octupus okapi pagoda panda pigeon pizza
platypus pyramid revolver rhino rooster saxophone
schooner scissas scorpion seahorse snoopy soccer-ball
stapler starfish stegosaurus stop-sign strawberry sunflower
tick trilobite umbrella watch water-lilly wheelchair
wild-cat windsor-chair wrench yin-yang zebra

Google Background

Figure 11.2: The 101 objectcatgoriesandthe backgrounctlutter catgjory. Eachcatgory containsbetweerd5 and400images.
Two randomlychosensamplesare shavn for eachcatgory. The catgorieswere selectedprior to the experimentsand the images
were collectedby operatorsnot associatedvith the experiment. The last row shavs examplesfrom the backgrounddataset. This
dataseis obtainedby collectingimagesthroughthe Googleimagesearchengine(www.google.com).The keyword 2things®is used

to obtain hundredsof randomimages. Note only gray-scaleinformationis usedin our system. Completedatasetsan be found at

http://vision.caltele.edufeifeili/101_ObjectCatgories.
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Figure11.3: Thetrainingimagesor the motorbike category, with the outputof thefeaturedetectoroverlaid.

P
m o is estimatecby computingthemeanof M overtheM = 30ML modelsimo = & ML,

M

ag is x edto benumberof degressof freedomin theprecisionmatrix ™", whichdiffersbetweerthe

shapeandappearanceerms.For shapeaf = 2(P  1)(P  2),whilea) = kP.

P
B ¢ is estimatedy lettingagB ! themearof theprecisionbeMi ML  andusingthepreviously

m

calculatedvalueof ag to give B .

o IS estimatedasthe ratio betweenthe precisionof the meanandthe meanof the precision: ¢ =

P
ki1=M  ( M' mo)’k

kaoB o Tk

Fig. 11.4illustratesshavs boththe ML models(as pointscoloredby cateyory) andthe prior density tted
to them. Sincethe parametespaceis high dimensionalit is dif cult to visualizebut by consideringeach
appearancdescriptorseparatelythe meanandvarianceof the partfrom eachmodelcanbe plottedin 2-D.
Notetheall partsusethe sameprior densityfor appearance-or shapethe meanandvarianceof locationof
eachpartrelative to thelandmarkpartis shavn. To understandhow theprior assistsn learning,modelswere
trainedon backgrounddataaloneandtheir parametersisoplottedin Fig. 11.4(asmagenta 's). Note that
the prior densitywasestimatednly from the ML category models not thesebackgroundnodels.However,
they sene to illustratethe point that modelsthat do not correspondo visual consisteng occupy a different
partof parametespaceo modelstrainedon imageswith a consistenvisualappearanceTlhe prior captures
this knowledgeso in the learningprocesst biasesp( jXi;At; Os4) to areasof -spacecorrespondingo

modelsof visual consisteny.
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Figure11.4: A visualizationof theprior parametedensity estimatedrom ML modelsof spottedcats(green

's), face(red + 's) andairplanegblue 's). Modelstrainedon backgrounddataareshavn asmagenta 's
but arenotusedin estimatingheprior density In all gures themeanis plottedonthex-axisandthevariance
onthey-axis. (a) Appearanc@arametespaceor the rst 4 descriptors(b) X componenbdf theshapeerm
for eachof the non-landmarkmodelparts.(c) Y componenbf shape.

Now thatthe prior andtraining dataX; andA; have beenobtainedwe commencehe learningprocess
describedn Chapterl0.4.We only useonemixturecomponentso = 1. Theinitial valuesof thehyperpa-
rameters , ;a ;B,;m,;  gareinitializedasin Table11.1.Notethatsincewe only haveonecomponent,

we do notneedto worry aboutsetting .

Hyperparameter , Shape pAppegance
M T .ﬁ WX [ .ﬁ n Ah)
0 0
a 2P 1)(P 2 kP
B 0:1l 2P 1) 0:1l kp

Table11.1:Initial valuesof the hyperparametersf the parameteposteriorfor shapeandappearancterms.

Theinitial posteriordensitiesareillustratedin greenin Fig. 11.5. Thenwe run BayesianOne-Shountil
corvergences reachedFig. 11.5shavsthe nal parametedensitiesafterlearningin red. They canbeseen
to be muchtighterthentheinitial density oftenlying closethe prior density whichis likely to exertalarge
in uence with so few training images. The model correspondingo the meanof the parametedensityis
shavnin Fig. 11.6.

In therecognitionphasethe learntmodelis appliedto 50 imagescontainingmotorbikesand50 images
of scenesot containingmotorbikes. For eachimagein bothsets thelikelihoodratio R is computedusing
Eq.10.19andEq. 10.21),giving anROC-cune measuringhe detectionperformancef themodel.Fig. 11.6
shavs the ROC curve for the model,alongwith sampleimageswhenthe threshold,T, is setsoasto give

equalnumberof falsealarmsandmisseddetections.
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Figure 11.5: The learningprocess.(a) Appearancgarameteispace,shoving the meanand variancedis-
tributionsfor eachof the models'4 partsfor the rst 4 descriptors.The parametedensitiesare coloredas
follows: Blackfor the prior; greenfor theinitial posteriordensityandredfor thedensityafter 30 iterationsof
BayesiarOne-Shotwhencorvergencds reached(b) X componentf the shapaermfor eachof themodel
parts.(c) Y componenbf shapeNotethatin both(b) and(c), only thevariancetermsalongthediagonalare
visualized- notthe covarianceterms.

In therecognitionphasethe learntmodelis appliedto 50 imagescontainingmotorbikesand50 images
of scenesiot containingmotorbikes. For eachimagein bothsets thelikelihoodratio R is computedusing
Eq. ??), giving anROC-cune measuringhe detectionperformancef the model. Fig. 11.6 shons the ROC
curve for the model,alongwith sampleimageswhenthethreshold,T, is setsoasto give equalnumbersof

falsealarmsandmisseddetections.

11.2.4 Caltech4 Dataset

We rst testedour algorithmon the four objectcateyoriesusedby Weberet al. [153] andFeiguset al. [39].
They arefacesmotorbikes,airplanesandspottedcats.Our experimentsiemonstratéhebene t of usingprior
informationaswell asusingafull Bayesiarcomputatiorin learningnew objectcateyories(Figs.11.7-11.10).
Notethatin Figs.11.7-11.10given0 trainingimagesthe detectionratefor eachcateyory is at chancdevel
50% Thistells usthatgivenonly the prior model,it is not sufcient to capturecharacteristiégnformationof
the particularcategorieswe areinterestedn. Only by incorporatingthis prior knowledgeinto the training
data,is the algorithm capableof learninga sensiblemodelwith only 1 training example. For instance,n
Fig. 11.7(c),we seethatthe4-partmodelhascapturedheessencef aface(e.g.,eyesandnose).In thiscase

it achievesanaveragedetectiorrateof 82%, givenonly 1 trainingexample.
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Figure 11.6: The meanmodel. (a) Shavs the shapecomponenbf the model. The four +'s and ellipses
indicatethe meanandvariancein positionof eachpart. Theinter-partcovariancetermsarenot shavn. (b)
Shavsthemeanappearancdistributionsfor the rst 3 PCAdimensionsEachcolorindicatesoneof thefour
parts.Thebackgroundiensityis shavn in black. (c) Shavsthedetectedeaturepatchesn thetrainingimage
closestto the meanof the appearancdensitiesfor eachof the four parts.(d) Someexamplesof foreground
testimagesfor the model, with a mix of correctandincorrectclassi cations. The pink dots are features
foundon eachimageandthe coloredcirclesindicatethe besthypothesisn theimage.Thesizeof thecircles
indicatesthe scoreof the hypothesigthe biggerthe better). (e) The modelrunning on somebackground
gueryimages(f) The ROC curve for themodelonthetestset. Theequalerrorrateis around18%

11.2.5 1010bject Categories

We have testedour algorithmon a large datasebf 101 objectcateyories(Fig. 11.2). We summarizaifferent

aspectof our experimentsn thefollowing sections.

11.2.5.1 Overall Results: ML vs. MAP vs. Bayesian

Using the Bayesianformulation, we are able to incorporateprior knowledge of the objectworld into the
learningschemeln addition,we arealsocapableof averagingovertheuncertaintie®f modelsby integrating
overthemodeldistributions.Do bothof thesewo factorscontritutein theef cient learningof ouralgorithm?
Orisit only the prior thattruly matters?

We areableto answetthis questiorby comparinghedetectiorresultof theBayesiarOne-Shotlgorithm
notonly to theML method but alsoto the MAP algorithm(asderivedin AppendixA.3). Boththe Bayesian
One-Shotand the MAP algorithmsare given exactly the sameprior distributions (estimatedfrom faces,

airplanesand spottedcatsmodels)for learningfor eachof the 101 categyories. While Fig. 11.11illustrates
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thatprior knowledgehelpsin learningnew objectcateyories,the introductionof priorsalonecannotaccount
for all the advantagef our Bayesianformulation. The Bayesianalgorithm consistentlyperformedbetter
thanboth the ML and MAP methodsgiven few training examples. While MAP learningtakes advantage
of the prior density it is fundamentallythe sameas maximumlikelihoodin thata single parametesetis
estimatedor the objectcatagory. Givenfew training examples,suchan assumptioris likely to over t the

few datapoints. The Bayesiaralgorithmreducegsheover t by averagingover modeluncertainties.

11.2.5.2 Good modelsand Bad models

Figs.11.12and 11.13shaw in detail the resultsfrom the grand-piancand cougarfacecateyories,both of
which have achieved reasonableerformancegiven few training examples(equalerror ratesof 84% and
85% respectiely for 15 training examples). In the left-mostcolumns,four examplesof featuredetection
resultsare presentedThe centerof eachdetectioncircle indicatesthe locationof the featuredetectedwvhile
thesizeof thecircle indicatedts scale.Theseconccolumnshaows theresultingshapemodelfor the Bayesian
One-Shomethodfor f 1; 3; 6; 15g trainingimages. As thenumberof trainingexamplesncreasesye obsene
thatthe shapemodelis morede ned andstructuredwith areductionin variance.This is expectedsincethe
algorithmshouldbe moreand more con dent of whatis to be learned. The third columnshowvs examples
of the part appearanc¢hat are closestto the meandistribution of the appearance Notice that distinctive
featuressuchaskeyboardsfor thepianoandeyesor whiskersfor the cougarfacearesuccessfullyearnedoy
the algorithm. Two learningmethods'performancesre comparedn the top panelof the lastcolumn. The
Bayesiammethod<clearly shav a big advantageoverthe ML methodwhentrainingnumberis small.

It is alsousefulto look at the other end of the performancespectrum—thoseateyoriesthat have low
recognitionperformanceWe give someinformal obsenationsinto the causeof the poor performanceFea-
ture detectionis a crucialstepfor bothlearningandrecognition.On boththe crocodileandmay y guresin
Fig. 11.14,noticethat sometestingimagesmarked “INCORRECT” have few detectionpointson the target
objectitself. Whenfeaturedetectionfails eitherin learningor recognition,it affectsthe performanceesults
greatly FurthermoreFig. 11.12(a)showvs thata variety of viewpointsis presenin eachcateory. In this set
of experimentswve have only usedonemixture componenthenceonly a singleviewpoint canbe accommo-
dated.Ourmodelis alsoasimpli ed versionof Burl, WeberandFergus' constellatiormodel[20,39,153] as

it ignoresthe possibility of occludedparts.
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Figure11.11: Performancen 101 cateyoriesusingthreedifferentlearningmethods:Maximum Lik elihood
(ML), maximuma posteriori(MAP), andthe BayesianOne-Shotlgorithm. (a) - (d) shav the performance
giventraining number(s)l, 3, 6, and 15 and comparethemwith performanceof the prior alone. “Percent
correct’is measure@dsl Eg. Error Rate.(e) summarizeshefour panelsabove, shaving the meanperfor
mance(Eq. Error Rate). The errorbarsindicateonestandardleviation.



Examples

50

50

o
o))

A
D

50

50

Shape Appearance
Shape Model: Train = 1 -
@7) Fa—
—
—
50 ) 50 100 —
Shape Model: Train = 3 —
= = =
W =
SNo= ow
e = =
Shape Model: Train = 6 _—
SESnEs
= e
S=H=aE
100 50 0 50 100 E : E ! F
Shape Model: Train = 15 . )
dedAL AR TSN AA
Q©° SNMNNNNIASEIANE
© SISO EM225 288
e N
R s mLLI-L..LL!Lﬁ.-'NI MEF
(b) (©)

106

Performance Comparison

50 — ML

— Bayesian

40

30

20

Performance Error

10

0O 2 4 6 8 10 12 14
Training Number

(d)
INCOR:RECT Correct Correct . Correct
HEUN ....."' e “-. °
° ° 959 0 ° »® °
. . .s.l ' -:‘,’...- .I~d‘|' %°
Correct Correct Correct INCORRECT
o gos ‘e
o . AT & ofe Raed
e T o
Correct Correct Correct Correct
° o0 ° %° o o% °
% ° LAY 1) o° M °
°F, ° L :' L3 °e®
Bl tmapt P 4300
© o
(e)

Figure11.12: Resultsfor the “grand-piano”catagory. Column1 shavs examplesof featuredetection.Col-
umn 2 shaws the shapemodelslearnedfrom f 1; 3; 6; 159 trainingimages.Column3 shavs the appearance
patchegor themodellearnedrom f 1; 3; 6; 159 trainingimages.Thetop panelof Column4 shovsthecom-
parative resultsbetweerML andBayesiamrmethodqthe errorbarsshaw thevariationoverthe10runs).The
bottompanelof Column4 shavstherecognitionresultfor the BayesiarOne-Shoglgorithmfor onetraining
image.Pink dotsindicatethe centerof detectednterestpoints.
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Effect of the # of categories in the prior model
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Figure 11.15: Effect of numberof objectcateyoriesin the prior model on the performanceof testingcat-
egories. Thereare 20 randomlydrawn object categoriesfor training the prior model. Thereare 30 other
randomlydrawn objectcategoriesin thetestingcateyory set. The x-axisindicateshe numberof objectcate-
goriesin the prior model. They-axisindicatesthe averageperformanceerror of the 30 testcategoriesgiven
theprior model.
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Figure11.16:Quality of featuredetectiorcomparedvith objectdetectiorperformancesf the 101 cateyories
givenf 1; 3; 6; 159 training images((a) - (d)). The x-axis of eachplot is the detectionperformanceof the
model. The y-axisis the quality of featuredetection,de ned by the percentag®f detectionpointslanded
within the outline of the object over the total numberof detections. For eachcateyory, we averagethe
percentagever all imageswithin this category.

11.2.5.3 A Further Investigationon Prior Models and Feature Detectors

Oneusefulquestionto askis whetherlearningis improvedby constructinghe prior modelfrom morecate-
gories. To investigatethis, we randomlyselect?20 objectcateyoriesthatwill incrementallycontrituteto the
prior model. We learna modelfor eachof the 20 cateyories,forming a setof modelsC. We alsorandomly
select30 objectcatagyoriesfrom therestof the datasetcalling this setS. We train a modelfor eachcateyory
in S usinga prior constructedrom N modelsdravn from C. Wevary N from 0to 20. ForN = 0, theprior
modelis a broad,non-informatie distribution over the shapeandappearancepace.For N > 0, we pick a
modelfrom C, andupdatethe prior asa weightedaveragebetweertheold prior modelandthenew category
model,theweightingbeingN 1 and1 respectiely. Fig.11.15shavs therelationshipbetweerthe number

of catgyoriescontritutingto the prior modelandthe performancesveragedver all categoriesin S. We see
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atrendof decreasingerror whenthe numberof categoriesin the prior modelis betweenl and8, although
thistrendbecomesdessclearbeyond8.

We also explored the effect of featuredetectionson the overall object detectionperformances.Two
humansubjectsannotatedhe wholedatasetgiving groundtruthinformationof thelocationandthe contours
of the objectswithin eachimage. Giventhis information,we areableto computethe proportionof features
detectedwithin the objectboundaryasa fraction of the total numberin theimage. In Fig.11.16we shav
therelationshipbetweerthe quality of thefeaturedetectionsaandthe performances$or eachtrainingnumber
In generala very weakpositive correlationis obsened betweerfeaturedetectionquality and performance.

This correlationseemdo increaseslightly asthetrainingnumberincreases.
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Figure11.17: Shapeonly modelsandappearancenly modelscomparedvith modelsusingshapeandap-
pearancdor eachof the 101 categyoriesgivenf 1; 3; 6; 159 trainingimages((a) - (d)). The x-axis of each
plot is the detectionperformanceof modelsusing both shapeandappearanceThe y-axis is the detection
performancef shapeonly modelsandappearancenly modelsfor eachcategory.

11.2.5.4 BayesianOne-ShotAlgorithm: Shape-Onlyvs. App-Only vs. Shape-App models

In Chapterl0.2we detailedthe formulationof objectclassmodels.Eachmodelof anobjectcateyory carries
two sourcesof information: shapeand appearanceWe shaw in Fig. 11.17thatthe contribtutionsof shape
and appearanceomponent®f the modelvary whenthe objectcateory to be learntdiffers. While some
catgyoriesdependnoreonthe shapecomponente.g.,facesglectricalguitars, sideview of cars,etc.),others
rely moreon the appearancéeopardspctopus ketch,etc.). For mostcateyories,learningis slightly more

effective whenthe appearanceomponents included,asopposedo the shapepart.

11.2.5.5 BayesianOne-ShotAlgorithm: Discrimination Amongst 101 Categories

So far we have testedour algorithmin a detectionscenario:for a particularobject category we are only
decidingif it is presenbr not. We now testthe algorithmin a discriminationscenario.onewherewe have

multiple categyories(i.e., more thantwo) and mustcorrectly classify the query imagesfrom each. In our
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experimentwe rst learna modelfor eachof the 101 objectcatagyories. Queryimagesarethendravn from

thetestsetof eachcategory in turn andevaluatedby all 101 models. For a givenimage,the assignmenbf

catgory it belongsto is in the “winner-take-all” fashion. In otherwords,the category modelthatachieved
thehighestlik elihoodscoreis assignedo theimage.For eachcateyory of imageswe repeathe experiment
50 timeswith differentrandomlychosenrtraining andtestimages. This givesa vectorof 101 entries,each
beingthe averageof the“winner-take-all” assignmentver the 50 repetitions.We do this for eachof the 101

catgyories,therebyobtainingthe confusiontablein Fig. 15.4.

By averagingthe correctdiscriminationrates,i.e., the entriesalongthe diagonalof Fig. 15.4,we obtain
the averagecorrectdiscriminationratesfor 3, 6 and 15 training examplesof, respectiely, 10:4, 139, and
17:7%. Theserateswould be approximatelyl% if theclassi ersweremakingrandomdecisionsRecallthat
the correspondingorrectdetectiornratesare 73:6, 76:2 and80:1%. Is therea way to predictdiscrimination
ratesfrom detectiorrates\e proposea simpleapproximatiorthatproducegjoodpredictionsandallows us
to evaluateour currentresultsin the context of our long-termgoalof classifyingthousandef categories.

Simulation relating detection and discrimination performance. Whatis the differencebetweende-
tectionandrecognition2Whendetectingobjects.e.g.,bonsaitrees,a singledetectoris rst obtainedfor that
catgyory (e.g.,by trainingon anappropriatecollectionof images).Thatdetectoiis thenusedto computethe
likelihoodratio of whethera givenimagecontainsa bonsaitreeor not. If this numberexceedsa threshold,
thenabonsaitreeis believedto be presentWhendiscriminating(or recognizing)objects the sameimageis
inspectedy acollectionof detectorge.g.,bonsaiceilingfan,automobile gtc.),eachoneof whichis usedto
calculatea likelihoodratio. The highestlik elihoodratio is taken astheindicatorof the mostlik ely category
to be present. Whetherwe detector discriminate,eachdetectorwill behae identically andwill produce
two densitiesof likelihoodratios: one conditionedon the preferredobject category being presentand one
conditionedon the preferredcategory beingabsentirom the image. The differencebetweendetectionand
discriminationin our experimentss purelythe numberof competinghypothesesTherearetwo hypotheses
in thecaseof detection,101hypothesef thecaseof discrimination.Noticethatonemayin effectregardall
incorrectclassi cationhypothese$100 of them)asoneby taking the hypothesighatis associatedvith the
highestlikelihoodratio. This is the only incorrecthypothesighathasa chanceof “winning: In our simple
modelwe hypothesiz¢hatall detectorareindependenithis hypothesiss clearlywrong,it isonly justi ed as
acoarseapproximation) Furthermorein our modelall detectordhaveidenticalGaussiamensitieslescribing
boththeresponséo thefavorite category andto imagesnot containingthe favorite cateyory. Suchdensities
may be adjusted(by modifying the meanandvariance)so that a given detectionperformanceas obtained.

Fromsuchdensitiesonemayalsocalculate(numerically in our simulationsthedensitycorrespondingo the
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bestincorrecthypothesisagainby taking the highestlik elihoodresultof a numberof competingincorrect
hypothesesThe probability of thediscriminationerroris theneasilycomputedy Monte-Carlosimulations
asa function both of the numberof competingmodels,and asa function of the averagedetectionperfor
mance.Suchdatais shavn in Fig. 15.4(c).Noticethattheredcurve (100catayories) ts reasonablyloseto
ourexperimentalndings. We thereforepredictthat,in orderto obtain90% correctdiscriminationrateon 20
catgyories,we needdetectionerrorssmallerthan1%. For 100 and1000cateyories,respectiely, in orderto
obtaina 90% correctdiscriminationratewe need,respectiely, fewer than3 errorsevery 1000and2 errors
every 10* images.Thesearesoberingequirementslt is clearthat,aswe improvethequality of our detector
beyond, say 95% correct,a more sensitve measureof performancewill be given by discriminationrates,
and thus recognitionexperimentsshouldbe preferredto detectionexperimentswhen comparingdifferent

approaches.

11.2.5.6 Discussions

Our resultshighlight a numberof issuesthat we continueto investigate. The mostimportantoneis the
choiceof priors. We have useda very generalprior constructedrom three categoriesand would like to
explore further the effects of differentpriors. Notice thatin Fig. 11.11the Maximum Lik elihood method,
on averagegivesasimilar level of performancdo the BayesianOne-Shotalgorithmfor 15 trainingimages.
Thisis surprising,giventhe large numberof parameterin eachmodel,andthereforeafew hundredraining
examplesare in principle requiredby a Maximum Lik elihood method—onemight have expectedthe ML
methodto corverge with the BayesianOne-Shotmethodat only around100 training examples. The most
likely reasorfor this resultis thatthe prior thatwe employ is very simple. Bayesiammethoddive anddie by
the quality of the prior thatis used.Our prior densityis derivedfrom only threeobjectcateyories.Giventhe
variability of our training set, it is realisticthata prior basedon mary more cateyorieswould yield a better
performance.We have testedthis hypothesiausinga simple, syntheticexamplein Fig. 11.19. Our goalis
to learna simpletriangularshapemodel (Fig. 11.19(a)). We testthe effect of priors on the BayesianOne-
Shotalgorithmby giving the systemthreedifferentpriors: a triangularshapeprior (similar to the synthetic
modelin Fig. 11.19(a)usedto generatehe data),a trapeziumshapeprior and a squareshapeprior. The
BayesiarOne-Shotlgorithmwith threedifferentpriorsis comparedo themaximumlik elihoodmethod.We
obsene thatit takesmorethan 100 training examplesfor the ML methodto “catch up” with the Bayesian
One-Shotearningmethodgiventhetriangularshapeprior. Onthecontrary it takesmuchsmallernumberof
training examplesfor the ML methodto cornverge with the othertwo BayesianOne-Shotearningmethods

with non-efective priors.
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Figure11.18: (a) A confusiontablefor 6 training examples. The x-axis enumerateshe catgjory models,
onefor eachcateyory, giving 101in total. They-axisis the groundtruth cateyory for the queryimage.The
intensity of an entry in the table correspondso the probability of a given queryimagebeingclassi ed as
a given catgyory. Sincethe categoriesare consistentlyorderedon both axes,the ideal casewould consist
of a completelyblack diagonalline, shaving perfectdiscriminationpower of all category modelsover all
catgyoriesof objects.(b) Histogramsummaryof diagonalentriesof confusiontablesfor f 1; 3; 6; 159 train-
ing examples. The x-axis representshe recognitionpercentagef the discriminationtask. The y-axis is
a frequeng countof the numberof categyories. The indicatesthe averageconfusiontable performance
given eachtrainingnumber (c) Relationshipbetweerthe binary detectionperformanceanddiscrimination
performancdor differing numberof catgoriesusinga one-dimensionabaussiarsimulation.

Anotherimportantissueis therobustnes®f featuredetection We saw in Fig. 11.14thattheperformance
of modelsis highly dependenbn obtaininga good setof stableand distinctive featuresfrom eachobject
instanceWe nd thatfor someof the cateyorieswe experimentedvith, theKadir-Bradyfeaturedetectof66]
failsto detectconsistentlyjusefulfeatureshenceperformancas impaired. Thuswe arecurrentlyworking on

improving the quality andconsisteng of the featuredetectiorstage.
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Figure 11.19: (a) The synthetictriangle modelusedin (b). Note the triangleis characterizedy a 4-part
model.(b) Effectof differentpriorsfor learningatrianglemodel.Notethatthepoint of cornvergencebetween
theML methodandthe BayesiarOne-Shotmethoddepend®nthechoiceof prior distribution. Whena prior

is very effective (e.qg., a triangularprior for learninga triangularmodel), it takes more than 100 training

examplego converge. But whentheprior is notvery effective (e.g.,squareor trapeziumpriorsfor learninga

triangularmodel),it takeslessthan30trainingexamplesfor thetwo methodgo corverge.
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Chapter 12

Summary

We have demonstratethat, contraryto intuition, usefulaspect®f anew objectcateyory maybelearntfrom
a singletraining example (or just a few). As Table 16.1 shaws, this is beyond the capability of existing
algorithms.

The key insight we have exploited is that cateyorieswe have alreadylearnt give us information that
helpsin learningnew categorieswith fewer training examples.To pursuethis ideawe developeda Bayesian
learningframenork basedon representingobject catggorieswith probabilisticmodels. Prior information
from previously learnt catgoriesis representedvith a suitableprior probability densityfunction on the
parameter®f their models. These prior' modelsare updatedwith the few training examplesavailableto
produce posteriors'that,in turn, may be usedfor bothdetectiorandrecognition.

Our experimentsconductedn imagesfrom four catgories,areencouragingn thatthey shav thatvery
few (1 to 5) training examplesproducemodelsthat are alreadyableto achieve a detectionperformanceof
around10-20%. Our detectionexperimentsconductedbn 101 catggoriesshow thatthe methodis applicable
to agreatvarietyof appearance$urthermorethatthe catgoriesfrom whichthe “prior' knowledgeis learnt
do not needto be visually similar to the cateyoriesthatonewishesto learn.

While our experimentsare very encouragingthey areby no meanssatishctoryfrom a practicalstand-
point. As ourrecognitionexperimentshav, themamin for improvemenbf therecognitiorratess enormous.
Unlessdetection(objectpresent/absengrrorratesdropto almostzero,recognitionratesof oneout of 100-
1000categorieswill bedisappointingFigure15.4(c)).Much canbedonetowardsthegoalof obtainingbetter
errorrates,asour currentimplementatioris, at the moment,just atoy. In orderto containthe complexity
of our experimentswe have simpli ed the probabilisticmodelsthat are usedfor representingbjects. For
example,a probabilisticmodelfor occlusion( [20,39,153]) was not implemented andwe only usedfour
partsin our models,de nitely not enoughto representhe full complexity of objectappearanceFurther

more,we only usedthreeknown cateyoriesto derive a prior. Thisis clearlya very smallsetthatoughtto be
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Femgusetal. [39] Assorted 6 > 100 Gen. N N
Weberetal. [153] Cars,Faces 2 > 100 Gen.+ Disc. N N
Viola & Joneq148] Faces 1 10,000 Disc. Y Y
Schneidermai. Kanadg125] Cars 1 2,000 Disc. Y N
Rowley etal. [121] Cars 1 500 Disc. Y N
Amit etal. [4] FacesCharacters 3 300 Gen. Y Y
LeCunetal. [72] Digits 10 60,000 Disc. N Y
LeCunetal. [73] Assorted 5 300,000 Disc. Y N

Table12.1: A comparisoramonga variety of objectrecognitionapproachesThe framavork columnspec-
i ed in the approachis generatie (Gen.) or discriminative (Disc.) or both. The handalignmentand
segmentedcolumnsindicateif the training dataneedsto be hand-alignecbr hand-sgmentedfor a given

approach.

substantiallyoroadenedh areal-world situation.

However, at this pointit is probablymoreimportantto make progressat the conceptualevel, andmuch
still needdo bedone.Firstof all: theissueof priors. How muchdoesprior knowledgeimproveasthenumber
of known categoriesincreasess it easierto learnnew catgyorieswhich aresimilar to someof the “prior’
catgyories? Secondthe issueof representationddow shouldonebestrepresenprior knowledge?ls there
ary otherproductive point of view, besideghe Bayesiaronethatwe have adoptechere,which allows oneto
incorporateprior knowledge?Third, aswe have pointedout in theintroduction,it would be highly valuable
to learnincrementallywhereeachtraining examplewill updatethe probability densityfunctionde ned on

theparametersf eachobjectcateyory; we presentec few ideastowardsthisin [33,91].

Onelast note of optimism: we feel that the problemof recognizingautomaticallyhundreds perhaps
thousandsof objectcategoriesdoesnot belongto a hopelesshfar future. We hopethatthe positive outcome
of ourexperimentonthelargemajority of 101verydiverseandchallengingcategories,despiteéhesimplicity
of ourimplementatiorandthe rudimentaryprior we employ, will encourag®thervision researchers test

their algorithmson largerandmorediversedatasets.
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Part V

Computational Model II: Natural Scene

Classi cation



117

Chapter 13

Intr oduction

13.1 Background

The ability to analyzeand classify accuratelyand rapidly the scenein which we nd oursehesis highly
usefulin everydaylife. Thorpeand colleaguedound that humansare ableto cateyorize complex natural
scenexontaininganimalsor vehiclesvery quickly [135]. Li andcolleaguedater shaved that little or no
attentionis neededor suchrapid naturalscenecateyorization[77]. Both of thesestudiesposeda serious
challengeto the corventionalview thatto understandhe context of a complex scene,one needsrst to
recognizehe objectsandthenin turn recognizehe category of the scene[140].

Canwe recognizethe contet of a scenewithout having rst recognizedhe objectsthatarepresent?A
numberof recentstudieshave presentedipproacheso classifyindoorversusoutdoor city versuslandscape
andsunsetersusmountainversusforestusingglobal cues(e.g.,power spectrumgcolor histograminforma-
tion) [49,132,144]. Oliva and Torralbafurtherincorporatedhe ideaof using global frequeng with local
spatialconstraint494]. Thekey ideain their studyis to useintermediataepresentationseforeclassifying
scenesscenesre rst labelledwith respecto local andglobal propertiesoy humanobseners. Similarly to
OlivaandTorralbas work, VogelandSchielealsousedanintermediataepresentationbtainedrom human
obsenrersin learningthe semanticcontet of asceng150].

A mainrequiremenbf suchapproachess the manualannotationof “intermediate”properties.In Oliva
and Torralbas work, humansubjectsare instructedto rank eachof the hundredsof training scenesnto 6
differentproperties(e.g.,ruggednessxpansvenessroughnessetc.). In Vogeland Schieles work, human
subjectsareaskedto classify59; 582local patchedrom thetrainingimagesnto oneof 9 different“semantic
concepts”(e.g., water, foliage, sky, etc.). Both casesnvolve tensof hoursof manuallabel. Theseworks
clearly point to the usefulnes®f theseintermediataepresentationandmotivateusto think of methodsfor

learningtheserepresentationdirectly from the data: both becauséhand-annotatingmagesis tediousand



118
expensve,andbecausexpert-de nedlabelsaresomeavhatarbitraryandpossiblysub-optimal.

Much can also be learnt from studiesfor classifying different textures and materials [76, 106,147].
Traditionaltexture models rst identify a large dictionary of usefultextons(or codavords). Thenfor each
catgyory of texture,amodelis learntto capturethe signaturedistribution of thesetextons. We couldloosely
think of a texture asone particularintermediaterepresentatiof a complex scene. Again, suchmethods
yield a modelfor this representatiothroughmanuallysegmentedraining examples.Anotherlimitation of
thetraditionaltexturemodelis thehardassignmentf onedistributionfor aclass.Thisis ne if theunderlying
imagesaregenuinelycreatedby a single mixture of textons. But this is hardly the casein complex scenes.
For example,it is not critical at all thattreesmustoccupy 30% of a suturb sceneandhouse$50%. In fact,

onewouldlik e to recognizea suhurb scenewhethertherearemary treesor justa few.

13.2 Contributions

The key insightsof previouswork, therefore appeato be thatusingintermediateaepresentationsnproves
performanceandthattheseantermediateepresentationsiightbethoughtof astextures,in turncomposeaf
mixturesof textons,or codavords. Our goalis to take advantageof theseinsights,but avoid usingmanually
labelledor segmentedmagesto train the system,if at all possible. To this end, we adaptto the problems
of imageanalysisin recentwork by Blei andcolleagues[12], which wasdesignedo representndlearn
documenmmodels.In this framework, local regionsare rst clusterednto differentintermediatehemesand
theninto cateyories.Probabilitydistributionsof thelocal regionsaswell astheintermediatéhemesareboth
learntin anautomaticway, bypassingany humanannotation.No supervisionis heededapartfrom a single
catgyory labelto thetrainingimage.We summarizeour contribution asfollows.

Our algorithm provides a principled approachto learning relevant intermediaterepresentationsf

scenegutomaticallyandwithout supervision.

Our algorithmis a principled probabilisticframework for learningmodelsof texturesvia textons(or

codevords) [76,106,147]. Theseapproachesywhich usehistogrammodelsof textons,are a special

caseof our algorithm.Giventhe e xibility andhierarchyof our model,suchapproachesanbeeasily

generalizec&aindextendedusingour framework.

Our modelis ableto group cateyoriesof imagesinto a sensiblehierarchy similar to what humans

would do.
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Chapter 14

Hierar chical BayesianModel and
Learning

Fig. 14.1is asummaryof our algorithmin bothlearningandrecognition.We modelanimageasa collection
of local patchesEachpatchis representely acodevord out of alargevocahulary of codevords(Fig. 14.3).
The goal of learningis thento achieze a modelthat bestrepresentshe distribution of thesecodevordsin
eachcateyory of scenesin recognitionthereforewe rst identify all the codevordsin the unknowvn image.
Thenwe nd thecateggory modelthat ts bestthedistribution of the codevordsof the particularimage.
Our algorithmis basedon the Latent Dirichlet Allocation (LDA) modelproposedby Blei etal. [12].
We differ from their modelby explicitly introducinga cateyory variablefor classi cation. Furthermorewe

proposewo variantsof the hierarchicamodel(Fig. 14.2(a)and(b)).

14.1 Model Structure

It is easierto understandhe model (Fig. 14.2(a))by going throughthe generatie processfor creatinga
scenedn aspeci ¢ catggory. To putthe processn plain English,we begin by rst choosinga cateyory label,
say a mountainscene. Given the mountainclass,we draw a probability vectorthat will determinewhat
intermediateheme(s)}o selectwhile generatingeachpatchof the scene Now for creatingeachpatchin the
image,we rst determinea particularthemeout of the mixture of possiblethemes.For example,if a“rock”
themels selectedthiswill in turn privilegesomecodevordsthatoccurmorefrequentlyin rocks(e.g.,slanted
lines). Now that the themefavoring more horizontaledgesis chosen,one candrav a codevord, which is
likely to beahorizontalline segment.We repeathe procesof draving boththe themeandcodevord mary
times,eventuallyforming anentirebagof patchegshatwould constructa sceneof mountainsFig. 14.2(a)is
a graphicalillustration of the generatre model. We will call this modelthe ThemeModel 1. Fig. 14.2(b)is

aslightvariationof themodelin Fig. 14.2(a).We call it the ThemeModel 2. Unlessotherwisespeci ed, the
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Figure14.1: Flow chartof thealgorithm.

restof the chaptemwill focuson ThemeModel 1. Now we arereadyto shov the mathematicatletailsof the

formulationof this modelandhow we learnits parameters.

14.1.1 The ThemeModels

We begin with somenotationsand de nitions for the ThemeModel 1 in Fig. 14.2(a). We will contrast

explicitly theuseof terminologywith both [12] andthetexturestudies[76,147].

A patd x is the basicunit of animage,de ned to be a patchmembershigrom a dictionaryof code-

thatx! = 1andx¥ = Oforv 6 t. In Fig. 14.2(a) X is shadedy commoncorventionto indicatethatit
is anobsenredvariable.All othernodesn thegraphareunobsered,henceno shading.Theequialent
of animagein [12] is a“document. And acodevord (or patch)in our modelis a“word” in theirs.In

textureandmaterialliterature,a codevord is alsoreferredasto a “texton” [76,147].
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well asfeaturelevel codevords. (b) ThemeModel 2 for scenecategorizationthatshareonly thefeaturelevel
codevords;(c) Traditionaltexton model [76,147].

An imageis asequencef N patcheslenotedoy x = (x1;X2;:::;Xn ), wherex, is then™ patchof
theimage.
A catggoryis acollectionof | imagesdenotedoy D = fx1;X2;:::;X, 0. In [12], thisis equivalentto
a“corpus’

We cannow write down the procesghatgeneratesnimagei formally from the model.

1. Choosea catggorylabelc  p(c¢ ) for eachimage,wherec = f1;:::;Cg. C is thetotal numberof

catgyories. is aC-dimensionalectorof a multinomialdistribution.

2. Now for this particularimagein category ¢, we wantto draw a parametethatdetermineshedistribu-
tion of theintermediatehemege.g.,how “foliage,” “water” “sky” etc. aredistributedfor this scene).
Thisis doneby choosing p( jc; ) for eachimage. istheparametenf a multinomialdistribu-
tion for choosingthethemes. is amatrixof sizeC K, where . istheK -dimensionaDirichlet

parameteconditionedon thecatayoryc. K is thetotal numberof themes.

3. ForeachN patche,, intheimage:

Chooseathemez, Mult( ). z, is aK-dim unit vector z,'§ = lindicateshatthek™ themeis

selectede.g.,“rock” theme).
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Figure14.3: A codeboolobtainedfrom 650training examplesfrom all 13 cateyories(50 imagesfrom each
catgyory). Imagepatchesaredetectedvy a sliding grid andrandomsamplingof scales.The codevordsare
sortedin descendingrderaccordingto the numberof patcheghat belongto the codevord. Interestingly
mostof the codevordsappeato represensimpleorientationsandillumination patternssimilar to the ones
thatwe would nd in the earlyhumanvisual system.

Choosea patchx,  p(Xnjzn; ), where isamatrixof sizeK T. K is againthe number

of themesandT is thetotal numberof codevordsin the codebook.Thereforewe have |, =

p(xl = 1jzK = 1).
PK

A K dimensionalDirichlet randomvariable hasthe propertysuchthat 0, iy

distributionof  [45]. It hasthefollowing probability density:

PK
. . i=1 a 1) ... ok 1
Dir( jc¢)= Qg—— ) ,( )...|(<K )
i=1 ci

is a conjugatedistribution of a multinomial distribution. Sincethe themesz are bestdescribedas a dis-

cretevariableoverthe multinomialdistribution, Dirichlet distribution becomeshe naturalchoiceto describe

(14.1)
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Giventheparameters, and , we cannow write the full generatie equationof the model. It is the

joint probabilityof athememixture , asetof N themesz, asetof N patches< andthe cateyorycis

p(x;z; ;¢ 5 5 ) = p(g )pC jc; )
Y p(zai )P(Xnjzn: ) (14.2)
p(c ) nj Mult(cj ) (14.3)
p( je; ) = Dir(jj)©) (14.4)
P(zaj ) = Jn;tnt(znj ) (14.5)
P(Xnjzai ) = :l PO ) (14.6)

As Fig. 14.2(a)shavs, ThemeModel 1 is a hierarchicalrepresentatioof the scenecategory model. The
Dirichlet parameter for eachcateyoryis acateyory-level parameterssampledncein the procesof gener
ating a catgyory of scenesThe multinomialvariables arescene-lgel variables sampledonceperimage.
Finally, the discretethemevariablez andpatchx arepatch-leel variables,sampledevery time a patchis
generated.

If we wish to modeltheintermediatethemesfor eachcategory without sharingthemamongstall cate-
gories,we wouldintroducealink betweerthe classnodec to eachpatchx,, suchthatx,  p(Xnjzn; ;C),
wherethereareC differentcopiesof , eachof thesizeK  T. Thenwehave [, = p(xLjzk = 1). The

generatie equationsbove (Eq. 14.2-14.6)arehencechangedaccordingo this dependengonc.

14.1.2 BayesianDecision

Before we shov how we could proceedto learnthe model parameterslet us rst look at how decisions
are madegiven an unknovn scene. An unknonvn imageis rst representedby a collection of patchesor
codavords. We keepthe notationx for animageof N patches.Given x, we would like to computethe

probabilityof eachsceneclass:

p(cix; ; 5 )/ p(xjc; ; )p(d )/ p(xjc; ; ) (14.7)

where , and areparametersearntfrom atraining set. For corveniencethe distribution of p(¢j ) is
alwaysassumedo bea x eduniformdistributionin which p(c) = 1=C. Thereforewe will omit to estimate
from now on. Thenthe decisionof the category is madeby comparingthe likelihoodof x given each

catgyory: ¢ = argmax. p(xjc; ; ). Thetermp(xjc; ; ) isin generalobtainedby integratingover the
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hiddenvariables andz in Eq.14.2:

Z ¥oX !
pxj ; ;9= p(j ;0 P(znj )p(Xnjza; ) d (14.8)

n=1 2z,

UnfortunatelyEq. 14.8is nottractabledueto thecouplingbetween and [12]. However, awiderange
of approximatenferencealgorithmscanbeconsideredincludingLaplaceapproximationyariationalapprox-
imationandMCMC method [12]. In thefollowing section,we brie y outlinethe variationalmethodbased

on VariationalMessagdPassing(VMP) [155], a corvenientframeawork to carry out variationalinferences.

14.1.3 Learning: Variational Inference

In learning,our goalis to maximizethelog likelihoodtermlogp(xj ; ;c) by estimatingheoptimal and

. UsingJensers inequality we canboundthislog likelihoodin the following way:

. X
logp(xj ; ) a( ;z)logp( ;z;xj ; )d
Z x
q( ;2)loga( ;2)

= Eqllogp( ;z;xj ; )] Egqlloga( ;2)]

wherethe probabilitydensityfunctiong( ;zj ; ) couldbeary arbitraryvariationaldistribution. By letting

L( ; ; ; ) denoteheRHSof theabore equationwe have:
logp(xj ; ) = L(; ;5 )+
KL(a( ;zj 5 )kp( ;zjx; 5 ) (14.9)

wherethe secondterm on the RHS of the above equationstandsfor the Kullback-Leiblerdistanceof two
probability densities.By maximizingthelower boundL( ; ; ; ) with respecto and isthesameas
minimizing theKL distancebetweerthe variationalposteriorprobabilityandthetrue posteriomprobability.
GivenEq. 14.9,we rst estimatethe variationalparameters and . Substitutingthe variationallower
boundasa surrogatdor the (intractable)maminallikelihood,we canthenin turn estimatehe modelparam-

eters and . Theiterative algorithmalternatedbetweerthe following two stepgtill corvergence.

1. (E-step)For eachclassof images optimizevaluesfor the variationalparameters and . Theupdate
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rulesare:
X
i = it ni (14.10)
"=H 3
X
nio o expt () ( i) (14.11)

wherei is theimageindex, n the patchindex and () adigammafunction.

2. (M-step)Maximize theresultinglower boundon the log lik elihoodwith respecto the modelparam-
eters and . We cando thisby nding the maximumlik elihoodestimatesvith expectedsufcient

statisticscomputedn the E-step [12,88].

14.1.4 A Brief Comparison

We cancomparethis hierarchicamodelwith a traditionaltexton modelfor texture recognition for instance
[76,147]. Fig. 14.2(c)is a graphicalrepresentatiomf a traditional texton model. We seeherethat for a
given classof texturesor materials,only a singlemultinomial parameter is associatedvith theclass. In
otherwords,to generat@animage,all patchesaredravn from asingle“theme’ This mightbe ne whenthe
trainingdataare“pure” texturessggmentednanually Sincethereareno “contaminations’of other‘themes”,
thesinglemixturelearntfrom thecodevordsmightsufce. Asshavn by [76], thisframewnork maybefurther
extendedby trainingdifferentmodelsfor thesamecategory of texturesunderdifferentlighting andview point
conditions.Thisagainrequiresnanualkeparationsf dataandlabellingof thesegmentedextures.in Chapter
??, we will shav empiricallythatby explicitly modellingthe intermediatehemesn thesecomplex scenes,

our modelachieresbetterrecognitionperformancethanthetraditional“texton” modelin Fig. 14.2(c).

14.2 Featuresand Codebook

In the formulation of the thememodel, we represeneachimageasa collection of detectedpatchesgeach
assigned membershipo alargedictionaryof codevords.We shav now how thesepatchesareobtainedand

membershipsissigned.

14.2.1 Local RegionDetectionand Representation

While mostprevious studieson naturalscenecateyorizationhave focusedon usingglobal featuressuchas

frequeng distribution, edgeorientationsandcolor histogram49,132,144], recentlyit hasbeenshown local
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regionsare very powerful cues [150]. Comparedo the global features,Jocal regionsare more robustto

occlusionsandspatialvariations.We have testedfour differentwaysof extractinglocal regionsfrom images.

1. EvenlySampledsrid. An evenly sampledyrid spacecht10 10 pixelsfor agivenimage. Thesizeof

thepatchis randomlysampledetweerscalel0to 30 pixels.

2. RandomSampling 500 randomlysampledpatchedor a givenimage. The size of the patchis also

randomlysampledetweerscalel0to 30 pixels.

3. Kadir andBrady SaliencyDetector Roughly100 200regionsthataresalientoverbothlocationand
scaleareextractedusingthe salieny detector[66]. Scalesof eachinterestpointis betweenl0 to 30

pixels.

4. Lowe's DoG Detector Roughly 100 500 regions that are stableand rotationally invariant over
differentscalesareextractedusingthe DoG detector[79]. Scalesof eachinterestpoint vary between

20to 120pixels.

We have usedtwo differentrepresentationfor describinga patch:normalizedl1 11 pixel grayvalues

oral28 dim SIFT vector [79].

14.2.2 CodebookFormation

Giventhecollectionof detectechatchegrom thetrainingimagesof all cateyories,we learnthe codebookoy
performingk-meansalgorithm[76]. Clusterswith too smalla numberof membersarefurther prunedout.
Codeswrdsarethende ned asthe centersof the learntclusters.Fig. 14.3showvs the 174 codevordslearnt

from thegrayvaluepixel intensities.
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Chapter 15

Experiments & Results

15.1 Datasetand Experimental Setup

Ourdatasetontainsl3 cateyoriesof naturalscenegFig. 15.1): highway ( [94], 260images)jnsideof cities
( [94], 308 images),tall buildings ( [94], 356 images),streets( [94], 292 images),sulurb residencg241
images)forest( [94], 328images),coast( [94], 360images),mountain( [94], 374 images)opencountry
([94], 410images)bedroom(174images)kitchen(151images)/Jivingroom(289images)andof ce (216
images).Theaveragesizeof eachimageis approximately250 300pixels. The8 cateyoriesthatareprovided
by OlivaandTorralbawerecollectedfrom amixtureof CORELimagesaswell aspersonaphotographgd94].
Therestof the 5 catgyoriesareobtainedby usfrom boththe Googleimagesearchengineaswell aspersonal
photographslt is alsoworth noting that4 (coast,forest,opencountryandmountain)of the cateyoriesare
similarto the4 of the6 categoriesreportedn [150]. But unlike them,we only usegrayscaléemagesor both
learningandrecognition.We believe thatthis is the mostcompletescenecategory dataseusedin literature
thusfar.

Eachcatagory of scenesvassplit randomlyinto two separatsetsof imagesN (100) for trainingandthe
restfor testing. A codebookof codevordswaslearntfrom patchesdravn from a randomhalf of the entire
training set. A modelfor eachcateyory of scenesvasobtainedfrom the trainingimages. Whenasled to
catgyorizeonetestimage,the decisionis madeby assigninga catgory labelto theimagefrom the cateyory
modelthatgivesthe highestlik elihoodprobability. A confusiontableis usedto illustratethe performancef
themodels.On theconfusiontable,the x-axisrepresentshe modelsfor eachcategyory of scenesThey-axis
representshe groundtruth cateyoriesof scenes.The ordersof scenecategoriesarethe samein both axes.
Hencein the ideal caseone shouldexpecta completelywhite diagonalline to showv perfectdiscrimination
power of all categgory modelsover all cateyoriesof scenes.Unlessotherwisespeci ed, all performanced

Chapter?? arequotedasthe averagevalue of the diagonalentriesof the confusiontable. For a 13-catayory
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| Descriptor | Grid | Random | Salieny [66] | DoG [79] |
11 11Pixel 64.0% 47:5% 45:5% N/A
128-dim Sift 65:2% 60:7% 531% 52.5%

Table15.1: PerformanceomparisorgivendifferentfeaturedetectorsandrepresentationsChe performance
is quotedfrom themeanof the confusiontablesimilarto thatof Fig. 15.4. SIFT representatioseemdo bein
generalmorerobustthanthe pixel grayvaluerepresentationThe sliding grid, which yieldsthe mostnumber
of patchesputperformsall otherdetectors.

recognitiontask,randomchancewould be 7:7%. Excludingthe preprocessingime of featuredetectionand
codebookformation, it takesa few minutes(lessthan 10) to obtain 13 categoriesof models(100 training

imagesfor eachcategory) ona 2:6 Ghzmachine.

15.2 Results

Fig. 15.4is anoverview of the performancef the ThemeModel 1 trainedwith 100imagesfrom eachof the
13 categories. Fig. 14.3shaws the correspondingodeboolearnt. 650 testingimages(50 from eachclass)
areused. Therearea total numberof 40 themes. Our model achiezed an averageperformanceof 64:0%
(randomchanceis 7:7%). A closerlook at the confusiontable (Fig. 15.4(a))revealsthatthe highestblock
of errorsoccursamongthe four indoor cateyories:bedroom/Jivingroom,kitchenandof ce. Anotherwayto
evaluatethe performancas to usethe rank statisticsof the categorizationresults(Fig. 15.4(b)). Using both
thebestandsecondestchoicesthe meancategorizationresultgoesup nearly20%to 82:3%.

Both Fig. 15.2andFig. 15.5demonstratsomeof theinternalstructureof the modelslearntfor eachcat-
egory. Takethe“highway” category asanexamplein Fig. 15.2. Theleft panelshavs the averagedistribution
of the40intermediatehemedor generatindhighway images.In theright panel,we showv the averagedistri-
bution of all codevordsfor generatinchighway images aftera large numberof samplingg(1000. Clearly,
this distribution of codevords (174, Fig. 14.3)is very muchin uenced by the distribution of themes.We
shaw in theright panel10 of thetop 20 codevordsthataremostlik ely to occurin highwayimages Notethat
horizontallines dominatethe top choices.This is to be contrastedfor instanceto the likely codevordsfor
thetall building cateyory. We seethatmostof thetop-choicecodevordsareverticaledgesn the caseof tall
buildings. The4 indoorcategoriesall tendto have sharphorizontalandverticaledgesThisis quiterevealing
of thescenestatisticsfor thesemanmadeindoorstructuresFurther by looking atthedistribution of boththe
themesandthe codavordsof thesefour indoor cateyories, it is not surprisingthatthey areeasilyconfused
amongeachother Fig. 15.3thenshavs sometestingimageexamples.

Takingthedistributionsof themesrom eachcateyory, we canfurtherestablistsomerelationshipamong
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kitchen bedroom  opencountry  mountain coast forest suburb street tall building inside of city ~ highway

livingroom

office

correct incorrect

Figure15.3: Exampleof testingimagedor eachcateyory. Eachrow is for onecategory. The rst 3 columns
ontheleft shov 3 examplesof correctlyrecognizedmagesithelastcolumnon theright shavs an example
of anincorrectlyrecognizedmage. Superimposedn eachimage,we shov samplesf patcheghatbelong
to the mostsigni cant setof codevordsgiventhe categgory model. Note thatfor the incorrectly cateyorized
images,the numberof signi cant codevords of the modeltendsto occurlesslikely. (This gure is best
viewedin color.)
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Figure15.4: Left Panel. Confusiontableof ThemeModel 1 using100trainingexamplesand50 testexam-
plesfrom eachcategory, the grid detectorandpatchbasedepresentatiorRight Panel. Rankstatisticsof the
confusiontable,which shawvs the probability of a testscenecorrectlybelongingto oneof thetop N highest
probability categories.N rangesrom 1to 13.
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Figure15.5: Exampleof themedor theforestcategory. Left Panel Thedistribution of all 40 themesRight
Panel The5 mostlik ely codevordsfor eachof the4 dominanthemesdn thecategory. Noticethatcodevords
within athemearevisibly consistentThe“foliage” (#20,3) and“tree branch”(#19)themesappeato emege
automaticallyfrom thedata.
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the cateyoriesby looking at the modeldistancesamongthem (seethe dendrogramin Fig. 15.6). Whenthe
distribution of the themesare close, the catggorieswould also be closeto eachother on the dendrogram.
For example,the closestcategyoriesare the 4 indoor ervironments. Fig. 15.7(a)shaws that by sharingthe
resource®f codevordsandintermediatehemesthenumberof signi cant codevordsfor learningmoreand
morenew modelstendsto level off quickly [137].

Fig. 15.8 illustrates3 differentaspectwof the algorithm: performancesersusthe numberof training
examples(a), of themeg(b) andof codevordsin the codebook(c). Table15.1showvs how differentfeature

detectionandrepresentatiom uencesthe performance.
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Chapter 16

Summary

We have proposedh Bayesiarhierarchicamodelto learnandrecognizenaturalscenecategories. Themodel
is anadaptationio vision of ideasproposedecentlyby Blei andcollaboratorg12] in thecontext of document
analysis While previousscheme$94,150]requireadetailedmanualannotatiorof theimagesn thetraining
databasepur modelcanlearncharacteristiéntermediatéthemes”of scenesvith no supervisionnorhuman
intervention,andachievescomparablgerformancdo VogelandSchiele(seeTable16.1for details.).

Our modelis basedon a principled probabilisticframework for learningautomaticallythe distribution
of codevordsandthe intermediate-leel themeswhich might be thoughtto be akin to texture descriptions.
Intermediate-leel descriptionsare shavn to be useful[94]; Fig. 15.7(b)shaws thatindeedthis modelout-
performsthe traditional“texton models”whereonly a x ed codavord mixing patternis estimatedor each
catgyory of scene$147]. Oneway to think aboutour modelis asa generalizatiorof thethe “texton models”
[76,147] for textures,which needsamplesof “pure” texture to betrained. By contrast,our modelmay be
trainedon completescenesndinfer theintermediatéthemes”from thedata.In thefuture, it is importantto
furtherexplorethis relationshipbetweerthe “themes”to meaningfultexturessuchasthe semanticconcepts

suggestetby [94,150]. In addition,we provide aframework to shareboththebasiclevel codevordsaswell as

# of catey. | training # per | trainingrequirements perf. (%)
catey.
ThemeModel 1 13 100 unsupervised 76
[150] 6 100 human annotationof 9 semantic| 77
conceptdor 60; 000patches
[94] 8 250 300 human annotationof 6 properties| 89
for thousandsf scenes

Table16.1: Comparisorof our algorithmwith othermethods The averageconfusiontableperformancesare
for the 4 comparablecategories(forest,mountain,opencountryandcoast)in all methods.We useroughly
1=3 of thenumberof trainingexamplesandno humansupervisiorthan [94]. Fig. 15.8(a)indicateghatgiven
moretraining examplespur modelhasthe potentialof achiere higherperformances.
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intermediatdevel themesamongstifferentscenecatagyories.Similarly to whatTorralbaandcolleague$137]
found,the numberof featurego belearntincreasesub-linearlyasthe numberof new cateyoriesincreases.
We testedour algorithmon a diversesetof scendypes,introducinga numberof new cateyories(13 here,
asopposedo 4+4in [94] and6 in [150]). Thelacklustemperformance$or theindoorscenesuggesthatour
modelis not complete.At a minimum, we needaricher setof features:by usingdifferentcuesaswell asa

hierarchyof codevords,we might be ableto form muchmorepowerful modelsfor thesedif cult categories.
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Appendix A

A.1 De nition of Various Densitiesand Functions
A.1.1 Dirichlet Distrib ution

A Dirichlet, with variables = f 1;:::; gandparameters = f 1;:::; g
P
Y
D(j):éy N (A1)
1 =1 ( ! ) 1 =1
where 1;:::; Oand q1;:::; > 0and ,_; 1 = 1 TheDirichletdistributionis the conjugate

to themultinomialdensity
A symmetridirichlet densityhasall the 'sthesamevalue,e.g., o, andthedensityreducego:

( oY .
L (A.2)

D(jo)=

A.1.2 Normal-Wishart Distrib ution

A Normal-Wishartdensityis the conjugatedensityfor the parameterof a normal distribution. We rst
conditiononthe :

p( ;) =p( i) p() (A.3)
thenwe modelthe termwith anormaldensityandthe termwith aWishart:

p( ) =G jm; 1) (A4)

wherem; arehyperparameters.
Technically since is a covariancematrix ratherthana precisionmatrix, we actually usean inverse-
Wishartdensity:

p() =W ( jaB)=

1 B a=2
2

1 1
a(a=2)] j@+d =2 exp( ETV( B)) (A.5)

whered is thedimensionalityof , a; B arehyperparametersyith a beingthenumberof degreesof freedom
in and:

Yd
¢(n=2)= 4@V ((n+ 1 0)=2) (A.6)
i=1
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A Wishartdensity(assupposedo aninverse-Wshart)hasthe following form:

1 1 + d+ = :2
j jeran = & T exp( 5Tr( B))

W( ja;B) = A7
( jaB) e (A7)
A.1.3 Gamma Distrib ution
A Gammadensitywith variablex andparameter®;cis:
o1 oxet X
( xjb;c) = o F exp Y (A.8)

wherex 0and ( c) isthe Gammafunction The meanof the densityis bcandthevarianceb?c.

A.1.4 Multi variate Student's T Distrib ution

A d dimensionalStudents T distribution having the vectorm asthe variable,k degreesof freedomand
parameterd; C hastheform:

1

S(mikibic) = ( 3Liz(k d+ 1)jkCj*=2(1+ (m b)T(kC) Y(m b))k+D=2)

(A.9)

wherel is avectorof onesof lengthd; C mustbeapositvede nite matrixandk > d 1. () isaDirichlet

function:
(91)5: (ga) (h)

(g;h)= C g+ h

(A.10)

A.1.5 Kullback-Leibler Distance

Giventwo p.d.fsp() andq() thatexist over the samespacex, the Kullback-Leiblerdistancebetweenthe
two distributionsis:

X
. p(x)
KL = x) log —= A1l
(pija) ) p(x) 9900 (A.11)
NotethatKL (pjjg) 0 alwaysholds.
A.1.6 Digamma Function
The Digammafunctionis de ned as:
dlog (2) _ %2
(2) z - (2 (A.12)

A.2 Learning using a conjugatedensity parameter posterior

Recallthe mixture of constellatiormodelsfrom Eq. 17 in [34]:

X X
POCGA )= p(ti ) P T TOR(AR] F5 ) (A.13)
=1 h=1
Eachcomponent hasa mixing coefcient | ; ameanof shapeandappearance ¢; f'; anda precision

matrix of shapeandappearance .X ; !A . The X andA superscriptslenoteshapeand appearancéerms,
respectiely. Collectingall mixture component@andtheir correspondingparametersogetherwe obtainan
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overallparametewector = f ; X; A: X: Ag Assumingwe have now learntthe modeldistribution
p( jXi;At) from asetof trainingdataX; andA., we de ne themodeldistributionin thefollowing way:

Y
P( X A)=p( ) pC T 1RCRC T )PC ) (A.14)

wherethe mixing components a symmetricDirichlet: p( ) = Dir ( , | ), thedistribution over the shape
precisionsis a Wishart p( !X) = W( !Xja!x B !X) and the distribution over the shapemeanconditioned
on the precisionmatrix is Normal: p( j ¥) = G( ¥jm{; X ). Togetherthe shapedistribution
p( &, !X) is a Normal-Wishartdensity[5, 102]. Notef ,;a ;B,;m,; | g are hyperparametergor
de ning their correspondinglistributions of model parameters.ldenticalexpressionsapply to the appear
ancecomponentn Eq.A.14.

A.2.1 Variational methods

We rskreview brie y thevariationalmethodfor modellearning.We have someintegralwe wishto evaluate:
R = f()d. Wewrite f( ) asafunctionof its parametersand somehiddenvariables,S: f () =
s 9( ;' S) dS. Applying Jensers inequalityto give usalower boundon theintegral, we get:

yA
F = g( ;S)dsSd
Sz z

exp q( ;S) IogM dsd provided q( ;S)dsSd =1 (A.15)
'S ;S

al ;S)

VariationalBayesmakesthe assumptiorthatq( ; S) is a probability densityfunction that can be factored
intoq ( )gs(S). We theniteratively optimizeq andgs usingexpectationmaximization(EM) to maximize
thevalueof thelower boundto theintegral (see[87,102]). If we considergy( ; S) the“true” p.d.f.,by using
the abose methodwe areeffectively decreasinghe Kullback-Leiblerdistancebetweerg( ; S) andq( ;S),

henceobtainingaq( ; S) thatapproximateshetruep.d.f.

A.2.2 Variational BayesianEM

Recall that we have a mixture modelwith ~ components. Collecting all mixture componentsand their
correspondingarametersogether we have an overall parametevector = f ; X; A: X:. Ag For
n trainingimageswe have fX "; Af'g with n = 1:::N. In the constellatiormodel,eachimagen hasjH "]
hypotheseseachoneof which picksout P featuresfromfX "; A"gto give fX ; Al g. We have two latent
variablesthehypothesi$ andthemixturecomponent . We assumehattheprior onarny hypothesisaiways
remainsuniform, namelyl=jH "j, soit is omittedfrom the updateequationssinceit is constant\We cannow

expresshelikelihoodof animagen as:

X IR"
pX" A" ) = P(ta =1 )POXRT 15 T)P(ART T 1) (A.16)
!'=1 h=1
wherep(! =!j )= ,.Boththetermsinvolving X ; A aborehave aNormalform. Theprior onthemodel

parameterfiasthe sameform asthemodeldistributionin Eq. A.14:

Y
pC)=p( ) pC T RCTRC T T)RC ) (A7)

wherethemixing priorisp( ) = Dir ( ol ), andtheshapepriorisaNormal-Wshartdistributionp( f()p( X f()=
G Xjmg; & HW( {jag;By7). Identicalexpressionspplyto theappearanceomponenbf Eq. A.17.
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A.2.3 The E-stepof BayesianOne-Shot

The centralideaof BayesianOne-Shotis to approximatethe posteriordistribution p( ;! ;hjX;A) by an
optimalapproximatiorng( ;! ;h) thatis factorisableg( ;! ;h) = q( )q(! ;h), where! andh arehidden
variableswhile is the actualmodelparameter In the E-stepof BayesianOne-Shotq(! ; h) is updated
accordingto:

q(! ;h)/ exp[l(!;h)] where 1 (! ;h) =< logp(X; ;A¢;! ;hj )> (A.18)
andthe expectationis takenw.r.t. g( ) [102]. 1 (! ; h) canbefurtherwrittenas:
(! ;h) = Hogp(Xj! ;h; )p(Aj! ;X hy )p(tj )p(h)i (A.19)

If wede nel (! ; h) for eachimagen, eachmixturecomponent andeachhypothesi$ as~1".,,, theindicator
posteriorwe thenhave theupdaterule:

~h = 7 (Xp) = (AR) (A.20)
where:
X
log(~)= ( 1) ( 1 0) (A.21)
ny — 1 n' X\T X n X ~Xy1=2 X
= (Xp') = exp E(xh mt) Xy m7)  (77)%exp 2 X (A.22)
log—} = ((a*+1 i)=2) logjBj+ d*log2 (A.23)
i=1
L =atey) ! (A.24)

where () is the Digammafunctionandd® is the dimensionalityof X,". SuperscripX indicatesthatthe
parameterare relatedto the shapecomponenif the model. The RHS of the above equationsconsistsof
hyperparametersor the parameteiposteriors(i.e., , m, B, anda). ~ (A}]) is computedexactly the
sameway as~ (X}'), usingthe correspondingarametersf theappearanceomponentWe thennormalize
to give:

Pa=h N (A.25)

-n
1 0;h0 1 0;n0

whichis the probabilitythatcomponent is responsibldor hypothesis of then™ trainingimage.

A.2.4 The M-stepin BayesianOne-Shot
In the M-step,q( ) is updatedaccordingto:

al )/ expli( )lp( ) where 1( ) =<logp(X; ;A¢;! hj) > (A.26)
Again,theabove equationcanbewritten as:
() = Hogp(X¢j! ;h; )p(Adjt ; Xeshs )p(tj )p(h)iy n (A.27)

andthe expectationis takenw.r.t. (! ; h).
We showv herethe updaterulesfor the shapecomponents.The equationsare exactly the samefor the
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appearanceomponentsWe de ne thefollowing variables:

LR R
N Uh (A.28)
n=1 h=1
N! = N 1 (A29)
X 1 X\I anj n n
TN Uih Xn (A.30)
''n=1 h=1
X 1 X\I anj n n X n XAN\T
r= N, {:h (Xn (X ) (A.31)
''n=1 h=1

Now we arereadyto re-estimatéhemodeldistributionp( jX;; A¢; O) throughupdatingthehyperparameters
(f +;a ;B ;my; g thatgovernthe shapeof the distribution. For the mixing coefcients we have a
Dirichlet distributionq( ) = Dir ( ) wherethe hyperparameterareupdatedoy:

r =Ny + o (A.32)

Forthemeanswehaveq( Xj ¥)= Gm{; X ) where:

x _ N '+ §mg
my = N+ X (A.33)
o= N+ § (A.34)

For the noiseprecisionmatrix we have a Wishartdensityq( !X) = W(af; B!X) where:
N, X ( X m X )( X m X )T X
X t ol o)L i 0 X

BY = No+ +N, | +Bj (A.35)
a = Ny +a} (A.36)

A.3 MAP learning

Having laid out the variationalBayesianframework for learningandrecognition,we now give the learning
equationdor the MAP scenario.In Section6 of [34] we will comparethe performanceof ML [39], MAP
andthe VariationalBayesiamapproaches.
In the MAP scenariotheintegralin Eq.6 in [34] canbesimpli ed as:
z

p(X;Aj ;0)p( Xi;Ai;0)d  p(X;A] MP.0)

M

where  MAP = argmax p(Xi; A¢j ;0)p( ) (A.37)

Theprior distributionof p( ) in MAP hasthesameform asEq.A.17 in VariationalBayes:

Y
pC)=p( ) (T pCTRC T T)pC ) (A.38)

where the mixing prior is p( ) = Dir( 1.0l ), andthe shapeprior is a Normal-Wshart distribution
p( X5 e 1) = G Xim¥er Ko FIW( XjaX,e:B1,). Identicalexpressionsapplyto the appear
ancecomponenbdf Eq. A.38.
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A.3.1 Expectation Maximization (EM) for MAP

The centralideaof EM for MAP is to obtainthe optimal throughiteratively optimizingtheq( *; ' 1)
X. AL

function,where containghesetof parameter§ ; *; A; AN

X
a( % " hH= logp(! ;XA Y p(tiX;A; U (A.39)

!
In the E-stepwe calculatetheindicatorfunctionfor eachhypothesish andeachmixturecomponent :

n

fh = 11 (X)) 1 (AR)

where  ~ (X") = — exp %(xhn mia)" L HXE ml,)  (A40)

-
(2 )92 1]

Thesameform of equationappliesto ~ (Af). Finally we obtainthe normalizedindicatorfunction:

M= pP—"_ (A.41)
1 0:n0 71 0:p0
In theM-step,we maximizeq( *; ' 1) overeachof theparameter§ ; *X: A; X: “g. Forconve-
niencewe only shaov heretheupdaterulesfor themixturecomponenaswell astheshapeaelatedparameters.
Appearanceelatedparametertave the sameupdateform astheir shapecounterparts.

Pn Piurj
_ _ + . 1
p o= o0t Bt th 0 (A.42)
N + 1=1 !0
PN PjH"l n
- - Xy + m
= = hXh r0Mio
T : (A.43)
L ht o
X = N el T (X 'X).(Xr? T+ o mEe( S m!><;o)T+B!><;o(A'44)

n X X X
a4 hm tmt lota@lytdi+l



