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Abstract

Objectandscenerecognitionis oneof themostessentialfunctionalitiesof humanvision. It is alsoof fun-

damentalimportancefor machinesto beableto learnandrecognizemeaningfulobjectsandscenes.In this

thesis,weexplorethefollowing four aspectsof objectandscenerecognition.

It is well known that humanscanbe “blind” even to major aspectsof naturalsceneswhenwe attend

elsewhere. The only tasksthat do not needattentionappearto be carriedout in the early stagesof the

visualsystem.Contraryto this commonbelief,we show thatsubjectscanrapidly detectanimalsor vehicles

in brie�y presentednovel naturalsceneswhile simultaneouslyperforminganotherattentionallydemanding

task. By comparison,they areunableto discriminatelarge T's from L's, or bisectedtwo-color disksfrom

their mirror imagesunderthe sameconditions. We explore this phenonmenonfurther by removing color

from thenaturalscenes,or increasingthenumberof imagesperipherally. We �nd evidencethatsuggeststhat

familiarity andmeaningfulnessmight beamongthefactorsthatdetermineattentionalrequirementsfor both

naturalandsyntheticstimuli.

Sowhatexactlydoweseewhenweglanceatanaturalscene?And doeswhatweseechangeastheglance

becomeslonger? We asked naive subjectsto reportwhat they saw in nearly a hundredbrie�y presented

photographs.After eachpresentationsubjectsreportedwhat they hadjust seenascompletelyaspossible.

Afterward, anothergroupof sophisticatedindividualswho werenot awareof the goalsof the experiment

wereinstructedto scoreeachof thedescriptionsproducedby thesubjectsin the�rst stage.Individualscores

wereassignedto morethana hundreddifferentattributes. Given the evaluationof the responses,we show

thatwithin asingleglance,muchobjectandscenelevel informationis perceivedby humansubjects.But the

richnessof ourperceptionseemsasymmetrical.Subjectstendto haveabiasto naturalscenesbeingperceived

asoutdoorratherthanindoor.

In computervision, it is commonlyknown that learningvisual modelsof objectcategoriesnotoriously

requiresthousandsof training examples. We show that it is possibleto learn much information abouta

category from just one image,or a handfulof images. The key insight is that, ratherthan learningfrom

scratch,one can take advantageof knowledgecoming from previously learnt categories,no matterhow

differentthesecategoriesmightbe.WeexploreaBayesianimplementationof this idea.Objectcategoriesare

representedby probabilisticmodels.Prior knowledgeis representedasa probabilitydensityfunctionon the

parametersof thesemodels.Theposteriormodelfor anobjectcategory is obtainedby updatingtheprior in

thelight of oneor moreobservations.Wetestasimpleimplementationof ouralgorithmonadatabaseof 101

diverseobjectcategories.We comparecategory modelslearntby a simpleimplementationof our Bayesian

approachto modelslearntfrom maximumlikelihood(ML) andmaximuma posteriori (MAP) methods.We

�nd thatin adatabaseof morethan100categoriestheBayesianapproachproducesinformativemodelswhen

thenumberof trainingexamplesis toosmallfor othermethodsto operatesuccessfully.

Wealsoproposeanovel approachto learnandrecognizenaturalscenecategories.Unlikepreviouswork,
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it doesnot requireexpertsto annotatethetrainingset. We representthe imageof a sceneby a collectionof

local regions,denotedascodewordsobtainedby unsupervisedlearning.Eachregion is representedaspartof

a “theme.” In previouswork, suchthemeswerelearntfrom hand-annotationsof experts,while our method

learnsthethemedistributionsaswell asthecodewordsdistributionover thethemeswithoutsupervision.We

reportsatisfactorycategorizationperformancesona largesetof 13categoriesof complex scenes.
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Part I

Intr oduction
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To understandhow humansseeandto build machinesto seearetwo importantgoalsin scienceandengineer-

ing. Thepurposeof this thesisis two-fold. On thehumanvisionside,we explorepropertiesof naturalscene

recognitionthroughpsychophysicsexperiments.On the computervision side,we proposetwo algorithms

thatlearnandrecognizeobjectsandnaturalscenes.

We will introducethesigni�canceof our questionsaswell asour contribution separatelyin eachof the

following part:

In Part II, wepresentaseriespsychophysicsstudiesthatshowsrapidnaturalscenecategorizationrequires

very little attention.We furtherexplorevariousaspectsof this astonishingability.

In Part III, we take the questionof naturalscenerecognitionfurther by studyingwhat humansubjects

perceive in a glanceof a real-world image.

In Part IV, a computervision model is proposedfor learningobjectcategorieswith very few training

examples.We useBayesianlearningtechniqueto incorporateusefulprior informationto achievethis goal.

Finally in PartV, weshow thatnaturalscenecategorizationcouldbedonewithoutmuchhumansupervi-

sionin a hierarchicalBayesianmodel.
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Part II

Natural SceneCategorization in the

Near Absenceof Attention
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Chapter 1

Intr oduction

1.1 Background

Psychologistshavelongknown thatcertainvisualsearchtasksrequireminimalor noattention.A hallmarkof

preattentivevision is thatit is achievedin aseeminglyparallelfashion:apreattentivetaskmaybecarriedout

simultaneouslywith othervisualtasks[17]; targetdetectiondoesnotbecomesigni�cantly moredif�cult when

thenumberof distractorsis increased[15,140]. However, noneof theknown preattentive tasksapproaches

thesophisticationof everydayvisionwherecomplex scenesmustbescrutinizedin orderto assesshigh level

propertiessuchasthepresenceof dangerandthestructureof a socialinteraction.Virtually all of thevisual

tasksthatmaybeperformedpreattentivelyhavebeenexplained,eitherin detailor in principle,by quasi-linear

modelsthatreplicatemechanismsfoundin theearlystagesof our visualsystem[7,83]. While muchcanbe

accomplishedby thesesimplemechanisms,it is quite clear that they are inadequatefor explaining “high

level” perceptionsuchasrecognitionandcategorization,i.e., visual processesthat rely on neuralactivities

in the inferior temporalcortex andbeyond [43,68,78]. This would suggestthat thereis no sophisticated

propertyof thescenethatwecanseewithoutpayingattention.In agreementwith thisview, changeblindness

andinattentionalblindnessstudiesdemonstratethat without visual attention,signi�cant changesin a large

partof thevisual�eld caneasilyescapeourawareness[82,96,115,128].

On theotherhand,somecomplex visual taskscanberapidly accomplishedby our visualsystem.RSVP

(rapidserialvisualpresentation)experimentshavedemonstratedthatnaturalobjectsbelongingto aspeci�ed

category may be classi�ed remarkablyfast [109,130]. Thorpeand colleagueshave found that complex

naturalscenescanbecategorizedin aslittle as150ms[22,29,135,136,146]. Thisastonishingspeedrelative

to thetimeconstantof informationprocessingandtransmissionin networksof neuronsraisesthequestionof

whetherattentionplaysacritical role in this typeof rapidvisualprocessing.

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

andto whatextentattentionplaysa role in varioustypesof visualtasks.

1.2 Contribution

To thesurpriseof currentattentiontheories[140], we �nd that thereis little or no attentionalcostin rapid

visualcategorizationof complex, naturalimages[77]: detectingthepresenceof ananimal,or a vehicle,in a

naturalphotograph,a genuinelychallengingtaskfor today's computervision algorithms,canbecarriedout

by humanobserversin thenear-absenceof attention.Subjectscouldperformthis taskequallywell aloneor

simultaneouslywith anotherattention-demandingtask(i.e., decidingwhether5 randomlyrotatedTs andLs

presentedat �xation wereall identicalor whetheroneof themdifferedfrom the others). Underthe same

dual-taskconditions,subjectscouldnot performapparentlysimplerdiscriminationtasksinvolving synthetic

stimuli (discriminatingbetweenasingleperipherallyrotatedT or L, or discriminatingbetweenred-greenand

green-redbisecteddisks).

While themainresultimpliesthatnaturalscenesprobablyholdaspecialstatusfor ourvisualsystems,it is

unclearexactlywhataboutthesestimuli is responsiblefor thisdistinctiveness:is it themerefactthatapicture

is naturalratherthansynthetic,or aretheresomeassociated(or confounded)factorsthatcouldberesponsible

for determiningattentionalrequirements?We follow thesequestionsin the secondsetof experimentsthat

investigatea varietyof suchpotentialfactorsandestablishhow they canaffect theattentionalrequirements

of recognitiontasksusingnaturalandarti�cial stimuli. We �nd that naturalscenecategorizationwithout

attentionrequireslittle stimulus-speci�ctraining. It is robust to lack of color informationor increasingthe

setsizeof thestimuli presented.In contrary, multiple redundantcopiesof syntheticstimuli do not improve

theperformancesof recognitionwithout attention.Somesimpletasks,suchassingleletter discrimination,

requiremuchattentionalassistanceunlessthelettersarepresentedin afamiliar, uprightposition.Wehypoth-

esizethatattentionis particularlyimportantfor tasksthatdo not have neuronalrepresentationsin thevisual

pathway. Naturalscenecategorization,a well-learnedandfamiliarizedtaskfor mosthumanobservers,does

not requiremuchattention.
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Chapter 2

GeneralMethod

2.1 Subjects

Fifteenhighly motivatedCalifornia Instituteof Technologyundergraduatesandgraduatestudents(from 20

to 26 yearsold) servedassubjectsin all or part of the following experiments.Eachsubjectenrolledfor at

least15 daily sessionsof 1 hour andreceived payment. Subjectsreportednormalcolor vision andvisual

acuity(sometimeswith correctivelensesor glasses),but underwentno testsin this respect.All subjectswere

right-handed.All subjectswerenaiveaboutthepurposeof theexperiments.

2.2 Apparatus

2.2.1 Database

Thepictureswerecomplex colorscenestakenfrom alargecommerciallyavailableCD-ROM library allowing

accessto several thousandstimuli. Theanimalcategory imagesincludedpicturesof mammals,birds, �sh,

insectsandreptiles.Thevehiclecategoryimagesincludedpicturesof cars,trucks,trains,airplanes,shipsand

hot-airballoons.Therewasalsoa very wide rangeof distractorimages,which includednaturallandscapes,

city scenes,photosof food,fruits, plants,housesandarti�cial objects.

2.2.2 Equipment

Subjectswereseatedin a dark room especiallydesignedfor psychophysicsexperiments.The seatwasap-

proximately100cmfrom a computerscreen,which was connectedto a Macintosh(OS9)computer. The

refreshrateof themonitorwas75Hz. All experimentalsoftwarewasprogrammedusingthePsychophysics

Tool box [14,101]andMatlab.
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2.3 Procedure

2.3.1 Experimental Paradigm
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Figure2.1: Dual-Taskexperimentalsetupfor asingletrial. A �xation crossof 1-degreevisualangleis �ashed
for 300msat theonsetof eachtrial, startedby thesubject.After that, thecentralletterdiscriminationtask
stimuli arepresentedfor aCentralSOA (StimulusOnsetAsynchrony) amountof time. Thecentralstimuli are
thenmaskedby anappropriateperceptualmask.CentralSOA is determinedindividually for eachsubjectso
thattheperformancesof thecentralletterdiscriminationtaskcenteraround80% correctness.52msafterthe
onsetof thecentralstimuli,aperipheralstimulusis presentedrandomlyataperipherallocationcenteringat6-
degreeeccentricity. For differentexperimentsreportedin this paper, peripheralstimuli vary. Eachperipheral
stimulusis thenmasked by its correspondingperceptualmask,after PeripheralSOA amountof time. It is
importantto notethat to ensurethatattentionis properlywithdrawn by thecentraltaskunderthedual task
condition,theperipheralmaskalwaysonsetsearlierthanor at thesametime asthecentralstimulusmask.

We usea Dual-Taskparadigmin all of our experiments[15,129]. Eachexperimentconsistsof three

differentconditions:theprimarytask–anattentionallydemandingcentraltask(identicalin all experiments),

a secondaryperipheraltask(in which theroleof attentionis investigated)andadualtaskconditionin which

boththecentralandperipheraltasksareperformedconcurrently. In eachexperiment,all trials areorganized

in thesamewayirrespectiveof theexperimentalcondition(i.e.,single-taskconditionor dual-taskcondition).

Only thenumberof requiredresponsesvariesbetweenconditions.

2.3.2 Central Letter Discrimination Task

In all experiments,eachtrial startswith a �xation cross300� 100msbeforetheonsetof thecentralstimulus.

At 0ms,thecentralstimulus(a combinationof � ve letters)is presented.The � ve letters(Ts andLs, either

all identical,or onediffering from theotherfour), appearat ninepossiblelocationswithin 1:2� eccentricity.
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Eachletter is randomlyrotated.After the centralSOA (StimulusOnsetAsynchrony, the time betweenthe

appearanceof the centralstimulusand the onsetof the centralmask),eachstimulusletter is masked by

the letter `F' rotatedaccordingto the randomorientationof the stimulusletter. For a given subject,the

centralSOA is the samefor both single-taskanddual-taskconditions. All trial typesarepresentedwith

equalprobability. Subjectsare instructedto respondby pressing̀ S' on the keyboardif the � ve lettersare

thesame,or `D' if oneof thelettersdiffersfrom theotherfour. Fig. 1 illustratesschematicallythesetupof

a sampletrial of thedual taskparadigm.In earlierstudiesit wasfoundthat thecentraltaskperformanceis

quitea sensitive measureto indicatetheallocationof attentionalresources[15]. Subjects'performanceson

this centraltaskdecreaseddrasticallyif theSOA wasslightly decreased[77].

2.3.3 Peripheral Task

In eachperipheraltask, the stimulusis always presented53msafter the centralstimulusonset. Subjects

respondto thesetasksin aspeededfashion.They areinstructedto continuouslyholddown themousebutton

and releaseit as fast as possible(within 1000ms)when they have detectedthe target. For a given trial,

the locationof theperipheralstimulusis randomlydetermined,keepinga distanceof 6-degreeeccentricity

(Fig. 2.1).

2.3.4 Training Procedure

Eachnovelsubjectto thedualtaskparadigmunderwentatrainingprocess.It usuallytookmorethan10hours

for a new subjectto coordinatehis/hermotor responseswell enoughto answerboth a speededperipheral

taskand the centraltask. The centralSOA, startingat 500ms,wasdecreasedafter eachblock wherethe

performanceof this taskexceeded85% correct. The training procedurewasterminatedafter the subject's

performancehadstabilizedandthecentralSOA wasbelow 250ms.Thisvalueischosento limit thepossibility

of switchingattentionor eyemovementduringstimuluspresentation.Centraltaskandperipheraltaskalways

receivedthesameamountof training.

2.3.5 Data Analysis

For eachsubjectin a givenexperiment,we obtaintwo baselineperformances:centralletterdiscrimination

with attention(single-taskcondition)andperipheralrecognitiontaskwith attention(single-taskcondition).

Eachof thesetwo performancesconsistsof performancesof 9-15blocks(dependingon theexperiment)of

96-trial experimentsunlessotherwisespeci�ed. Similarly, we alsoobtainthe correspondingperformances

for thecentralletterdiscriminationtaskwith attention(primarytask)andperipheralrecognitiontaskwithout
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attentionunderthe dual-taskcondition. Eachof thesetwo performancesconsistsof performancesof 9-15

blocks(dependingontheexperiment)of 96-trialexperimentsunlessotherwisespeci�ed.T-testsarecomputed

for eachexperimentto comparesingle-anddual-taskperformances.An alphavalueof 0.05is usedfor all

statisticaltests.

To visualizeresults,wesummarizeeachof theexperimentusinga“normalizedperformance”�gure. The

“normalizedperformance”for eachtaskis obtainedin thefollowing way. Theaveragesof thetwo baseline

performancesarelinearlyscaledto 100% suchthatchancelevel performanceremainsat50%. Thenthesame

scalingfactor for eachsubjectis usedto obtainnormalizedperformancelevels of the two tasksunderthe

dual-taskcondition.In otherwords,

Normalizedperformance = 0:5[(Pd � 0:5)=(Ps � 0:5)] + 0:5 (2.1)

wherePd andPs referto performancein thedual-taskandsingle-taskconditions,respectively. It is important

to point out that sincethe 100% baselineis the averageperformanceof a given taskunderthe single-task

condition(with attention),it is possiblethatthenormalizedperformance,sametask'sperformanceunderthe

dual-taskcondition(without attention)might sometimesbe larger than100%. This simply meansthat the

actualperformancehasa higheraverageunderthedual-taskconditionthanunderthesingle-taskcondition.

Statisticaltestswill determinewhetherthis differenceis signi�cant or not.
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Chapter 3

Experimentsand Results

In this chapter, we present�rst themain experimentof our study. The key questionof our investigationis

whethernaturalscenecategorizationrequiresvisualattention.Following themainexperiments,wepresenta

seriesof controlexperimentstargetedto investigatevariousaspectsof our �ndings in themainexperiments.

3.1 The Main Experiment: Natural SceneCategorizationwithout At-

tention

Westudiedtheroleof attentionin naturalscenecategorizationusingadualtaskparadigm,in whichanatural

scenecategorizationtask,wheretarget sceneswerede�ned by the presenceof oneor moreanimals,was

performedconcurrentlywith anothervisual taskthat requiredvisual attention[17,74,129] (Fig. 3.1). The

ideais to comparesubjects'performancesof thecategorizationtaskundertwo conditions:the“single task”

conditionwhereattentionis available,andthe “dual task” conditionwhereattentionis drawn away by the

othertask. If therapidnaturalscenecategorizationtaskdemandsattention,we shouldobserve a signi�cant

decreasein performanceunderthe dual taskcondition. If the rapid naturalscenecategorizationdoesnot

entailmuchattentionalcost,performancesshouldbecomparable.

3.1.1 Method

As describedin Chapter2, we usea dual task paradigm. The centraltask is attentionallydemanding.It

involvesdiscriminatingdisplayscomposedof � ve randomlyrotatedTs andLs at the centerof the visual

�eld. Subjectsneededto respondby pressingonekey whenall � ve letterswerethe sameandanotherkey

whenoneof the lettersdifferedfrom theotherfour. This taskengagesattentionat thecenterof thedisplay,

preventingattentionfrom focusingon thenaturalscenein theperiphery[17,74] (seealsoFig. 3.3d-e).When

our subjectsperformedthis taskalone,their performancesaveragedaround77% (variedbetween68% and
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82%, Fig.3.2).Thisvaluecanbeusedasareferencefor thedualtaskcondition:if asubjecthascontinuously

engagedfull attentionto thecentraltask,we expecttheperformanceto bemaintainedat thesamelevel; any

signi�cant distractionor withdrawing of attentionwould decreaseperformance.

Theperipheraltaskis our locusof interest–naturalscenecategorization. It is a modi�cation of theone

usedby Thorpeand colleagues[135]. A picture was �ashed for only 27msat a randomlocation in the

peripheryof thevisual �eld, followedby a perceptualmask(Fig. 3.1). Subjectshadto decidewhetherthe

imagecontainedan animal (or animals)or not, as fast and accuratelyas possible[135]. When subjects

performedthis taskalone,their performanceaveragedaround76% (rangingfrom 75% to 79%; Fig. 3.2).

3.1.2 Results

Underthe dual taskcondition,subjectswereinstructedto focusattentionat the centerof the display, and

to try to perform both tasksasaccuratelyas possible. Sincewe were interestedin the reactiontimes of

thenaturalscenecategorizationtask,we askedsubjectsto respondasfastaspossibleto theperipheraltask

beforeansweringthecentralone.For eachsubject,thecentraltaskperformanceunderthedualtaskcondition

showed no difference(p> 0.05) from its counterpartunderthe single task condition (Fig. 3.2). This is a

clearindicationthatattentionwaslockedat thecenterunderthedual taskcondition. Furthermore,for each

individual subjecttheaverageperipheralcategorizationperformanceunderthedual taskconditionwasnot

signi�cantly (p > 0:05, t-test)differentfrom thecorrespondingperformanceunderthesingletaskcondition

(Fig. 3.2),suggestingthatnaturalscenecategorizationcanstill beperformedwhenattentionis drawn away

(seealsoFig. 3.3a-c).

Onemightarguethatsubjectscould�rst attendto theperipheralstimulusbeforeswitchingattentionto the

centralone. In thatcase,however, thetime availableto processthecentralstimuluswould bemuchshorter

by at least80msthantheactualcentralSOA (theperipheralstimulusis turnedoff 80msaftertheonsetof the

centralstimulus).This strategy would resultin a strongdecreasein performanceof thecentraltask. Indeed,

in a separatecontrol experiment,we asked all six subjectsto performthe centralletter taskwith an SOA

shortenedby only 66ms. Their averageperformancedroppedfrom 77% to 66% (individual t-test for each

subject,p = 0:01). This con�rms thatour resultsdo not re�ect a systematicswitchof attentionbetweenthe

two tasks.

Becauseof its high motor coordinationdemands,thedual taskrequiredextensive training. During this

period,our subjectswererepetitively trainedwith thesamesetof 288images.It couldbearguedthatsuch

trainingcould serve to optimizefeaturedetectionmechanismsfor speci�c stimuli, reducingtheattentional

demandsfor this task[16,65]. However, theaboveresultswereobtainedwith asetof 1056novel imagesthat
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Figure3.1: ExperimentalProtocol. (a) Schematicillustration of onetrial. After a �xation crosspresented
at thecenterof thevisual �eld, anattentionallydemandingletterdiscriminationtaskis presentedcentrally.
Thecentralstimulus(combinationof � ve Ts andLs) is thenreplacedby a perceptualmask(� ve Fs)aftera
timeinterval commonlycalledthestimulusonsetasynchrony (SOA, rangingfrom 133ms-240msfor different
subjects).Subjectsareinstructedto respondwhetherall � ve lettersarethesameor oneof themis different.
In theperipheralnaturalscenecategorizationtask,an imageis presentedperipherallyfor 27msat a random
locationand53msaftertheonsetof thecentralstimulus.Theperipheralstimulusis followed(afterperipheral
SOA) by a perceptualmask.TheperipheralSOA variesindividually for eachsubject,rangingfrom 53msto
80ms.Theperipheralmaskalwaysappearsbeforethecentralstimulusis replacedby its own mask.Subjects
make a speededresponseto the presenceof animals. Underthe dual taskcondition,subjectsarerequired
to performbothtasksconcurrently. (b) SampleImagesof theStimulusDatabase.Thepicturesarecomplex
colorscenestakenfrom a largecommerciallyavailableCD-ROM library allowing accessto severalthousand
stimuli. The animalcategory imagesincludepicturesof mammals,birds, �sh, insects,andreptiles. In a
separateexperiment(Fig.3.3b-c),anadditionaltargetcategoryis used-vehicles.Thevehiclecategoryimages
includepicturesof cars,trucks,trains,airplanes,shipsandhot-airballoons.Thereis alsoa very wide range
of distractorimages,which includenaturallandscapes,city scenes,picturesof food, fruits, plants,houses,
andarti�cial objects.
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Figure 3.2: Main Results. Individual subject's resultsfor dual vs. single task performance(5 subjects).
Thehorizontalaxisrepresentsperformanceof thecentraltask(attentionallydemandingletterdiscrimination
task). The vertical axis representsperformanceof the peripheraltask(naturalscenecategorization). Each
solid � representstheperformanceof oneblock (96 trials/block)underthedual taskcondition. All images
usedfor testingwerenovel for thesubjects.Eachopen� representstheaverageperformanceunderthesingle
taskcondition. For eachsubject,performancesof the letter discriminationtaskdo not differ signi�cantly
(t-test,p> 0.05)underthesingleanddualtaskconditions,suggestingthatattentionwasfully allocatedto the
centerin thedual taskcondition. Furthermore,theperformancesof thenaturalscenecategorizationtaskdo
not differ signi�cantly (t-test,p> 0.05)eitherunderthesingleanddual taskconditions,suggestingthat the
taskmaybeperformedwhile attentionis engagedelsewhere.

wereneverpresentedduringtraining.Furthermore,we show later(Fig. 3.3dand3.3e)thatthesameamount

of trainingin otherdualtasksdid not reduceattentionaldemands.This makesit unlikely thatour resultsare

a directconsequenceof thetrainingprocess.In additionto ourexperiments,a studydoneby Rousseletet al.

reachesacompatibleconclusionwith untrainedsubjects[120].

Reactiontimesmeasuredunderthesingletaskconditionarecompatiblewith resultsobservedby Thorpe

andcolleagues,suggestingthat our naturalscenecategorizationtask is performedin an ultra-rapidmode

[135]. Notethatthis taskinvolvesa speededresponseunderbothsingleanddualtaskconditions.Underthe

dual taskcondition,while categorizationperformanceis unaffected,we observe anaveragedelayof 117ms

in responsetimescomparedto thesingletaskcondition(singletask: 491ms;dual task: 608ms).This delay

is likely to arisedueto centralratherthanperceptualattentionalcompetition[100]. Indeed,whensubjects

arerequiredto performtwo taskssimultaneously, interferenceis known to occurat severaldifferentstages:

taskpreparation[50], responseselection[99,154]andresponseproduction[57,92]. Theselimitations,often

referredto asthe“psychologicalrefractoryperiod” [134], couldeasilyaccountfor theobserveddelay[100].

Moreover, a numberof studieshave shown thatthepresenceof attentiondecreasesperceptuallatencies[58]

andreactiontimesto asigni�cant extent[69,107,112].Thiscouldalsoexplain theobserveddelay.

Are theabove resultsdueto the high biological andevolutionaryrelevanceof the target category “ani-

mal?” In otherwords,couldweobtainasimilarresultusingaman-madeobjectcategory, e.g.,vehicles[146]?

Wetestedonegroupof � vesubjectswith bothcategorizationtasks.In thevehicletask,targetimagesincluded

cars,trains,airplanes,ships,etc. Half of thedistractorswereanimalscenes,while theotherhalf contained

neitheranimalsnor vehicles(Fig. 3.3c).Theanimaltaskwasessentiallythesameasin themainexperiment
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Figure3.3: (a) Summary:Categorizationof MaskedAnimal Images.This panelcorrespondsto thenormal-
ized averageperformanceof the main experiment(Fig. 3.2). Eachopencircle (� ) is the averagevalueof
onesubject's dual taskperformance,normalizedaccordingto his/herown singletaskperformance:a lin-
earscalingtransformstheaveragesingletaskperformanceinto 100%, leaving chanceat 50%. Performance
underthe dual taskconditionthat is higherthanthe correspondingperformanceunderthesingletaskcon-
dition would result in a normalizedperformancehigherthan100%. Error barsre�ect thestandarderror of
themeans.(b andc) Categorizationof NaturalandArti�cial Objects.Thesame� ve subjectsperformedthe
following two categorizationtasksin alternatingblocks.(b) Categorizationof maskedanimalimagesamong
vehiclesandotherdistractors.Distractorsfor this taskinclude�fty percentvehiclescenesand�fty percent
non-animal/non-vehiclescenes,randomlydrawn from thesamedatabasedescribedin Fig. 3.1b. Taskperfor-
mancefor eachof the5 subjectsis comparableunderdualtaskandsingletaskconditions(t-test,p > 0:05).
Thispanelpresentsasummaryof normalizedaverageperformanceof eachsubjectasdetailedin panel(a). (c)
Categorizationof maskedvehicleimages.Subjectsareinstructedto performthenaturalscenecategorization
taskusingvehiclesastargets(includingcars,trucks,trains,airplanes,shipsandhot-air balloons).Distrac-
tors for this taskinclude�fty percentanimalscenesand�fty percentnon-animal/non-vehiclescenes.The
panelillustratesnormalizeddual taskperformancesof the5 subjects.For eachsubject,taskperformanceis
comparableunderdualtaskandsingletaskconditions(p > 0:05). Theseexperimentsprovideevidencethat
arti�cial aswell asnaturaltargetcategoriescanbedetectedin thenearabsenceof attention.(d - e) Control
Experiments.(d) Peripheralletterdiscriminationtask. 5 subjectsareinstructedto discriminatebetweenthe
lettersT andL presentedin theperiphery. The letter, randomlyrotated,is masked by the letter F after the
peripheralSOA (rangingfrom 53msto 160ms).For eachsubject,this peripheralletter discriminationtask
cannotbeperformedabove chancein theabsenceof attention(pairedt-test,p > 0:05). This panelpresents
a summaryof normalizedaverageperformanceof eachsubject. (e) Peripheralcolor patterndiscrimination
task. 5 subjectsareinstructedto discriminatea red/greencolor disc from a green/redcolor disc. Thestim-
ulus is masked after the peripheralSOA (rangingfrom 66msto 106ms). For eachsubjectthis peripheral
colorpatterndiscriminationtaskcannotbeperformedabovechancein theabsenceof attention(pairedt-test,
p > 0:05). Theresultsfrom thesecontrolexperimentsdemonstratethatourcentraldiscriminationtaskeffec-
tively withdraws attentionaway from theperipheraltask(1). This panelpresentsa summaryof normalized
averageperformanceof eachsubject.
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(Fig. 3.2andFig. 3.3a),with theexceptionthat50%of thedistractorimagescontainedvehicles(Fig. 3.3b).

The two taskswerepresentedin alternationandall stimuli weremasked. Our resultsshow that for each

individualsubjectthereis nosigni�cant decreasein categorizationperformanceunderthedualtaskcondition

comparedto thesingletaskconditionin bothcases(Fig. 3.3b- c, t-test,p > 0:05). This resultsuggeststhat

categorizationof naturalscenesin the nearabsenceof attentionmight well be a generalphenomenonnot

limited to evolutionarilyrelevantobjectcategories.Anotherpossibleconfoundis thatthesubjectsmaynotbe

performingananimal(or vehicle)detectiontask,but rathermaybedetectingthepresenceof a “foreground

object.” Foregroundobjectsmaybemorefrequentin imagescontaininganimalsor vehiclesthanin images

containingsceneryonly. However, thefact thatanimalphotographswereusedasdistractorsfor thevehicle

taskandvice versamakesthis possibility implausiblesince“foregroundobjects”werecontainedbothin the

targetanddistractorimages.

Theinterpretationof our �ndings relieson theassumptionthatattentionis allocatedto thecenterof the

visual �eld underthedual taskcondition.This assumptionis supportedby thefact that thereis no decrease

in thecentralperformanceunderdual taskcomparedto singletaskconditions.This implies that whenthe

peripheraltaskdoesdemandattention,performanceshouldsuffer. To examinethis question,we conducted

two controlexperimentsin whichtheperipheraltasksinvolvedeitherdiscriminatingabrie�y presentedletter

followed by a mask(T or L followed by F; Fig. 3.3d) or discriminatinga brie�y presentedand masked

color disk (red/greenor green/red;Fig. 3.3e). Thesetaskshave beenshown by Braun andcolleaguesto

requireattention[74]. In bothof thesecontrolexperiments,thecentraltaskwasthesameasin our previous

experiments(� ve Ts andLs discrimination). We observeda sharpdrop in performanceof both peripheral

tasks(p < 0:0001 in Fig. 3.3d; p < 0:0001 in Fig. 3.3e). While subjectscanperformat 74% and78%

in peripheralsingle letter andcolor tasks,respectively, they cannotdo any betterthanchance(individual

pairedt-testfor eachsubject,p > 0:05; averageover all subjectsis 51%for letter task;51%for color task)

duringthedualtaskscenarios.Theseresultsdemonstratethatattentionis effectively allocatedto thecentral

taskandprovide further evidencethat extensive training doesnot necessarilyresult in an improvementof

performances.Subjectsperformingthesedualtasksreceivedthesameamountof trainingasthoseperforming

thenaturalcategorizationtasks.

3.1.3 Discussion

Our �ndings show that rapid visual categorizationof novel naturalscenesrequiresvery little or no focal

attention.Perceptionoutsidethe focusof attentionhasmostlybeenreportedfor simplesalientstimuli [17,

140]. In our task,however, humansubjectsareactively searchingfor a complex category of objectswhose
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appearanceis highly variable.It thusappearsthatasophisticatedhigh level of representation(e.g.semantic)

canbe accessedoutsidethe focusof attention. It hasalreadybeenarguedthat the “gist” of a visual scene

couldbeavailablepreattentively [8,157]. In this context, thecontentsof the“gist” couldin factbeextended

to includeinformationaboutthe presenceof a complex target category whoseappearanceis not known in

advance.

3.2 Control Experiment 1: Effectsof Training

We had demonstratedthe humanvisual system's amazingef�ciency in naturalscenecategorizationwith

little or no attention[77]. In theseexperiments,an averagetraining period of 10-15 hourson dual-task

wasnecessaryfor eachsubject. It is likely that this training helpssharpenthe executive control necessary

for performingdifferenttasks,particularlywhenthey arecarriedout simultaneously[100,126]. However,

trainingsometimesalsodecreasestheattentionaldemandon perceptualprocessing[65]. So,couldit bethat

this superbef�ciency in naturalsceneprocessingis mainly dueto thetrainingprocessthateachsubjecthad

received in theseexperiments?We hadarguedthat this is unlikely sincethe sameamountof training was

appliedboth to the naturalscenecategorizationandthe seeminglysimplersyntheticstimuli tasks(rotated

singleT versusL, bisecteddisk versusits mirror image). Our datashowed, however, a large discrepancy

betweenthe attentionalrequirementsof thesetwo typesof tasks. It is dif�cult to explain this by the same

trainingprocess.

Herewe furtherinvestigatedtheeffectsof training(or lack of it), particularlyits in�uence on thenatural

scenestimuli. If training indeedhelpedin performingnaturalscenecategorizationwith little attention,this

mightbeachievedthroughlearningspeci�c visualfeaturescritical for performingthis task.It is importantto

notethatall thedatacollectedin thetestingphasewasfrom asetof novel imagesthatthesubjectswerenever

trainedon. Thereforesimpleimage-basedlearningor memorizationcannotaccountfor theobservedresults.

Thetestingstimuli, however, weredrawn from thesamesetof imagesasthetrainingimages.Couldsubjects

have, therefore,learnedto categorizeanimalversusnon-animal(or vehicleversusnon-vehicle)imagesbe-

causethesameimagetypeswerepresentedrepetitively?In acomputationalframework, it is conceivablethat

a speci�c setof “animal �lters” (or “vehicle�lters”) weresharplytunedandenhancedduring this training

period.But if this werethecase,trainingon a speci�c taskwould only helpto tunethespeci�c “�lters” for

thatparticularcategorizationtask.If we testedon a differentnaturalscenecategorizationtask,we shouldbe

ableto observea differencein performance.
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3.2.1 Method

We testedthis hypothesisin two separateexperiments. In the �rst experiment,we divided a group of 6

subjectsinto2 groups.Bothgroupsreceivedthesameamountof trainingin all tasks.Speci�cally, bothgroups

weretrainedon thecentralletterdiscriminationtask(seeChapter2.3.2)anda naturalscenecategorization

taskunderbothsingle-anddual-taskconditions.Recallthatthe“single-task”conditionrefersto thesituation

whereattentionis available to perform the currentperipheraltask, while the “dual-task” condition refers

to the situationwhereattentionis drawn to the center, leaving the peripheraltask in the nearabsenceof

attention. Thereare96 trials in any given block of task underall conditions. In Group I, the 3 subjects

weretrainedon the“animal vs. non-animal”categorizationtask.They wereinstructedto categorizenatural

sceneswith or without animalsin a go/no-gofashionby releasinga mousebutton. Thetaskwasspeededso

thatany lack of responseafter 1000mswasautomaticallyregisteredasa “no target” answer. The testdata

werethenacquiredby having themperformvehiclevs. non-vehiclecategorizationwithout any additional

training.Similarly to theanimalcategorizationtask,subjectsrespondedby releasingthemousebuttonwhen

a target (vehicle(s))wasdetected.In Group II, the 3 subjectswere trainedon vehiclecategorizationand

testedon animalcategorization(Fig. 3.4). Previousexperiments[77] have alreadyestablishedthata trained

naturalscenecategorizationtask requireslittle attention. We are, therefore,interestedin seeingwhether

suchperformancecanbetransferredfrom onetypeof categorization(e.g.,animal)to another(e.g.,vehicle).

Namely, will theperformanceof vehiclecategorizationwithout attentionbecomparableto theperformance

of animalcategorizationwithout attentionfor GroupI subjects,andviceversafor GroupII?

Onemight arguethat in theabove manipulation,even thoughthe testednaturalscenecategory wasnot

trained,it wasneverthelesslearnedduring training becausenaturalscenephotographssharedmany com-

monalities[95]. Whenoneis trainedon onetypeof naturalscenecategorization,say“animal scenes,” it is

possiblethatsimilar imagestatisticshelpto tunethe“�lters” onothertypesof naturalscenecategories(e.g.,

“vehiclescenes”).If this werethecase,however, suchperformanceshouldnot hold for a recognitiontask

thatdoesnot sharesimilar stimulusstatistics.For thesecondexperimentin this section,we testedthis hy-

pothesiswith anotherfour subjectswhowerepreviously trainedon thedual-taskparadigmin a taskthatdid

not involve naturalscenephotographs.Speci�cally, thesesubjectsperformeda facegenderdiscrimination

taskin a dual-taskparadigm[114]. The genderdiscriminationtaskutilizes very differentstimuli thatbore

little commonalitywith the naturalsceneimages[141]. After the subjectscompletedtheir trainingon this

task,we testedthemonbothanimalandvehiclecategorizationtasks(Fig. 3.5).
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Figure3.4: Cross-Trainingexperiment.In this experiment6 subjectsaredividedinto 2 groupsof 3 each.In
GroupI, illustratedon the left, thesubjectsaretrainedwith centralletterdiscriminationandanimalcatego-
rization task,aswell asthedual taskconditionusingthesetwo tasks.After training, they areimmediately
testedon thevehiclecategorizationtaskin both thesingletaskcondition(with attention)andthedual task
condition(without attention). Resultsareshown in normalizedperformanceplots. In GroupII, illustrated
on theright, thesubjectsaretrainedwith centralletterdiscriminationandvehiclecategorizationtask,aswell
asthe dual taskconditionusingthesetwo tasks. After training, they areimmediatelytestedon the animal
categorizationtaskin boththesingletaskcondition(with attention)andthedualtaskcondition(without at-
tention).Resultsareshown in normalizedperformanceplots. Our resultsillustratethatsubjectsneednot be
trainedfor thespeci�c naturalscenecategorizationtaskin orderto performit without attention,suggesting
category-speci�ctrainingis notnecessaryto carryout thishigh-level taskwithoutattention.

3.2.2 Results

Thebottompanelsof Fig.3.4illustratethenormalizedperformanceresultsfrom thecross-trainingexperiment

betweentwo groupsof subjects.In GroupI, threesubjectsweretrainedon animalcategorizationandthen

testedon vehiclecategorization. Their centralperformancesduring the training phaseshow that underthe

dual taskcondition,they hadsuccessfullymaintainedtheir attentionat thecentraltask(singlecentraltask,

averageover 9 blocks: 75:9 � 3:5%, 85:4 � 3:9% and 83:2 � 2:5% for eachsubject,respectively; dual

centraltask,averageover9 blocks:70:3 � 5:5%, 86:11� 2:7%and80:8 � 4:1%, respectively; t-testresults:

t(16) < 1:75, p > 0:05 for eachsubject). During the testingcondition, only one subjecthasa slight

drop in centraltaskperformanceunderthe dual taskcondition(singlecentraltask,averageover 9 blocks:

75:9 � 3:6%, 85:4 � 3:9% and83:2 � 2:5% for eachsubject,respectively; 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 > 0:05 for therest). During the trainingphase,thesubjectsperformedtheanimal

categorizationtaskwithoutany interferencewhencomparingtheperformancesunderthedualtaskcondition

with thesingletaskcondition(singleperipheraltask,averageover9 blocks:79:5 � 0:6%, 84:3 � 0:6% and

77:1 � 1:8%; dualperipheraltask,averageover9 blocks:77:3 � 5:2%, 78:1 � 5:6%and74:3 � 6:7%; t-test

results:t(16) < 1:75, p > 0:05 for eachsubject).A similar performancepatternis observedfor thesethree
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Figure3.5: Gender-Train Dual-Taskexperiment. In this experiment,4 subjectsare trainedon the central
letter discriminationtask,genderdiscriminationaswell as the dual taskconditionusing thesetwo tasks.
Two examplesof thestimuli of thegenderdiscriminationtaskareshown here[141]. Subjectsareinstructed
to respondwhethera brie�y presented,then masked hair-lessfaceperipherallyis of a femaleor a male
face[114]. After thetrainingprocessis completed,subjectsaretestedon two naturalscenecategorizations
without attention:animalandvehicle. Normalizedperformancesof thesingleanddual taskconditionsare
presentedfor eachnaturalscenecategorization.Our resultsshow little trainingon naturalscenesis needed
to performnaturalscenecategorization.

subjectsduringthetestingphase,in which they wereput directly on thevehiclecategorizationtaskwithout

any prior training(singleperipheraltask,averageover9 blocks:83:2� 4:5%, 87:3� 4:4%and80:2� 2:6%;

dual peripheraltask, averageover 9 blocks: 82:2 � 2:1%, 79:3 � 3:9% and 77:3 � 3:7%; t-test results:

t(16) = 3:22, p = 0:003 for the secondsubject;t(16) < 1:75, p > 0:05 for the rest). Note that thereis

a slight drop in thevehiclecategorizationtaskunderdual taskconditionfor thesecondsubject.This small

decrease,althoughsigni�cant, shouldbeviewed in the light of the resultsof [74] and[77]: whenattention

is takenaway, performancesfor a simplerotatedT versusL task(or Red-GreendiskversusGreen-Reddisk)

droppedmuch more dramatically, often to chancelevel (50%). Comparedto Group I, Group II subjects

went throughreversedtraining and testingcategorizationtasks. During the training stage,threesubjects

weretrainedon vehiclecategorizationonly. All of themhave successfullyallocatedattentionat thecenter

underboththesingletaskanddual taskcondition(singlecentraltask,averageover 9 blocks: 68:6 � 4:6%,

78:5 � 6:1%, and88:9 � 3:2%; dual centraltask,averageover 9 blocks: 67:9 � 2:8%, 78:6 � 7:2%, and

88:8� 3:5%; t-testresults:t(16) < 1:75, p > 0:05for eachsubject).Theirvehiclecategorizationtaskresults

alsoshow that they wereableto performthis taskwithout attention(singleperipheraltask,averageover 9
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blocks:72:2� 7:9%, 77:4� 1:2%and81:6� 1:6%; dualperipheraltask,averageover9 blocks:70:0� 4:8%,

78:3� 5:0%and81:4� 4:7%; t-testresults:t(16) < 1:75, p > 0:05for eachsubject).Duringthetestingstage,

wheresubjectsweretesteddirectly on animalcategorizationwithout any prior training (training wasdone

usingvehiclecategorization),they maintainedgoodperformanceson centraltaskunderbothconditionsjust

asthey did duringthetrainingsessions(singlecentraltask,averageover9 blocks:68:6� 4:6%, 78:5� 6:1%

and88:9� 3:2%; dualcentraltask,averageover9 blocks:68:6� 4:2%, 88:3� 2:7%and88:4� 3:4%; t-test

results: t(16) = 3:79, p = 0:001 for the secondsubject;t(16) < 1:75, p > 0:05 for the rest). Similarly,

all threesubjectsperformedthe animalcategorizationtaskunderthe dual taskconditionaswell asunder

the single task condition (single peripheraltask, averageover 9 blocks: 74:8 � 5:8%, 84:2 � 1:8% and

81:1 � 4:3%; dualperipheraltask,averageover9 blocks:70:4 � 4:5%, 81:5 � 3:0%and77:8 � 5:1%; t-test

results:t(16) < 1:75, p > 0:05 for eachsubject).

Fig. 3 illustratestheresultsfrom thesecondexperimentin thissection.Fournew subjectsweretrainedon

thedual taskparadigmwith thesamecentralletterdiscriminationtaskbut a peripheralfacegenderdiscrim-

inationtask[114]. Testingof whetheranimalcategorizationandvehiclecategorizationrequireattentionfol-

lowedafterthetrainingphase.In all but onecase,all of thefour subjectsshowednaturalscenecategorization

performances(bothanimalandvehicle)in thenearabsenceof attentionstatisticallyindistinguishablefrom

thesametasksperformedwith attentionavailable(singleperipheralanimalcategorizationtaskperformance,

averagedover9 blocksfor each:83:0 � 3:2%, 81:9 � 0:6%, 83:3 � 3:4% and76:9 � 4:3%; dualperipheral

animalcategorizationtaskperformance,averagedover9 blocks:79:9� 4:3%, 77:4� 3:7%, 74:3� 3:3%and

77:1 � 3:4%, t-testresults:t(16) = 4:46, p = 0:0002for thethird subject;t(16) < 1:75, p > 0:05 for the

rest.Singleperipheralvehiclecategorizationtaskperformance,averagedover9 blocksfor each:81:8� 3:9%,

83:0� 4:5%, 85:1� 2:6%and78:1� 7:3%; dualperipheralvehiclecategorizationtaskperformance,averaged

over9 blocks:79:6� 2:5%, 80:0� 2:7%, 73:6� 14:8%and77:8� 6:4%, t-testresults:t(16) < 1:75, p > 0:05

for eachsubject).Notethatonesubjectshowedasmalldecreasein animalcategorizationperformancewhen

attentionwasdrawn away (singletaskperformance,averageover 9 blocks: 83:3 � 3:4%; dual taskperfor-

mance,averageover9 blocks:74:3 � 3:3%; t-testresults:t(16) = 4:46, p = 0:0002). Hereagain,thisslight

decreaseis muchsmallerthanthoseobservedon known “attentionally-demanding”tasks[74,77]. Notethat

thesamesubject'sperformanceonvehiclecategorizationwasnotsigni�cantly differentin thesingleanddual

taskconditions.

Bothexperimentsin thissectiondemonstratethatlittle trainingis neededfor naturalscenecategorization

without attention. Subjectsare able to perform naturalscenecategorizationtasksin the nearabsenceof

attentionwithout previoustrainingon thespeci�c taskor typeof stimuli.
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3.2.3 Discussion

The�rst experimentin this sectionhasshown thatwhentrainedon animalcategorization(or vehicle)in the

nearabsenceof attention,subjectscanperformvehiclecategorization(or animal)with no further training.

Thiseffectis evenmoredramaticallydemonstratedby thesecondexperiment,in whichatotally differenttype

of stimulusis usedduringtraining.But assoonassubjectshavelearnedto performthisrecognitiontaskunder

thedualtaskparadigm,they canapplythisability to anaturalscenecategorizationtask.Onthecontrary, our

previous experimentshave shown that single letter discriminationor color disk discriminationcannotbe

performedwithout attentiongiventhesameamountof trainingasthenaturalscenecategorizationtask[77].

Hochsteinandcolleaguesarguethat “higher-level” taskscanbe moreeasilytransferredthan“lower-level”

tasks[59]. Couldit bethatlessattentionalresourceis neededbecausenaturalscenecategorizationis carried

out in “higher” areasof the visual systemthantheothersynthetictasks?We will revisit this point in both

ControlExp 3 andControlExp 5.

3.3 Control Experiment 2: Effect of Color

Wesetout to exploredifferentfactorsthatmightcontributeto thefastrecognitionof naturalscenecategories

with little or noattention.A simplequestionto askis whethersomelow-level featuresmighthavebeenuseful

cuesto thecategorizationtask.For example,it hasbeenshown thatcolorhistogramsareveryinformativefor

naturalscenerecognitionin bothhumanandcomputervision [93,97,111]. In today'scomputervision �eld,

someimageretrievalalgorithmshaveutilizedcolorinformationtocategorizedifferentimages[123]. Delorme

andcolleagueshave shown that color is not a critical componentin fast categorization,underconditions

whereattentionwasnot explicitly controlled[22]. In thepresentexperiment,we questiontherole of color

informationin naturalscenecategorizationwith little or noattention,by changingthestimuli to grayscale.

3.3.1 Method

We usethesamedual taskparadigmfor this experimentasin thepreviousexperiment.The centraltaskis

an attentionallydemandingletter discrimination.The peripheraltaskis naturalscenecategorization,using

novel grayscaleimages(examplesof thegrayscaleimagesareshown in Fig. 4). Fivesubjectsparticipatedin

this experiment.They wereinstructedto respondasfastaspossiblewhenthey detectedthepresenceof an

animalin theimageshown at a randompositionperipherally. Subjectsperformed15blocksof dualtaskand

12blocksof singletask.Eachblockconsistedof 96 trials.
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Figure 3.6: Natural scenecategorizationwithout color. In this experiment,the peripheraltask is animal
categorizationwith grayscalenaturalsceneimages.All experimentalconditionsremainidenticalto theone
introducedin [77]. Theonly differenceis thatall peripheraltaskstimuli aswell asthemasksarepresented
in grayscale.Thetop two rows show somesamplesof thetargetstimuli anddistractorstimuli, respectively.
Thebottompanelindicatessubjects'normalizedperformancesof this task,showing thatthereis little costin
grayscalenaturalscenecategorizationwhenattentionis withdrawn elsewhere.

3.3.2 Results

It is �rst interestingto observe that individual SOAs for thenaturalscenecategorizationtaskarenot much

differentfrom theonesobservedin [77] wherecolor informationwasincludedin theimages(averagenatural

scenecategorizationSOA of 5 subjectsin [77]: 61msec;averageSOA of 5 subjectsin currentexperiment:

85msec;t-testresult:t(8) < 1:86, p > 0:05). Fig.3.6illustratesthenormalizedperformancesof thesubjects'

dual taskperformances.Note thateachsubjecthasachieveda centraltaskperformanceat his/herbaseline

level in dual task(singlecentraltask,averageover 12 blocksfor eachsubject:76:9 � 6:1%, 76:0 � 3:2%,

74:2 � 4:9%, 75:0 � 4:4% and74:3 � 6:6%; dual centraltask,averageover 15 blocks for eachsubject:

75:4 � 5:7%, 78:4 � 4:7%, 71:3 � 5:5%, 70:8 � 5:5% and 72:5 � 6:3%; t-test results: t(25) < 1:71,

p > 0:05 for eachsubject).This resultassuresthat muchof attentionalresourceis rightfully allocatedfor

thedemandingletterdiscriminationtaskunderthedual-taskcondition. Four of the� ve subjects'peripheral

naturalscenecategorizationtaskperformancesremaincomparableto their respectivebaselineperformances
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(singleperipheraltask,averageover 12 blocksfor eachsubject:79:3 � 2:7%, 73:2 � 7:1%, 76:9 � 6:5%

and74:2 � 7:4%; dualperipheraltask,averageover15 blocksfor eachsubject:75:2 � 4:7%, 74:4 � 5:1%,

71:7 � 5:9% and72:9 � 5:8%; t-testresults:t(25) < 1:71, p > 0:05 for eachsubject).Only onesubject's

naturalscenecategorizationtaskperformancedecreasesslightly while attentionis allocatedelsewhere(single

peripheraltask,averageover 12 blocks: 71:9 � 5:6%; dualperipheraltask,averageover 15 blocks:66:1 �

5:3%; t-testresults:t(25) = 3:82, p = 0:0004). Overall,grayscalenaturalsceneimagescanbecategorized

ratheref�ciently in thenearabsenceof attention.

3.3.3 Discussion

Our resultsindicatethatwhenmuchof theirattentionis lockedelsewhere,subjectscanperformrapidnatural

scenecategorizationtaskwithout usingcolor information. This resultsuggeststhatcolor informationis not

critical in performingsucha taskin thenearabsenceof attention.Dunaiandcolleagueshavealsofoundthat

colorcuesareonly moreinformativeata longertimescaleto anattentionallydemandingdetectiontask[26].

In addition,Delormeandcolleagueshave alreadyshown that color informationis not critical in the initial

recognitionof the sameset of naturalscenesthat we areusing [22]. These�ndings, togetherwith ours,

suggestthatnaturalscenecategorizationmight becarriedout by a rapidandef�cient processthatdoesnot

requiremuchof the slower color information. Torralbaandcolleaguessuggestedthat somenaturalscene

imagescanbe categorizedbasedon secondorderstatisticsderived from power spectralanalysis[138]. It

would befruitful to testtheir hypothesison objectrecognitionsuchasanimalor vehiclecategorizations.To

conclude,removalof color informationfailedto makenaturalscenecategorizationan“attentionallydemand-

ing” task. Thus, if this type of naturalsceneprocessingonly relieson low-level features,color cannotbe

countedasonesuchfeature.

3.4 Control Experiment 3: Evidencefor Parallel Processing

We have establishedso far the amazingrobustnessof the humanvisual systemwhencategorizing natural

sceneswith little attention.In anattemptto searchfor a “breakingpoint” of this ability, we investigatethe

effectsof naturalscenecategorizationwhenthe numberof peripheralimagesis increasedto two. In other

words, insteadof searchingfor a possibletarget in just one image,the subjectshave to now searchfor a

possiblesingleoccurrenceof thetarget in two images.We askwhetherby effectively halvingthe“signal to

noiseratio” would theef�ciency of this taskdecrease?Our rationaleis thatby identifying theconditionin

which suchnaturalsceneprocessingis no longerdoable,we canstartcomparingandcontrastingdifferent
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conditionsin orderto understandtheunderlyingneuronalmechanisms.

3.4.1 Method

Theattentionallydemandingcentralletterdiscriminationtaskremainedthesameasin thepreviousexperi-

ments.FiveSubjectsperformedaletterdiscriminationtaskat thecentralSOAs individually adjustedfor each

of them. The peripheraltaskwasa coloredanimalscenecategorization. Eachblock consistedof 48 trials.

In half of the trials, thereweretwo peripheralnaturalsceneimages(“double-image”condition),with two

equallylikely con�gurations-eitheroneof thetwo imagescontainedascenewith animal(s);or neitherimage

containedananimal.In theotherhalf of thetrials, therewasonly oneimage,just like in thepreviousexperi-

mentson scenecategorization(“single-image”condition).Subjectsaretold to respondby lifting themouse

buttonwhenthey detectthepresenceof ananimal(or animals)in bothconditions.Thesetwo typesof trials

wereintermixedrandomlythroughouttheexperiment.Fig.3.7showstheschematicsetupof thisexperiment.

For thedouble-imagecondition,theseparationbetweenthe two imagesvariedrandomlybetween4 and12

degrees(eachmaintainingan eccentricityof 6 degrees,just asin thepreviousexperiments).Subjectswere

informedbeforetheexperimentsof thetwo differentpossibleconditions.No onereportedany confusionor

dif�culty with the instructions.Therewasa total of 15 blocksfor thedual taskconditionand15 blocksfor

eachsingletaskcondition.
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Figure3.7: Experimentalsetupfor single-imageversusdouble-imageexperiment. We illustrate herethe
setupof a singletrial for this experiment.Thebasicprocedureis thesameasin Fig. 2.1. For a giventrial,
therearetwo possibleperipheralstimuluspresentationsetups.For 50%of thetrials, therearetwo unrelated
naturalsceneimagespresentedrandomlyin the periphery. Both imagesareof 6-degreeeccentricitywith
respectto thecenterof thescreen.Their mutualseparationvariesrandomly. Two similar perceptualmasks
follow theimagesaftertheperipheralSOA amountof time. For theother50%of thetrials, thereis only one
naturalsceneimagepresentedrandomlyin theperiphery, which is exactly thesamecaseasin [77]. At the
endof thepresentation,a randomperceptualmaskfollowstheimagestimulus.
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3.4.2 Results

All 5 subjectswereableto categorizenovel naturalsceneswithout attention.Thetop two panelsof Fig. 3.8

illustratethenormalizeddualtaskperformancesfor thesingle-imageconditionanddouble-imagecondition,

respectively. Firstweobservethatall subjectsmaintainedtheircentralletterdiscriminationtaskperformances

undersingletaskanddual taskconditions(singlecentraltaskperformance,averageover 15 blocksfor each

subject:75:4� 3:3%, 71:5� 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%, 75:0 � 6:0% and77:3 �

5:9%; t-test results: t(28) < 1:70, p > 0:05 for eachsubject). Theseresultsindicatethat attentionwas

successfullylockedat thecentraltaskfor all thesesubjects.Now we areinterestedin comparingsubjects'

naturalscenecategorizationperformanceswith or without attentionundersingle-imageanddouble-image

conditions.Fig. 3.8showstheperformancepatternof double-imagecategorization(singletaskperformance,

averageover15blocksfor eachsubject:64:6� 3:1%, 71:7� 5:8%, 74:7� 7:6%, 75:4� 6:1%and73:6� 8:4%;

dual taskperformance,averageover 15 blocksfor eachsubject:64:0 � 6:4%, 68:1 � 6:5%, 70:2 � 5:8%,

72:3 � 6:3% and70:7 � 6:0%; t-testresults:t(28) < 1:70, p > 0:05 for eachsubject)aswell asthesingle-

imagecase(singletaskperformance,averageover 15 blocksfor eachsubject:77:1 � 5:4%, 80:1 � 7:1%,

87:5� 6:9%, 81:9� 4:1%and79:2� 11:0%; dualtaskperformance,averageover15blocksfor eachsubject:

76:3� 4:9%, 74:0� 4:3%, 79:0� 8:3%, 83:8� 5:9%and70:4� 9:0%; t-testresults:t(28) = 2:48, p = 0:01

for thesecondsubject,t(28) = 1:98, p = 0:03 for the third subject,t(28) < 1:70, p > 0:05 for the rest).

All subjects'resultsshow thatwhentherearetwo imagesto process,thecategorizationperformanceswith

attention(single-taskcondition)arestatisticallyno differentfrom theperformanceswithout attention(dual-

taskcondition).Thereis, however, a smallbut signi�cant dropfor onesubjectwhencategorizingthesingle-

imagewithout attentioncomparedto with attention.Similarly to thepreviousarguments,we think this is a

rathersmalleffect in thelight of thecomparativeresultsobtainedfrom syntheticstimuli [74,77]. Theaverage

baselineperformances(i.e.,singletaskconditionwhenattentionis available)show anoveralldecreasein the

double-imagecategorizationcondition (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 small set

sizeeffect, which appearsto contradictpreviousresultsby [120], might simply beattributedto our keeping

SOAs constantbetweenthesingle-anddouble-imageconditions.In addition,stimuluslocationwastotally

unpredictablein ourstudy, whereasit was�x edin theexperimentsof [120]. But themainresultis that,when

attentionis taken away, subjectswereableto performdouble-imagecategorizationjust aswell asthey did

whenattentionwasavailable. This resultsuggeststhatby halvingthe“signal-to-noiseratio” of thestimuli,

naturalscenecategorizationcanstill beef�ciently carriedout in thenearabsenceof attention.
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Sincewe have randomlyvaried the visual angledistancebetweenthe two imagesunder the double-

imagecondition,we canaskwhetherthesubjectsperformancesdiffer for differentvisualangleseparations.

The bottomtwo panelsof Fig. 3.8 show double-imageconditionperformancessortedby the visual angle

separation.The left panelcorrespondsto theconditionwhereattentionis available(singletaskcondition),

whereasthe right panelcorrespondsto no-attentioncondition(dual taskcondition). The two leftmostbars

in eachpanel,placedat the0 degreeangles,indicatetheaveragesingle-imageperformancesof thesubjects

with or withoutattention,respectively. Weinvestigatedtheeffectsof visualangleseparationbetweenthetwo

stimulusimageswith a 2-way ANOVA (attentionalconditionvs. inter-stimulusseparation).In accordance

with our previous results,therewasno main effect of attentionon performances(singletaskconditionvs.

dualtaskcondition:F (1; 96) = 1:2112, p > 0:05). Therewasnomaineffectof thevisualangleseparations

betweenstimuli either(F (11; 96) = 0:5817, p > 0:05). Additionally, therewasno signi�cant interaction

betweenthesetwo factors(F (11; 96) = 1:1654, p > 0:05). Notethatdueto thesizeof theimageitself, the

minimal separationdistancebetweentwo imagesis 4 degrees.

3.4.3 Discussion

Our �nding suggeststhatnaturalscenecategorizationtasknot only demandslittle attentionalresource,but

is alsohighly parallel. Whentwo imagesarepresentedsimultaneously, subjectsareableto processbothof

theimagesin searchof a targetobjectin a comparablefashionaswhenthereis only oneimage.Physiolog-

ical datafrom ERPrecordingalsosupportsthis �nding. Rousseletet al. found that subjectsareasfastfor

animalcategorizationwith two imagesaswith oneimage[120]. Togetherour resultssuggestthathigh-level

informationcanbe accessedby the visual systemin a parallel fashionwith little attentionalassistance.It

suggeststhatsomecategorical informationmight beableto reachhigherareasof thevisualhierarchyrather

ef�ciently , withoutmuchserialfocal-attentionselection.

3.5 Control Experiment 4: Multiple Copiesof the SyntheticStimuli

We have so far probedin a numberof waysto what extent naturalscenecategorizationcanbe carriedout

by thehumanvisualsystemwithout attention.Our resultstell us thatsuchcategorizationis highly ef�cient

androbustto thelackof attentionalresource.By contrast,seeminglymuchsimplertasksinvolving synthetic

stimuli do not enjoy this freedomof attention[18,77]. In the following two experiments,we turn to the

questionof thesesyntheticstimuli: what type of manipulationwould decreaseattentionalrequirementsfor

thesestimuli? In otherwords,throughwhich dimensionof manipulationcanwe make thesyntheticstimuli



27

0 5 10
0

20

40

60

80

0 5 10
0

20

40

60

80

ca
te

go
riz

at
io

n 
pe

rf.
 (%

)

ca
te

go
riz

at
io

n 
pe

rf.
 (%

)

with attention without attention

Visual Angle (in degree) Visual Angle (in degree)

Double-Image performance: with vs. without attention

50 100

60

80

100

50 100

60

80

100

single image double images

N
or

m
al

ize
d 

Pe
ri.

 P
er

f (
%

)

N
or

m
al

ize
d 

Pe
ri.

 P
er

f (
%

)

Normalized Central Perf (%) Normalized Central Perf (%)

Categorization without attention: Single Image vs. Double Images

Figure3.8: Resultsof thesingle-imageversusdouble-imageexperiment.Thetop two panelsillustratenor-
malizedperformancesof thesingle-imagedual taskandthedouble-imagedual task,respectively. Five sub-
jectsparticipatedin this experiment.Theresultsshow thatthereis little differencebetweenthesingle-image
caseandthe double-imagecase,suggestingthat naturalscenecategorizationwithout attentionis a highly
parallelprocess.Thebottomtwo panelsbreakdown theperformancesof thedouble-imagecaseby theangle
of separationbetweenthe two images.The two leftmostbarsin eachpanel,placedat the0 degreeangles,
indicatetheaveragesingle-imageperformancesof thesubjectswith or without attention,respectively. The
left panelshows theresultwhenattentionis available;whereastheright panelshowswhenattentionis with-
drawn. For eachattentionalcondition,thereis noapparentpatternof performancedifferenceasa functionof
visualangleseparation.

task“easier”withoutattention?

Onepossiblehypothesisof this contrastbetweennaturalsceneimagesandsyntheticstimuli is that an

objecttarget(e.g.,anelephant)in anaturalimagemightcarrymultiple “diagnosticfeatures”for its detection

or recognition.Theexactnatureof these“diagnosticfeatures”is unknown. But it is conceivablethatmany

of the body partsof an animal in the animal categorizationtask, for example,are potentialcuesfor the

detectionof theobject.Thesyntheticstimuli, on theotherhand,donotenjoy theluxury of multiplepotential

“diagnosticfeatures”[77]. In thatstudy, thereweretwo typesof syntheticstimuli, arotatedT versusarotated

L, andaRed-GreenbisecteddiskversusaGreen-Redbisecteddisk. In thecaseof T versusL, theonlyobvious

“diagnosticfeature”is theT-junctionversustheL-junctionin theletters,respectively. A failureto detectsuch

junctionwould resultinto anambiguousdecisionof thestimulus.Similarly, for thebisecteddisks,sincethe

stimuli positionis randomfrom trial to trial, it is not possibleto determinewhetherit is a Red-Greendisk
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or a Green-Reddisk by detectingthecolor on half of thedisk. Theonly “diagnosticfeature”is thejunction

betweenthetwo coloredsemicircles.Hencewe predictthatif theadvantageof scenecategorizationwithout

attentionlies in the higherprobability of detectingoneor moreof the possible“diagnosticfeatures,” then

increasingthenumberof stimuli in thesyntheticstimulustaskcouldresultin anincreaseof performance.

3.5.1 Method

We test this hypothesisusingthe bisectedcolor disks. Four subjectsparticipatedin this experiment. The

basicsetupremainedthe same.The attentionallydemandingcentraltaskwasletter discrimination. In the

periphery, subjectswereinstructedto respondwhenthebisecteddisk(s)was(were)arrangedin a red-green

fashion,asopposedto anequallylikely green-redpattern.In half of thetrials,therewerefour identicaldisks.

Subjectswereassuredof thefactthatall stimuli wereredundant.In theotherhalf of thetrials, therewasonly

onesuchbisecteddisk (which is thesameconditionasin [77]). Thesetwo typesof trials wereintermixed

randomlywithin a block of trials. All diskswerethesamesize. Fig. 3.9 illustratesthearrangementof the

stimuli. In thesingle-diskcondition,thediskwascenteredat6-degreeeccentricity. In thefour-diskcondition,

thecenterof the4-diskarraywaslocatedat6-degreeeccentricity. Eachblockconsistedof 96trials. Subjects

performed18blocksof experiments.

3.5.2 Results

The hypothesisdescribedabove predictsthat an increasednumberof peripheralstimuli might result in an

increaseof dual-taskperformancefor recognitionof the color disks. The intuition is that therearemore

potential“diagnosticfeatures”to be sampledby the visual systemwhenthe numberof redundantstimuli

is greater. Contraryto our prediction,we observe no improvementin dual-taskperformancesfor the trials

wheretherearefour disksratherthanone.For boththesingle-diskandthefour-diskconditions,subjects'dual

taskperformancesof theperipheralcolor disk recognitionarenot signi�cantly betterthanchance(one-disk

performanceunderdual-taskcondition,averagedover18blocksfor eachsubject:50:4� 7:63%, 49:3� 6:6%,

48:9 � 8:0%, and52:4 � 6:2%; four-disk performanceunderdual-taskcondition,averagedover 18 blocks

for eachsubject:47:9 � 8:1%, 49:7 � 6:1%, 50:5 � 3:4% and46:9 � 7:4%; t-testresults: t(17) < 1:74,

p > 0:05 for eachsubjectandeachtask).Notethatwhentheperipheralcolordisk recognitiontaskis carried

out with attentionavailable,subjects'performancescenteraround85% at their individual SOAs (one-disk

performanceundersingletaskcondition,averageover18blocksfor eachsubject:88:8� 8:5%, 81:3� 5:0%,

89:6 � 3:3%and77:0 � 7:5%; four-diskperformance,averagedover18blocks:91:7 � 6:3%, 87:1 � 5:1%,

90:5 � 5:4% and74:5 � 7:5%). It seemsthatthesubjectscannottake advantageof theincreasednumberof
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Figure3.9: Multiple stimuli experiment.Thebasicsetupof this experimentis alsoDual-Taskparadigm.A
colordiskdiscriminationtaskis usedperipherally. Two typesof peripheralstimuli aremixedrandomlyduring
theexperiment.Thetop row shows the�rst peripheralstimulusandthenormalizeddualtaskperformances.
Peripheralrecognitiontaskis a red-greencolor disk versusits mirror image,green-redcolor disk. Subjects'
performancesof this taskwithout attentionis at chancelevel comparedto their baselineperformances,cen-
teredaround80%beforenormalization.Thebottomrow shows thesecondtypeof peripheralstimulusand
thecorrespondingnormalizeddualtaskperformances.In this case,therecognitiontaskremainsthesameas
thetoprow, with theexceptionthattherearefour copiesof thesamestimuli arrangedin theindicatedpattern.
We show herethatsubjects'performancesof this taskwithoutattentionis alsoatchancelevel, nobetterthan
thecasewith onecopy of thestimulus.

possible“diagnosticfeatures,” evenwhenattentionis fully available.

3.5.3 Discussion

We test the hypothesisthat independentbut “diagnosticfeatures”might contribute greatly in recognition

without attention. The assumptionwasnaturalscenecategorizationmight be potentially“easier” thanthe

syntheticstimuli recognitiondueto the multitudeof “diagnosticfeatures.” In otherwords,differentbody

partsof an animal (or vehicle)might increasethe chanceof detectionwhile the syntheticstimuli tend to

have a very localized,nearlysingularpoint of “diagnosticfeature”(e.g.,bisectingline of the doublecolor

disks). We thereforeincreasedtheprobablenumberof featuresby replicatingthenumberof stimuli from 1

to 4. It is importantto point out that this manipulationis not comparableto theonethatwe did in Exp 3. In
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Exp 3, we left theamountof “targetsignal” (or probabilityof thepresenceof an “animal” scene)constant

while doublingthe amountof “distractingnoise” (or probabilityof thepresenceof a “non-animal” scene).

Heretheabsolutenumberof potential“diagnosticfeatures”is increasedthroughhaving multiple, redundant

copiesof stimuli. Our resultsshow clearly that suchincreaseof potentialdiagnosticfeaturesdid not help

at all in recognitionof syntheticstimuli without attention. This observation implies that it is unlikely that

thebottleneckof suchsyntheticstimuli recognitionwithout attentionis thenumberof available“diagnostic

features.” Naturalscenesmight have an overall advantageover the syntheticstimuli usedheredue to the

intrinsic imagestatisticsor differentprocessingmechanisms.

An alternativeexplanationalsodeservesfurtherinvestigation.It is truethatwe havereplicatedthetarget

four timesin eachtrial. But if oneimaginesthatfeaturesrelatedto thetargetsanddistractorsfor thestimuli

live in a high dimensional“feature space.” Then it is possiblethat “diagnosticfeatures”in the synthetic

stimuli casemight lie too closelyto the“distractorfeatures”of thesyntheticstimuli in the “featurespace”.

On the otherhand,in the rich naturalscenestimuli case,the “diagnosticfeatures”of the targetsmight be

muchmoreeasilyisolatedfrom thedistractorsthanthesyntheticstimuli case.If this hypothesisweretrue,

simplyrepeatingthenumberof targetsin thesyntheticstimuli taskwouldnot increasethediscriminabilityof

thetargetfrom thedistractor, justaswhatwe haveobservedhere.

3.6 Control Experiment 5: Evidence for Well-learned Categoriesof

ObjectsEntailing LessAttentional Load During Recognition

Sofar our attemptto “increase”thedif�culty of naturalscenerecognitionwithout attentionby reducingthe

amountof signalordecreasingtheamountof traininghasnotbrokendownthesystemdramatically. Similarly,

addingcopiesof stimuli to thesyntheticrecognitiontaskdoesnot “ease”thetaskdif�culty either. Hence,we

wantto testwhethertask“predictability” canbeanin�uential factorin therecognitiontaskwithoutattention.

Our observations,however, alsopoint to thedirectionthat it couldbe thedifferentlevelsof processing

that result in suchdifferentperformancesbetweennaturalscenesandsyntheticstimuli. It hasbeenlong

known that object categoriesare encodedin higher level visual areassuchas the inferior temporallobe

(IT) [78,133]. The mostprominentobjectcategory is facefor the humanvisual system[27,118]. Haxby

et al. have shown differentiablefMRI patternsin IT andrelatedareaswhenrespondingto differenttypesof

stimuli of a wide rangeof visual categories[54]. So could it be that existing neuronalrepresentationsof

naturalscenecategoriesareresponsiblefor suchef�cient andfastrecognitionof naturalimageswith little

attention?If this is the case,canwe �nd meaningfulcategoriesof objectsin syntheticstimuli to test this
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hypothesis?

We testherein thisexperimenttwo independenthypothesesby usingtheletterdiscriminationtaskasthe

peripheraltask. The �rst hypothesisis that stimuluspredictabilitymight affect the attentionalrequirement

in recognition. It is conceivable that lessattentionis requiredwhen subjectsknow beforehandthe exact

shapesof thestimuli to bediscriminated.Thesecondhypothesisis thatwell learnedobjectcategoriescanbe

recognizedwith signi�cantly lessattentionalload. Evidencefrom thevisualsearchparadigmusingfamiliar

andunfamiliar letter-like patternsindicatesthat visual searchspeedis stronglyfacilitatedby morefamiliar

objects[127,151]. Peripheralletterdiscriminationtaskin dual taskparadigmhaspreviously beensetup in

sucha way thatthesingleperipheralletterstimulusis randomlyrotatedon eachtrial [16,77]. Thoughthese

letterscanbeconsideredaswell-learnedcategoriesof objects,letterrecognitionis bettertrainedfor upright

lettersfor obviousreasons(try readingthis pageupsidedown). Hencewe might observesomeperformance

differenceunderthedualtaskconditionbetweenupright letterdiscriminationandtheoriginal, rotatedletter

discrimination.

3.6.1 Method

We usetheDual-Taskparadigmto testthesehypotheses.As usual,we usethecentralletterdiscrimination

taskastheattention-demandingcentraltask.Threeconditionsaretestedfor theperipheralletterdiscrimina-

tion task: randomlyrotatedletter, �x edrotationanduprightpositions.For all conditions,the letterdiscrim-

ination taskis betweenT andL (L is the target in a go/no-gosetupwheresubjectshave to releasea mouse

button when the target is detected).The letter and its maskare locatedat a randompositionat 6-degree

eccentricity. For a givenblock of 96 trials, oneof thethreedifferenttasksis run, andsubjectsareinformed

beforehandabouttheblock task.Thereare10blockstestedfor eachof thethreeconditions.Fig.3.10depicts

the threedifferentconditions.Four subjectsparticipatedin this experiment.A shorttrainingperiodof 3-4

hoursproceededthe actualtesting. During this periodonly the randomlyrotatedletter discriminationwas

trainedconcurrentlywith the centraldiscriminationtask. All threeconditionswerepresentedfor an equal

amountof time in thesubsequentrealdatacollection. For eachsubject,theperipheralletter taskSOA was

determinedbasedsolelyon their singletaskperformanceon therandomlyrotatedletterdiscriminationtask.

3.6.2 Results

Whenattentionis available,thesingletaskperformancesfor all threedifferentletterdiscriminationtasksare

highly comparable(randomlyrotated,averageover 4 subjectsand10 blocks: 77:4 � 6:6%; �x ed rotation,

averageover4 subjectsand10blocks:78:8 � 7:0%; upright,averageover4 subjectsand10 blocks:84:9 �
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Figure3.10: Rotatedversus�x edrotationversusupright letterexperiments.Thebasicsetupof this experi-
mentis alsoDual-Taskparadigm.A letterdiscriminationtaskis usedperipherally. Threedifferentperipheral
conditionsandtheircorrespondingperformancesareshown in threecolumns.In the�rst column,theperiph-
eraltaskis a randomlyrotatedT versusrandomlyrotatedL, maskedby aperceptualmask.Subjectsperform
barelyat or abovechancewhenattentionis not available.This resultcon�rms [16,77]. Thesecondcolumn
showstheperipheraltaskof a �x edrotationof T versusL, indicatedin the�gure. Subjects'performancesof
this taskwithout attentionareslightly betterthantherandomlyrotatedlettercondition. In the lastcolumn,
we show resultsof subjects'performancesfor the peripheraltask in which the letter T andL are in their
uprightposition,a con�gurationthatis familiarandwell-learnedfor all of our subjects.Thenormalizedper-
formancesindicatea clearadvantageof this condition,showing a near-baselineperformancewhenattention
is withdrawn. This resultsuggeststhat tasksthataremeaningfulandwell-learnedcanbecarriedout by the
visualsystemin amuchmoreef�cient manner.

4:8%; pair-wise t-testshows no statisticallysigni�cant differencebetweeneachpair of the threedifferent

tasks(t(9) < 1:83, p > 0:05 for all cases)).This suggestswhenthereis abundantattentionalresource,

carryingout the letter discriminationtaskfor all rotationconditionsis similar. It is importantto point out

that the �x edrotationanduprightconditionshave similar performancesasthe randomlyrotatedcondition.

This indicatesthat the SOA that wasdeterminedfor eachsubjectfor the peripheraltaskwaseffective for

all conditions.We observed,however, differentperformanceresultsunderthedual-taskparadigm.For the

randomlyrotatedlettertask,subjects'performanceswerecongruentwith whatis reportedin previousstudies

[16,77]. Two subjects'performanceswerenot signi�cantly differentfrom chance(randomlyrotatedletter

taskperformanceundersingle-taskcondition,averageover10blocksfor eachof the2 subjects:74:2 � 3:3%

and85:9� 4:3%; randomlyrotatedlettertaskperformanceunderdual-taskcondition,averageover10blocks

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 other two subjectsperformedslightly better
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thanchance,but signi�cantly lower thantheir baselineperformancesobtainedwhenattentionwasavailable

(randomlyrotatedlettertaskperformanceundersingle-taskcondition,averageover10blocksfor eachof the

2 subjects:70:6� 4:4%and78:9� 4:1%; randomlyrotatedlettertaskperformanceunderdualtaskcondition,

averageover 10 blocksfor eachof the 2 subjects:57:8 � 7:2% and61:5 � 5:5%; t-testresultscomparing

dual-taskconditionperformanceswith single-taskconditionperformances:t(18) > 3:61, p < 0:001for each

subject). For the �x ed but uncommonrotation(non-upright),subjects'performancesvariedmorethanthe

randomrotationcondition. Threesubjects'dual-taskperformanceswerecomparableto chancelevel or just

slightly higher(�x-rotation lettertaskperformanceunderdualtaskcondition,averageover10blocksfor each

of the3 subjects:56:0 � 4:5%, 56:0 � 6:7% and59:1 � 4:2%, t-testresults:t(9) < 1:83, p > 0:05 for the

�rst two subject;t(9) > 4:30, p < 0:01 for thethird subject).Onesubjectperformedat 81%of his baseline

level performance(singletaskcondition: 78:1 � 8:1%; dual taskcondition: 67:2 � 4:6%). We shouldthen

comparethis result to the last condition: upright letter discrimination. Hereall subjectsperformedabove

80%of their baselineperformancelevel (singletaskconditionperformance,averageover 10 block for each

subject:85:2� 4:4%, 87:2� 5:7%, 78:1� 8:1%and89:1� 4:3%; dualtaskconditionperformance,average

over 10 blocksfor eachsubject:72:9 � 7:9%, 77:3 � 6:1%, 74:2 � 9:1% and83:6 � 5:3%). Onesubject's

performancewasnot signi�cantly differentfrom herperformancewhenattentionwasavailable(single-task

condition: 78:1 � 8:1%; dual-taskcondition: 74:2 � 9:1%; t-testresult: t(18) < 1:73, p > 0:05). There

is thusa clearpatternthat the leastamountof attentionresourceis neededwhenlettersarein their upright

positions.

3.6.3 Discussion

Two independenthypothesesweretestedin this setof experiments.We foundthatsubjectscouldnot recog-

nizerotatedletterswithoutattentionevenwhentherotationis �x edto oneanglethroughouttheentiretesting

periodof several hours. This result indicatesthat stimuluspredictabilityalonecannotreducemuchof the

attentionalloadrequiredfor sucha task.

On the otherhand,while keepingeverythingelseexactly the same,recognizingupright lettersshows

a clearadvantageover randomlyrotatedletterswhenattentionalresourceis scarce.Onemight arguethat

a �x ed upright rotation is easierfor a mentaltemplatematchingalgorithm becausethe stimuli are much

more predictablewhereassucha methodis lessuseful for a randomrotation. This is why we observe a

signi�cantly improvedperformancefor theuprightletterconditioncomparedto therandomlettercondition.

But this argumentdoesnot supportour observation for the �x ed but uncommonrotationcondition. If the

template-matchingtheoryworks, it shouldwork for any �x ed rotation,not just upright. In fact a modern
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computervision algorithmcan easily implementsucha template-matchingmethodto carry out this task.

Our resultssuggestthat thereis a clearbiasfor peopleto recognizeupright lettersbetterthanotherrotated

versions,even highly predictableones. This is not surprisingif we considerhow muchmorelearningone

receiveson upright letter recognitionover his or her lifetime. Similar evidencehasalsobeenfound in the

visual searchtasks.Wanget al. have reportedthat familiar letterstake lesstime to searchthanunfamiliar

ones[151]. This observationsupportsour hypothesisthat familiar andmeaningfulcategoriesof objectscan

berecognizedwith muchlessattentionalload.
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Chapter 4

Summary

4.1 Natural SceneCategorizationRequiresLittle Attention

Naturalscenecategorizationis oneof the mostevolutionarily relevant tasksof the humanvisual systems.

The superbef�ciency of this taskhasstimulatedmuchresearchacrossthe �elds of neuralpsychophysics,

physiologyandmodeling[8,77,109,135,138]. Contraryto thedaily experienceof theeffortlessnessof natural

scenerecognition,it is oneof thehardesttasksthat themodernstate-of-the-artcomputervision algorithms

have yet to accomplish.This dif�culty is mostlydueto thevastvariability acrosssimilar categoriesof the

naturalscenes.Unlike low-level taskssuchasorientationdiscriminationor texture recognition,in which

muchof thetaskscanbeaccomplishedthrough�ltering of theprimaryvisualcortex [83], understandingthe

categoricalinformationacrossdifferentexamplesof naturalscenesis usuallythoughtto beahigh-levelvisual

task. In aneffort to understandtheprocessingof naturalscenecategorization,we have chosenanapproach

to studytheef�ciency of this processin thenearabsenceof attention.

Visualattentionis consideredto beoneof the�rst andforemostmeansof controllingthe�o w of informa-

tion betweendifferentlevelsof visualprocessing.Numerousstudieshave probedthe functionof attention,

demonstratingmuchattentionalcontrolover stimuli with complex andconjugatefeatures[140,157]. Need-

lessto say, the function of attentionis tightly associatedwith thecomputationalfunction of recognitionin

the humanvisual system.We hopethat by manipulatingthe attentionalconditionof variousnaturalscene

categorizationtasks,aswell ascomparingit with otherrecognitiontasks,muchlight canbeshedin theunder-

standingof thefundamentalmechanismsthatenableussucha rapidandfastability of scenecategorization.

Our �ndings show thatrapidvisualcategorizationof novel naturalscenesrequiresvery little or no focal

attention.Perceptionoutsidethe focusof attentionhasmostlybeenreportedfor simplesalientstimuli [17,

140]. In our task,however, humansubjectsareactively searchingfor a complex category of objectswhose

appearanceis highly variable.It thusappearsthatasophisticatedhigh level of representation(e.g.,semantic)



36

canbe accessedoutsidethe focusof attention. It hasalreadybeenarguedthat the “gist” of a visual scene

couldbeavailablepreattentively [8,157]. In this context, thecontentsof the“gist” couldin factbeextended

to includeinformationaboutthe presenceof a complex target category whoseappearanceis not known in

advance.

Theseresultssuggestthat if attentiongatesvisual informationprocessingat early stagesof the visual

system,suchasV1 andV2 [3, 55,80,140], it cannotdo so in an “all-or-nothing” fashion. At leastsome

informationfrom unattendedpartsof thevisual�eld canreachhigherlevelareasof theinfero-temporalcortex

andmedialtemporallobe,whereselective neuronalresponsesto variouscategoriesof objects[2,21,27,71]

havebeenfound.

4.2 Natural SceneCategorization Is an “Easy” Task to Learn and to

Perform

Perceptuallearningis closelylinked to themechanismsof recognitionandattention.Our resultsshow that

contraryto commonbelief,certainseeminglymuchsimplerstimuli areharderto learnto discriminatethanthe

complex naturalscenes,whenattentionis not available. In fact, little stimulusspeci�c training is necessary

for subjectsto performthenaturalscenecategorizationtask.Giventhecurrentmodelsof visualrecognition,

this result is highly counterintuitive. Today's start-of-the-artcomputeralgorithmstake muchmoretraining

to recognizenaturalscenesthansimplegeometriccon�gurations[148,153]. Hochsteinandcolleagueshave

coinedthe term “easy” for task conditionswhereconsiderablelearningtransferoccurs[59]. Under this

de�nition, naturalscenecategorizationis amuch“easier”taskgiventheresultsof our �rst setof experiments.

They hypothesizedthat“easier”tasksinvolvehighercorticallevel processingthanlowerones.Wewill revisit

this point in our discussionof “meaningfulcategories,” in whichour further�ndings with differentlyrotated

lettersalsogiveahint to this possiblearchitectureof thevisualprocessing.

Anotherpieceof indirect evidenceof the “easiness”for naturalscenecategorizationis its performance

patternwithout color information. In Control Experiment2 we found that thereis virtually no cost in re-

moving color information from the naturalscenes.Again, state-of-the-artcomputeralgorithmsfor image

retrieval oftenutilize color featuresasoneof themostinformativecuesfor categorization.Our resultsshow

a cleardiscrepancy betweensuchalgorithmsandtheactualpropertiesof thehumanvisualsystem.It is sug-

gestedthatrapidnaturalscenecategorizationmight take advantageof coarser, achromaticinformationfrom

themagnocellularpathway earlierthanthe �ner , chromaticparvocellularpathway [22]. Several studieson

facerecognition[27] alsosuggestthatthereis aresponseof IT neuronsfor theearlyphasiccomponentof the
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stimuli ratherthanmore�ne-tunedinformation.Thissuggeststhatcategoricalrecognitionmightbeachieved

in higherlevel visualareasusingearlywavesof neuronalinformation,wheremoredetailedfeaturessuchas

colorsand�ne edgeshavenot yetbeencomputedor incorporated.

4.3 Parallel Processing

Therobustnessof naturalscenecategorizationis furthercon�rmed throughtheexperimentof double-image

recognition(Control Experiment3). Our humanvisual systemis surprisinglyparallel in processingthe

complex stimuli of naturalscenes[120]. In contrast,Exp 4 shows thatsuchability doesnot applyto stimuli

that arede�ned by their low-level differences,suchasthe con�guration of the red semicircleanda green

semicircle. Attention haslong beenconsideredto be deployed preferentiallyto tasksthat requiremuch

scrutiny andprocessing.This experimentcon�rms furtherthat theseeminglymuchsimplerstimuli requires

moreattentionto becategorized.

It hasbeenlongsuggestedthatthemorearecognitiontaskrequiresfeatureconjunctionsandbinding,the

moreattentionwill beneededfor this task[139,140].Thereforeonly “elementaryfeatures”areprocessedin

a parallelfashion(i.e., undervisual search,whereserialfocal attentionalscanis not required).Our results

suggestthe possibility that naturalscenecategoriesmight belongto thesetof “elementaryfeatures”while

the color disksor rotatedlettersdo not. But this type of featureis unlikely to be encodedin lower level

visual pathwayswherereceptive �elds aresmall andneuronstendto respondto primitive featuressuchas

orientationsandbrightness.

4.4 Meaningful Categories

In anattemptto understandtheef�ciency androbustnessof naturalscenecategorization,sofarwehavegath-

eredmuchindirectevidencethat visual tasksinvolving highercortical levelsarerecognizedeasier, learned

fasteranddeploy lessattentionalresource.In thelastsetof experiments,we�nd astrongerevidencesuggest-

ing thatmeaningfulnessandfamiliarity might participatein determiningattentionalloadandmoreef�cient

recognitionandlearningof the naturalscenecategorizationtask. Everythingelsebeingequal,an upright

letter is discriminatedmuch betterthanone rotatedto a �x ed, but uncommonorientation. Thereis little

low-level differencebetweenthesetwo setsof stimuli, but they dodiffer in termsof familiarity andmeaning-

fulness.A similar resultwasrecentlydiscoveredby Reddyet al. [114]. In their study, they contrastgender

discriminationof hairlessuprightfacesversusinvertedfacesin thenear-absenceof attention.They �nd that

little attentionis requiredto performthe taskwith upright faces(which areboth familiar andmeaningful)
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while theattentionalcostis ratherhighwith invertedfaces.

This observation is also consistentwith the recentdevelopmentof changeblindnessstudies. Change

blindnesshasshown thatattentionis critical for our visualawareness[115,128]. Changesof largepatches

of thevisualworld canescapeour awarenesswithout attendingto them.But theamountof attentionneeded

to discernsuchchangesseemsto dependalsoon themeaningfulnessof the stimuli. Semanticallyrelevant

informationis lesslikely to beneglectedin changeblindnessthanlessrelevantinformation[61].

In short,we hypothesizethat naturalscenecategorizationrequireslittle or no attentionalcostbecause

of the familiarity and“meaningfulness”of the stimuli andtask. Attention actsasa gaugefor information

processing.Whenthetaskor stimuli areunfamiliar, hencearenotdirectlyassociatedwith previousneuronal

representations,attentionhelpsto selectandprocessfeaturesfor the recognitiontask. Whentherearepre-

existingneuronalrepresentationsfor a giventaskor stimulus,for examplenaturalscenecategorization,little

attentionis needed.

4.5 Conclusion

Wehaveshown thatnaturalscenecategorizationdoesnotrequireattentionandis independentof trainingwith

thespeci�c typeof stimuli. It is robust to lack of color informationor increasingthesetsizeof thestimuli

presented.In contrary, multiple redundantcopiesof syntheticstimuli do not improve the performancesof

recognitionwithout attention. Somesimpletasks,suchassingleletter discrimination,requiremuchatten-

tionalassistanceunlessthelettersarepresentedin a familiar, uprightposition.We hypothesizethatattention

is particularlyimportantfor tasksthat do not have neuronalrepresentationsin thevisual pathway. Natural

scenecategorization,a well-learnedandfamiliarizedtaskfor mosthumanobservers,doesnot requiremuch

attention.
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Part III

Gist of Natural Scenes:Perception in a

Glance
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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

workingwith superbef�ciency andaccuracy in rapidlygraspingthemeaningof everyphotograph.We never

experienceany `perceptualglitch' if the previous pagewasset in downtown Manhattanand the next one

switchesto a conferenceroomfull of peopleandposters.

It haslong beenknown that humanscanunderstanda real-world scenequickly andaccurately. Film

makers�rst demonstratedthis ability througha techniquecalled`�ash cut.' In a commercialmotionpicture

called`The Pawnbroker' [81], S. Lumet insertedan unusuallybrief scenerepresentinga distantmemory.

Lumet foundthata presentationlastinga third of a second,thoughunexpectedandunrelatedto the�o w of

themainnarrative,wassuf�cient for theaudienceto capturethemeaningof theinterposedscene[11].

Pioneeringstudiesextendedtheseanecdotal�ndings, bolsteringtheclaim thathumanscouldrapidly ap-

prehenda real-world scene. Potteret al. utilized rapid serial visual presentations(RSVP)of imagesand

revealedthatsubjectscouldperceive scenecontentin lessthan200ms[108,110]. Furthermore,shedemon-

stratedthatwhile thesemanticunderstandingof a sceneis quickly extracted,it requiresa few hundredmil-

lisecondsto beconsolidatedinto memory[108]. Laterstudieshoweverdocumentedlimits to our perception

of a scene.Rensinket al. showedthatchangesto retinotopicallylargeportionsof thescenewill sometimes

gounobserved.It is likely thatthisoccursif theregionsarenot linkedto thescene'soverall `meaning'[115].

Otherhallmarkinvestigationsattemptedto elucidatethe informationinvolvedin this `overall meaning';

their conclusionsregardingsceneperceptionparalleledconceptsin auditorystudiesof sentenceandword

comprehension.Biedermanetal. foundthatrecognitionof objectsis impairedwhenthoseobjectsareembed-

dedin arandomlyjumbledratherthanacoherentscene[8]. They furtheridenti�ed severalphysical(support,
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interposition)andsemantic(probability, position,size)constraints,whichobjectsmustsatisfywhenwithin a

scene,similar to thesyntacticandgrammaticalrulesof language[9]. They investigatedhow objectrecogni-

tion wasmodulatedby violating theseconstraints.Their resultssuggestedthattheschemaof a scene-orthe

overall internalrepresentationof a scenethat includesobjectsandobjectrelations-isperceivedwithin a sin-

gle �xation [9], regardlessof expectationandfamiliarity [11]. Boyceandcolleaguesalsodemonstratedthat

objectsaremoredif�cult to identify whenlocatedagainstaninconsistentbackgroundgivena brie�y �ashed

scene(150ms),further suggestingthatboth recognitionof objectsandglobal contextual understandingare

quickly anddeftly accomplished[13].

5.2 Contributions

While it hasbecomeclearthenthatsomecomprehensionof sceneis rapidlyattained,theconceptual̀content'

of this scenegist is still somewhatnebulous. What is it exactly that we perceive andunderstandwhenwe

glanceat theworld?

In this study, we focusonparticularfacetsof this question:

� Therehasbeenno commonlyacceptedde�nition of the contentof `gist.' MandlerandParker have

suggestedthatthreetypesof informationarerememberedfrom apicture:i) aninventoryof objects;ii)

descriptive informationof thephysicalappearanceandotherdetailsof theobjects;iii) spatialrelations

betweenthe objects[84]. In additionto this objectinformation,propositionalrelationshipsbetween

objects,spatiallayoutof thescene,andageneralimpressionof thelow-level featuresthat�ll thescene

(e.g., texture, etc.) arespeculatively incorporatedinto the scenegist [156]. Finally, Biedermanhas

proposedthatglobalsemanticmeaningor context alsocontributesto theinitial surmisalof ascene[9].

Positingthe`contents'of aglanceasanoperationalde�nition of scenegist, wewould like to ascertain

thevisualandsemanticinformationcomprisingscenegist.

� Roschsuggestedthatonedistinguishesbetweeǹbasic-level,' `super-ordinatelevel' and`sub-ordinate

level' objectcategories[117]. Similarly, Tversky andHemenway proposedthe sametaxonomyfor

scenecategories[142]. Theseauthorsmotivatetheir theorywith argumentsof maximizingthevisual

andlinguistic informationconveyedduringnaming.Doeshumanperceptionof naturalcomplex scenes

reveala similar hierarchyof objectsandscenes?Whatpatternsariseduringfreerecallingof cluttered

scenesof variousobjects?Would responsesrevealsimilarhierarchiesor differentones?

� One parameterto vary in examining sceneperceptionis the length of presentationtimes. We are

curiousto seewhetherthereis anaturalorderingin therangeof perceptsthatbecomesavailableunder
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increasingtemporalconstraints.

� In all previousstudiesof sceneperception,theexperimentershaveasetof predeterminedhypothesesto

test.Their experimentsarehenceconstructedto illuminatecertainparametersrelevantto their claims

andquestions.Our designhowever might broadenthe scopeof sceneperceptionresearch.Through

unbiasedresponses,wehopeto uncovernew aspectsof sceneperceptionpreviouslynot considered.

Keepingthe above issuesin mind, we proposeto examineunbiasedreal-world sceneperceptionasa

functionof displaytime. We have designedanexperimentin which subjectsview oneof nearlya hundred

naturalscenesfor a brief interval of time without any priming,pre-or post-stimuluscuing,asto its content.

We askthemto typefreely whatthey haveseenin asmuchdetailaspossible.We vary thepresentationtime

of theimagebetween27msto half of a second.
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Chapter 6

GeneralMethod

Oursubjectswereaskedto freely recallwhatthey perceivedin brie�y displayedimagesof real-world scenes.

We exploredtheevolutionof oursubjects'reportsasa functionof thelengthof presentationtimes.Ourdata

wascollectedin StageI andanalyzedin StageII.

In StageI, subjectsviewedbrie�y apictureof asceneonacomputermonitorandwerethenaskedto type

what they hadseen,usinga freerecallmethodto collect responses.Chapter6.2 explainsthedetailsof this

stageof theexperiment.

In StageII, we askedanindependentgroupof subjectsto evaluateandclassifythefreerecall responses

collectedin StageI. Chapter6.3is a detailedaccountof thisevaluationprocess.

6.1 Dataset

In mostpreviousstudiesof sceneperceptionor objectrecognition,line drawingswereusedasstimuli [9,60].

Recently, severalstudieshave useda largecommercialdatabaseof photographsfor studyingtheperception

of scenesandcategories[77,135,138]. This dataset,unfortunately, is a collectionof professionallypho-

tographedscenes,mostlyshotwith thegoalof capturingasingletypeof objectsor speci�c themesof scenes.

We are,however, interestedin studyingimagesof everydayscenes,ascommonlyseenby mostpeoplein a

naturalisticsetting.Therefore,we assembledacollectionof imagestrying to minimizethis samplingbias.

Fig. 6.1 andFig. 6.2 show our datasetof 44 indoor imagesand46 outdoorimagescollectedfrom the

internetin thefollowing way. We askeda groupof 10 naivesubjectsto randomlycall out5 namesof scenes

that �rst cameto their minds. Someof the namesoverlapped.After pruning,we hadat handabout20 to

30 differentwords/word phrasesthat correspondedto differentenvironments.We thentypedeachof these

words/word phrasesin theGoogleimagesearchengine.On the�rst oneor two pagesof thesearchresults,

we randomlyselected3-6 imagesthataresensiblyrelatedto thekeyword. TheGoogleimagesearchengine



44

Figure6.1: 46 imagesof outdoorscenesin our datasetof 90grayscaleimages.

tendedto return imagesthat are found on people's personalwebsites,most often taken with a snapshot

camera.While everyonehasa biaswhentaking a picture,we believed the large numberof imagesfrom
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Figure6.2: 44 imagesof indoorscenesin ourdatasetof 90grayscaleimages.

differentunknown sourceswouldhelpto averageout thesebiases.

A numberof authorshave suggestedthat color information is not critical for the rapid categorization
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of scenes[29,33,36]. While color could be diagnosticin a later stageof recognition[93], we aremostly

concernedwith the initial evolution of sceneperception;thuswe decidedto useonly grayscaleversionsof

our imagesfor ourexperiments.

6.2 Experimental StageI: FreeRecall

6.2.1 Subjects

Twentytwo highly motivatedCaliforniaInstituteof Technologystudents(from 18to 35yearsold) pro�cient

in Englishservedassubjectsin ExperimentStageI. Oneauthor(A.I.) wasamongthesubjects.All subjects

(including A.I.) were naive aboutthe purposeof the experimentsuntil all datawere collected. Subjects

reportednormalcolor vision andvisualacuity(sometimeswith corrective lensesor glasses),but underwent

no testsin this respect.

6.2.2 Apparatus

Subjectswereseatedin a dark room especiallydesignedfor psychophysicsexperiments.The seatwasap-

proximately100cmfrom a computerscreen,which was connectedto a Macintosh(OS9)computer. The

refreshrateof themonitorwas75Hz. All experimentalsoftwarewasprogrammedusingthePsychophysics

Toolbox[14,101]andMatlab.

6.2.3 Procedure

Fig. 6.3 illustratesa singletrial of StageI. An imagefrom our datasetwaspresentedfor oneof 7 different

possibleSOAs: 27ms,40ms,53ms,67ms,80ms,107ms,and500ms.For eachtrial, theparticularSOA was

randomlyselectedwith equalprobability from thesechoices.The imagewasthenmasked by oneof eight

natural imageperceptualmasks,constructedby superposingwhite noiseband-passedat different spatial

frequencies[145]. Thesubjectwasthenshown ascreenwith thewords:

Pleasedescribein detail whatyouseein thepicture. Two sampleresponsesare: 1. City scene. I seea

big building on theright, andsomepeoplewalkingby shops.There are alsotrees.Mostof thetreesare on

the left of the picture, againstsomebackgroundbuildings. 2. Possiblyoutdoor. I really cannottell much.

Probablysomeanimals,maybemammals...

Subjectsweregivenanunlimitedamountof time to write down their responses.

Eachsubjectwasshown all 90 imagesin thedatabase,brokeninto 5 20-trial sessions.Theimageswere

presentedin randomorder. At thebeginningof eachsession,4 imagesoutsideof thedatabasewereusedto
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time

Image onset: t = 0 msec 

Mask onset: t = SOA

An outdoor scene, I think. reminded me a 
a city... like walkingin a park in new york
or something. there seemed to be trees 
and a road and then this large skyscraper 
in the background.

Please type your description 
here:

+
Fixation cross onset: t = ~250 msec 

possible SOAs (in msec):

27, 40, 53, 67, 80, 107, 500

Subject types description

Figure6.3: A singletrial in StageI: A �xation crossappearedfor about500ms. An imagefrom our dataset
wasthenpresentedat thecenter, subtending6� � 8� in visual angle. After a variableSOA, the imagewas
masked by one of 8 natural imageperceptualmasks. The maskwas displayedfor � 250ms. The time
betweentheonsetof theimageandtheonsetof themaskis calledStimulusOnsetAsynchrony (SOA). The
maskwaspresentedfor 500ms.Afterward,thesubjectwaspromptedto a screenin which he/shewasasked
to typein thewhathe/shehadseenof theimage.Subjectsweregivenanunlimitedamountof time to write
down their responses.Whenthey werereadyto continue,they could initiate the next trial by pressingthe
spacebar.

familiarizethesubjectwith theresponsesandSOAs. Freerecallresponsesfor these20 (4 � 5) imageswere

excludedfrom all dataanalysis.Orderof imagepresentation,aswell asthechoiceof SOA for eachimage,

wererandomizedandcounter-balancedamongall subjects.Eachsubjectthuscontributedonedescription

for eachimageat oneof the SOAs. Overall, our 22 subjectsprovided1980descriptions,i.e., we obtained

between3 and4 descriptionsfor eachimageandeachSOA.

6.3 Experimental StageII: Description Evaluation

6.3.1 Subjects

Five paid volunteerundergraduatestudentsfrom differentschoolsin the Los Angelesarea(from 18 to 35

yearsold) servedasscorersin ExperimentStageII. As scorersneededto analyzeandinterpretunstructured

written responses,they wererequiredto be native Englishspeakers. All scorerswerenaive aboutthepur-

poseof the experimentsuntil all responseevaluationwas�nished. Subjectsreportednormalvisual acuity

(sometimeswith corrective lensesor glasses),but underwentno testsin this respect.
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6.3.2 Apparatus

The scorers'taskwas to evaluateandclassify the imagedescriptionsobtainedin the previous stage. For

this purposethey usedResponseAnalysissoftware,which we designedandimplementedfor this purpose

(Fig.6.5).Subjectswereseatedin alightedof�ce room.Theseatwasapproximately100cmfrom acomputer

screen,whichwasconnectedto aMacintosh(OS9)computer. Therefreshrateof themonitorwas75Hz.All

ResponseAnalysisuserinterfacesoftwarewasprogrammedusingMATLAB andtheGUI toolbox.
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Figure6.4: AttributeTree. The list of attributeswasconstructedby examiningthe entiresetof free recall
responses/descriptionsto extractacomprehensiveinventoryof termsreferredto in thesedescriptions.

a possible evaluation sequence

Figure6.5: ExperimentStageII: Evaluatingthefreerecallresponses.
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6.3.3 Procedure

Ouraimwasto evaluatefreerecallresponsesin aconsistentanduniform mannerfor all subjects.To do this,

thecontentof all responseswasassessedwith respectto a standardizedlist of attributes.

The list of attributeswasconstructedby the experimenters,who examinedthe entiresetof free recall

responses/descriptionsto extracta comprehensive inventoryof termsreferredto in thesedescriptions.Most

attributesdescribedfell into oneof six categories:inanimateobjects;animateobjects;outdoorscenes;indoor

scenes;visual/perceptualfeatures(i.e., shapes,lines,etc.);or event-related(this category compriseda more

cognitiveunderstandingof thepicture,in whichhumanbehavior relatedto thescenewasinferred,i.e.,social

interaction,sports/games,performances,concert,etc.).SeeFig. 6.4 for theentirelist of attributes.

Theattributelist consistedof 105terms.We organizedtheseattributesinto a hierarchicaltreestructure,

wherethehighestlevel representedthemostgenerallevel of description(e.g.,inanimateobject); the inter-

mediatestagesexhibiteda greaterdegreeof speci�city (e.g.,manmadeinanimateobject,building); andthe

lowestlevel correspondedto themostdetailedlevel of description(e.g.,Capitol building). This taxonomy

schemastemsfrom conventionalnotionsof objectandscenecategorization,asoriginally developedby Rosch

(1978)andTversky andHemenway (1983),predicatedon thesuperordinatelevel; theentry, or basic,level;

andthe subordinatelevel. The �ndings of theseauthorsformedthe basisof our hierarchicalclassi�cation

for theanimateobject,inanimateobject,indoor, andoutdoorbranchesof the tree. The last two branches–

sensory-relatedandevent-related–have received lessinvestigation,andthuswereclassi�ed parsimoniously

with only two levels,moregeneral(e.g.,sensory-related)andmoredetailed(e.g.,lines,shapes,etc).

Eachof the5 scorersreadeveryresponse(22subjectswhoeachrespondedto thesame90images= 1980

responses)andassayedthemfor mentionor descriptionof eachattributeaswell ascorrectness.Thescorer

wasguidedthroughthis taskwith the ResponseAnalysisinterfacetool (Fig. 6.5). For eachresponse,the

scorerproceededasfollows: the�rst screencontainedthetext of oneof theresponses,theimagedescribedin

theresponse,andaboxwith labelsfor themostgeneralattributes:indoor, outdoor, animateobject,inanimate

object,event-related,shape-related. Next to eachattribute,a buttonallowed thescorerto indicatewhether

the attribute had beendescribedin the written response.If an attribute was checked as `described,' the

scorerwasadditionallyrequiredto indicatewhetherthedescriptionof theattributewaseitheran`accurate'

or `inaccurate'depictionof the correspondingimage. This completedthe �rst screen. For any attribute

checked,a successive screenwasdisplayed,which comprisedagainthe text of theresponseandthe image,

but now thenext level of moredetailedattributes;for example,if inanimateobjecthadbeencheckedin the

�rst screen,a following screenwould have containedthe labels:manmadeandnatural (Fig. 6.4), for which

theuserwould againbepromptedto indicatewhethertheseattributesweredescribedin theresponse,andif
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so,whetheraccuratelydescribedor not. If theuserhadthencheckednatural, a following screenwouldhave

contained:thetext of theresponse,theimage,andthenext level of attributes:bodyof water, plant, speci�c

plant,mountain/hill,distinctivetexture. Theentirebranchwasthustraversed.

If, on the �rst screen,the scorerhadalsochecked indoor, thenfollowing screenswould have alsodis-

played: thetext of the response,the image,andthenext level of attributes:store, householdroom,kitchen,

of�ce/classroom,technicalenvironment,dining/restaurant,station/plaza,library, performancevenue. In this

manner, therelevantportionsof thetreeweretraversed,onebranchat a time. This processwasrepeatedfor

eachresponse.

As explicatedearlier, 3-4responseswereprovidedfor agivenimageatagivenSOA. For agivenattribute,

eachscorerjudgedwhethereachof these3-4 responsesaccuratelydescribedtheattribute in the respective

image. The percentageof responsesratedas accuratemeasuredthe `degree' to which the attribute was

perceivedin this image.This initial scorethusre�ectedaparticularimage,SOA, andscorer. Thescoreswere

thennormalized:thesevenscoresfor a given image(onefor eachSOA) weredividedby thehighestscore

achieved for that image(acrossall SOAs). All evaluationscoreswerethereforebetween0 and1. Due to

this `within-image' normalization,inherentdifferencesin `dif�culty' of perceiving or understandingscenes

betweendifferentimageswereeliminated.

In all analyses,the scoreswere then averagedover all 5 scorers. In someanalyses,the scoreswere

additionallyaveragedover images,sothattheaveragedevaluationscorerepresentedthedegreeto which the

attributewasperceivedat agivenSOA acrosstheentireimageset.
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Figure6.6: A samplescoreplot for thebuilding attribute.

To betterillustratetheparametersjust discussed,we will focuson theevaluationof oneattribute,`build-

ing,' depictedin Fig. 6.6. On thex-axis arethe sevenSOAs for which imagesweredisplayed.The y-axis

re�ects normalizedaccuracy evaluationscore.

For the SOA of 80ms,for example,eachscorerseesroughly 3 responsesfor eachimage. For each
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response,thescorerdetermineswhethertheattribute `building' wasaccuratelyreportedwith respectto the

correspondingimage(theother104attributeswerealsochecked,but wewill notfollow thosefor thepurposes

of this example).Supposethescorerindicatesthatbuilding wasdescribedaccuratelyin only oneresponse.

Theinitial evaluationscorefor theattribute`building' for this imageat SOA 80msis therefore1=3, or 0.33.

Supposealsothat themaximumaccuracy scoreachievedin describingthis imageoccurredat SOA 500ms,

where2=3 of the responsesaccuratelyreporteda building. This maximumscoreof 0.67would be usedto

normalizeall scores,sothattheevaluationscoreat SOA 80msis now 0.5andthescoreat500msis 1.0.This

normalizationallowseachimageto beits own baseline;thereforedifferencesin thequalityof theimage(i.e.,

simplevs. cluttered)will not affect scores.Finally, all normalized̀ building' scoresat SOA 80ms–onefor

eachimage–areaveragedto obtainthe�nal evaluationscoreat this SOA for this particularscorer.

Thisprocessof normalizationperimageandthenaveragingoverall imagesis donefor eachSOA. Again,

the resultingvaluesareperscorer. Thus,in Fig. 6.6, theyellow, blue,green,cyan,andmagentalineseach

representthenormalizedevaluationscores(averagedover images)for onescorer.

Thesecurvesarethenaveragedover all the scorers.The resultingmeansareplottedin the red line in

Fig. 6.6,with errorbarsrepresentingstandarderrorof themean(s.e.m.).

In addition,thereis ablackline restingat thebottomof theplot. It consistsof scoresgivenby ourscorers

whenthe responses/descriptionsarerandomlymatchedto the images.This correspondsto our controlsin

the responseevaluationprocess.As this evaluationprocessis subjective, scorerbias in judging accuracy

of responsescould be a potentialconfound,i.e., a scorermight be inclined to generallyinterpretvagueor

nebulousresponsesas`probablycorrect,' giving `thebene�t of thedoubt' evenfor inaccuratedescriptions.

To probefor this bias, eachscorerwas presentedwith 220 responsesthat were pairedwith an incorrect

image(e.g.,not the imagethesubjectwasviewing whenmakingtheresponse).Thescorerhadto indicate

whethertheresponseaccuratelydescribedtheimagewith whichit waspresented,thesametaskasfor thereal

response-imagepairings.Sincetheseareincorrectpairings,responsesassociatedwith longerSOAs will not

containa moreaccuratedescriptionof any attribute(here,building) of the imagewith which it is presented

to the scorer. Therefore,assumingno scorerbias, the line shouldremain�at, asobserved in Fig. 6.6. If

scorersdo exhibit a propensityto liberally give credit to subjectsfor their responses,we would not expect

to seea low, �at line from the controls. Instead,we would anticipateother patterns,suchas increasing

scoreswith SOA (sinceresponsesbecomemoreverboseandcontainmorecontentthatcouldmistakenly be

viewedasaccurate);or scoresthatriseupto intermediateSOAs (moreverbosebut still somewhatambiguous

responses)but thendecreaseat thelongestSOAs (whereresponsesbecomespeci�c enoughthatscorershave

little opportunityto givesubjectsthebene�t of thedoubt).Thecontrolcurvesfrom all scorerswereaveraged.
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Chapter 7

Experimentsand Results

7.1 Experiment I: The `Content' of a SingleFixation

How muchof a scenecanbeinitially perceivedwithin the�rst glance?

Biederman's�ndings impliedthatsomekind of globalcontext of thesceneis registeredin theearlystages

of sceneandobjectrecognition[9].

Friedmanandcolleaguesproposedthatearlyscenerecognitioninvolvestheidenti�cation of at leastone

`obligatory' object[6,44]. In this `priming model,' theobligatoryobjectservesasa contextualpivotal point

for therecognitionof otherpartsof thescene[56]. Thereis alsoevidencethatobjectscouldbeindependently

recognizedwithout facilitation by global scenecontext [56]. Despitethis discrepancy betweenall these

models,one thing is clear: object recognitionis an importantaspectof early sceneperception. Humans

appearto beableto recognizeat leastsomeobjectsin a naturallyclutteredscenein asingleglance.

Sowhat is thecontentof the�rst glanceof a scene?Doesit includea list of objects,and/orrelationsof

objects,and/orbackgroundtextures,and/orlayoutof space[156]?

In this �rst experiment,wetry to extractasmuchinformationaspossiblefrom subjects'reportsof scenes

in a single�xation.

7.1.1 Method

Wecomparethesubjects'descriptionsof scenesin two SOAs: 107msand500ms.While theaverage�xation

lengthduringsceneviewing canbeashigh as339ms[113], numerouspreviousstudieshave usedpresenta-

tion timesbetween100msto 200msto investigatetheeffect of single�xation [9, 13,108]. Herewe follow

thetraditionanduse107msasanestimateof thelengthof the�rst �xation of a scene.500msis chosenasa

baselinepresentationtime for viewing ascene.It is commonlyacceptedthatthisamountof time is suf�cient

for perceiving anaturalsceneandmostof its contents.Fig.7.1showstwo differentexamplescenesandsam-
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pledescriptionsat thetwo SOAs. In the�rst row, thesceneis graspedwith relativeease.Subjectsarenearly

asgoodat perceiving thedetailsof thesceneat SOA 107msascomparedto thebaselineviewing condition.

In thesecondrow, thesceneis muchmoreclutteredandcomplex. We seethattheextrapresentationtime for

SOA 500mshelpsgreatlyin perceiving thedetailsof thescene.

This is outdoors. A black, furry dog 
is running/walking towards the 
right of the picture. His tail is in the
air and his mouth is open.  Either 
he had a ball in his mouth or he 
was chasing after a ball.  (Subject EC)

 I saw a black dog carrying a gray 
frisbee in the center of the 
photograph. The dog was walking 
near the ocean, with waves lapping 
up on the shore. It seemed to be a 
gray day out.  (Subject JB)

inside a house, like a living room, 
with chairs and sofas and tables, 
no ppl.  (Subject HS)

A room full of musical instruments. 
A piano in the foreground, a harp 
behind that, a guitar hanging on the 
wall (to the right). It looked like there 
was also a window behind the harp, 
and perhaps a bookcase on the left.
(Subject RW)

SOA = 107ms SOA = 500ms

Figure7.1: Subjectdescriptionsamples.In the �rst row, thesceneis relatively easy. Subjectsarenearlyas
goodat perceiving thedetailsof thesceneat SOA 107msascomparedto SOA 500ms. In thesecondrow,
the sceneis moreclutteredandcomplex. Whenthe paperis acceptedfor publication,we will publishall
descriptionscollectedfor theentiredataset.

Severalattributeswereexamined,from � vebranchesof theanalysistreeandat variouslevelsof abstrac-

tion, from super-ordinateto subordinate.The evaluationscoresfor eachof theseattributeswereaveraged

over all imagesandall scorers.The scoresfor SOA 107msandfor SOA 500mswerecompared;a pair of

barsrepresentingthescoresat thesetwo SOAs areplottedfor eachattributeof interest.

7.1.2 Result and Discussion

Sinceweareinterestedin eliciting afuller descriptionof thesemantic̀content'of abrief look atascene,� ve

categoriesof attributesareconsidered:animateobjects(includinghumansandanimals);inanimateobjects;

outdoorscenes;indoorscenes;andhumanactivities/events.Fig. 7.2summarizesall results.

In Fig. 7.2(a) and (b), we show thesecomparisonsfor objects. As our focus is primarily on scene

recognition,we will considerobject recognitiononly brie�y . In the super-ordinatecategory of animate

objects(Fig. 7.2(a),mostlevelsareequivalentlyperceivedwithin a single�xation ascomparedto thebase-

line viewing condition.Thesuper-ordinatelevel of animateobject, moredetailedlevelssuchaspeople, and

attributeslargemammal(subordinateto animal) andethnicity, appearanceanddetailsandbody/�gure(sub-

ordinateto people) arereportedwith similar accuracy 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/age (t(8) = 9:73, p = 0:01), andtwo others

stronglydiffer (One-Way ANOVA: bird t(8) = 73:32, p < 0:001; dogs/catst(8) = 33:98, p < 0:001).

While several detailedattributesof people,suchasethnicity, appearance,andbody �gures, areperceived

with adroitness,recognitionof non-humananimalsdoesnot appearto enjoy thesameease.Entry level ani-

mals,suchasdogs,cats,andbirds,aremorereliablydiscriminatedwith longerpresentationtimes,with dogs

andcatsbeingparticularlypoorly recognizedat107ms.Thesepropensitiesspeakto a largebodyof literature

claiminganinnatevisualpreferencefor facesandhumans[30,31,116].

Fig.7.2(b)displaystheresultsfor theinanimateobjectscontainedin theimagedataset.Severalattributes

pertainingto inanimateobjectcategoriesareperceived within a single �xation, namelythe super-ordinate

category inanimatenatural objects, plusmorebasiclevel objectssuchasrocks, plants, mountain/hills, grass,

sandandsnow(One-WayANOVA: 4:24e-4 < t(8) < 4:02, p > 0:05). In therealmof manmadeobjects,the

�ndings arelessclear. Super-ordinatelevels,suchasmanmadeinanimateobject, furniture, andstructures

(roads,bridges,railroadtracks),andthebasiclevel attributecar aremoreaccuratelyreportedat 500msthan

at 107ms(One-WayANOVA: 14:20 < t(8) < 31:95, p < 0:01; exceptcar, weaklysigni�cant: t(8) = 6:10,

p = 0:04). Othersuper-ordinateandentry-level objects,includingvehicle, building, chair, anddeskor table

exhibit equalaccuracy at bothSOAs (One-Way ANOVA: 0:80 < t(8) < 4:50, p > 0:05). The lack of an

unequivocaladvantagefor recognitionof basic-level categoriesversussuper-ordinatecategoriesconnotesa

discrepancy from Rosch's studyon object categories[117]. We observe that oneof the main differences

betweenour setupandRosch's is theclutterandfullnessof ourscenes.In herstudy, objectsarepresentedin

isolation,segmentedfrom background.In our setup,objectsareviewedundermorenaturalconditions,with

clutterandocclusion.

Fig. 7.2(c)displayscomparisonsfor the sceneenvironmentsportrayedin our dataset.At SOA 107ms,

subjectseasily namethe super-ordinatelevel categories,outdoor, indoor, natural outdoor and manmade

outdoor. In addition, scenessuchasof�ce/classroom, �eld/park, urban streets, householdrooms(dining

rooms,bedrooms,living rooms), and restaurant scenesare recognizedwithin a single �xation (One-Way

ANOVA: 0:20 < t(8) < 5:23, p > 0:05). Only shop/storeandwaterscenesrequirelongerpresentations

(One-Way ANOVA: 9:93 < t(8) < 50:40, p < 0:02; exceptsky, weakly signi�cant: t(8) = 6:73, p =

0:03).Comparedtoobjectsthen,scenecontext is moreuniformlydescribedbyoursubjectsin asingle�xation.

Ourresultssuggestthatsemanticunderstandingof sceneenvironmentscanbegraspedrapidlyandaccurately

afterabrief glance,with ahierarchicalstructureconsistentwith Tversky andHemenway[142].

We have seenthat both objectsaswell asglobal sceneenvironmentscanbe processedgiven a single

�xation. Theseattributes,however, areexplicitly denotedby propertiesof a still image,wherethephysical
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featuresde�ning anobjector thequintessentialcomponentsof anenvironmentcanbereadilyrendered.Can

a morecognitive appraisalof the transpiringscenariobe inferredwith the sameease?In Fig. 7.2(d), we

look at attributesrelatedto humanactivitiesandsocialevents.Givenour dataset,only � ve typesof activities

areincluded: sport/game,social interaction,eating/dining,stageperformance,andinstrumentplaying. Of

the5 activities,sport/game,socialinteractionsandpossiblystageperformancecanbereportedaftera single

glance(One-Way ANOVA: 0:25 < t(8) < 1:54, p > 0:05). Only oneimageeachinvolvedhumanseither

eatingor playing instruments;thustheseevent-relatedattributeswerenot statisticallymeaningfulandwere

excludedfrom our analysis.These�ndings suggestthatsubjectscannotonly extractobjectsaswell astheir

embeddedenvironment,but in addition can infer the interactionof the objectsin order to consolidatean

abstract,semanticmeaningof their visualworld.
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Figure7.2: Fixationresultsfor animateobjects(a), inanimateobjects(b), scenes(c) aswell associalevents
andhumanactivities (d).

In summary, within this brief period of time, humansseemto be able to recognizeobjectsat super-

ordinatecategory level aswell as a variety of basiccategory level. Furthermore,a single �xation seems

suf�cient for recognitionof mostcommonscenesandactivities,many of themcoincidingwith thebasiclevel

scenecategoriessuggestedby Tversky andHemenway[142].
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7.2 Experiment II: Outdoor and Indoor Categorization

In recentyears,severalcomputervision studieshave suggestedef�cient algorithmsfor categorizingscenes,

exploiting bothglobalandlocal imageinformation[35,94,132,144,150]. While thesemethodsshedlight

on how coarseclassi�cationof scenescanbe achieved in a feedforward fashionafter supervisedlearning,

little is known in thehumanvision literatureabouttheactualcuesandmechanismsallowing categorization

of differentsceneclasses.In their work on scenetaxonomy, Tversky andHemenwayexaminedin particular

people's understandingof the disparatecomponentsof indoor and outdoorscenes[142]. Their methods

however treatedindoorandoutdoorenvironmentssymmetrically, presumingnoobviouspreferenceor bias.

After reviewing thefreerecallresponsesin thisexperiment,weobservedaproclivity towardsrecognition

andnamingof oneof thesetwo kinds of environments.We thussoughtto further explore this unexpected

af�nity .

7.2.1 Method

To probefor a possiblebias,we examinedhow theoutdoorandindoorimagesin our datasetwereclassi�ed

by oursubjects,andhow thisclassi�cationchangedasa functionof presentationtime(SOA). For eachSOA,

a scatterplot wasgenerated,eachdot representingan image–reddotscorrespondto ground-truthoutdoor

images,greendotsto ground-truthindoor images.`Ground-truth'is determinedin the following way: for

eachimage,we take all responsesof all subjectsat SOA 500ms. If a majority of the subjectsaccurately

describedthe imageas`outdoor,' thenthe ground-truthlabel for the imageis `outdoor.' The sameis true

for the`indoor' images.For eachimage,we areableto ascertainthepercentageof subjectsthat labelledthe

imageas`indoor' or as`outdoor' at a particularSOA time. Fig. 7.5 shows how the imagesareperceivedat

differenttimes.We shalldiscussthis morein theResultssection.

Beforewe proceeded,we wishedto know whethera biasin subjectperformancecouldbeaccountedfor

by simple,low-levelglobalcues.Indeedmany studieshaveexploredtheusageof globalcuesfor categorizing

naturalscenes,andcomputervision algorithmshave demonstratedrelative successin utilizing suchcuesto

accuratelyachieveavarietyof classi�cations[94,132,144].Following thesameline of reasoning,wecarried

out two controlanalysesof theglobalstatisticsof thescenesin our dataset.

In the �rst control experiment,we assessedwhetherindoor andoutdoorscenesin our databasecould

be separatedby simple frequency information [94]. Both the indoor andoutdoorimageswere randomly

dividedinto two halves—a`trainingset' anda `testset.' Two power spectrumtemplateswerethencreated:

1) anoutdoortemplate,which averagedthepower spectraof all outdoorimagesin theoutdoortrainingset,

and2) an indoortemplate,which averagedthepower spectraof all indoorimagesin the indoortrainingset.
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Fig. 7.3(a)and(b) show two exampleoutdoorandindoor templatesfor randomlydrawn trainingsets.For

theimagesin thetestsets,a two-dimensionalcorrelationwasperformedbetweenthepowerspectrumof each

imageandtheoutdoortemplate,andbetweenthepowerspectrumof eachimageandtheindoortemplate.We

thenobtainedaratioof correlationcoef�cients (outdoorcorrelationcoef�cient: indoorcorrelationcoef�cient)

for eachimagein thetestsets.Thiscorrelationanalysiswasrepeated,with trainingandtestsetsreversed,i.e.,

the imagespreviously in thetrainingsetsformedthenew testsets,andthe imagesformerly usedin thetest

setswereusedto generatethe templates.Ratiosof correlationcoef�cients wereobtainedfor imagesof the

new testsets.In this way, correlationswereperformedonevery imagein thedataset,with templatesformed

from a disjoint setof images.This procedurewasreiterated10 times,with a randomsegregationof images

into eitherthetrainingsetsor testsetseachtime.

Fig. 7.3(c)showsthedistributionof this ratioscorefor all of theoutdoorandindoorimages.We usethis

ratioscoreof theimagesto performindoorversusoutdoorclassi�cation.Fig. 7.3(d)is a ReceiverOperating

Characteristic(ROC) curve of the result. A weakclassi�cation resultof 68:0% is achieved for separating

indoor imagesfrom outdooronesbasedon the averagepower spectra(chanceclassi�cation by an ROC

analysisis consideredto be50%). Comparedto theaverageperformanceof humanobserversatSOA 500ms

(90:5% in Fig. 7.5), this resultindicatesthat little informationcouldbeusedto classifyindoorandoutdoor

scenesbasedon low-level powerspectralinformation.
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Figure7.3: Power spectralanalysis. (a) A sampleoutdoortemplate,which averagedthe power spectraof
all outdoorimagesin thedataset(excludingtheimageitself if it is outdoor).(b) A sampleindoortemplate,
whichaveragedthepowerspectraof all indoorimagesin thedataset(excludingtheimageitself if it is indoor).
(c) Distributionof theratioscorefor outdoorandindoorimages.Theratioscoreof correlationcoef�cients is
obtainedfrom theoutdoorcorrelationcoef�cient andindoorcorrelationcoef�cient for eachimage.(d) shows
two Receiver OperatingCharacteristic(ROC) curves(trainingandtesting)of theclassi�cationresultsbased
onthecorrelationratios.A weakclassi�cationresultof 68:0%is achievedfor separatingindoorimagesfrom
outdooronesbasedon theaveragepowerspectrain thetestingcase.

Our secondcontrol addressedthe argumentthatoutdoorscenestendto have a lighter top partly dueto

the contrastof the sky, while thereis no suchcue in an indoor image. 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 bottomof low-intensity
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pixels. A two-dimensionalcorrelationwasperformedbetweeneachimagein thedatasetandthe template.

Thecorrelationcoef�cient for eachimagewasusedfor classi�cation. Fig. 7.4(b)shows thedistributionsof

the correlationcoef�cients of all the indoor andoutdoorimages,while Fig. 7.4(c)shows the classi�cation

resultsin ROCcurve. Only a47:5%performanceis achievedby usingthetemplatemethod.This is nobetter

thanchance,comparedto a highhumanobserverperformanceat SOA 500ms(90:5%in Fig. 7.5).
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Figure7.4: Light top darkbottomcorrelationanalysis.(a) Two horizontallayersconstitutedthis template,
thetopconsistingof high-intensitypixels,andthethebottomof low-intensitypixels.(b) A two-dimensional
correlationwasperformedbetweeneachimagein thedatasetandthe template.Thecorrelationcoef�cient
for eachimagewasusedfor classi�cation. (c) shows theclassi�cationresultsin ROC curve. Only a 47:5%
performanceis achievedby usingthetemplatemethod.

7.2.2 Resultsand Discussion

Therecallperformancesfor indoorversusoutdoorscenesareshown in Fig. 7.5. We sampledtheresponses

asa function of stimuluspresentationtimes: 40ms,67ms,120msand500ms. Ideally, all outdoorimages

(greendots)would clusterat the (0; 1) cornerof eachof thepanelin Fig. 7.5,while all indoor images(red

dots)would clusterat the (1; 0) cornerof the panel. At shortSOAs, however, fewer subjectsmentionthe

indoor/outdoorcategory, while at 500ms,virtually all do. At thebaselineSOA of 500ms(Fig. 7.5(d)),most

of thereddotsareindeedlocatedonthex-axis,assubjectscorrectlyidenti�ed theoutdoorimagesasoutdoor.

Similarly, mostof thegreendotsarelocatedonthey-axis. In Fig. 7.5(a)-(d),weobserveaverycleartrendof

anearlybiasfor outdoorimages.At SOA 40ms,if subjectschoseto make the indoor/outdoordichotomous

distinctionin their responses,they tendedto identify asymmetricallyoutdoorimagesasoutdoor, despitethe

fact that thereis a similar numberof indoorandoutdoorimagesin thedataset.This preferencefor outdoor

labelling continueseven at SOA 107ms(Fig. 7.5(c)). In Fig. 7.5(a)-(d),we also presentthe four indoor

imagesthatweremostfrequentlymisclassi�edas`outdoor' at thecorrespondingSOA. Severalof themare

consistentover a rangeof SOAs. By consideringtheseimages,it is possiblethat predominantlyvertical

structuresgiveriseto the`outdoor'perceptmoreeasilywhenthereis lessthan107msfor viewing theimage.
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In Fig. 7.7(c),we summarizethechangeof indoorandoutdoorclassi�cationover presentationtime in one

plot. Eachdiamondrepresentstheaverageperformancescoreat oneSOA.
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Figure 7.5: Categorizationresultsof indoor and outdoorscenes.Eachcolumn illustratesthe result in a
speci�edpresentationSOA. Thetoppanelof eachcolumnis ascatterplot of thecategorizationresults.Each
dot representsanimagein thedatabase,redfor ground-truthoutdoorandgreenfor ground-truthindoor. The
x-axis indicatesthepercentageof subjectslabellingan imageasanoutdoorimage,andthey-axis indicates
thepercentageof subjectslabellinganimageasanindoorimage.A diamondshapewith errorbarsindicates
theaverageperformance.Thebottompanelshowsthefour indoorimagesthatwereoftenconfusedasoutdoor
scenesgiventhis SOA.
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Figure7.6: Categorizationresultsof manmadeoutdoorandnaturaloutdoorscenes.Eachdot representsan
imagein thedatabase.The ground-truthlabelling is representedby a color: red for manmadeoutdoorand
greenfor naturaloutdoorscenes.The x-axis indicatesthe percentageof subjectslabelling an imageasa
manmadeoutdoorimage,while they-axisindicatesthepercentageof subjectslabellinganimageasanatural
indoor image.A diamondshapewith errorbarsis alsoplottedfor eachclassof images(manmadeoutdoor
andnaturaloutdoor)to indicatetheaveragepercentage.

While we observe this strongbias in favor of outdoorover indoor classi�cation of naturalscenesfor

shortdisplaytimes,we donot seea largedifferencebetweenmanmadeoutdoorovernaturaloutdoorimages

(Fig. 7.6). Subjectslabelledbothnaturalandmanmadeoutdoorsceneswith similar accuracy. Givenshorter

SOAs (lessthan107ms),manmadeoutdoorscenesareat timesconfusedwith naturaloutdoorscenes,hence
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Figure7.7: Summaryplot of averagecategorizationperformancesof all 7 SOAs. (a) Indoorversusoutdoor
scenes;(b) Manmadeoutdoorversusnaturaloutdoorscenes;(c) Indoorversusmanmadeoutdoorscenes;(d)
Indoorversusnaturaloutdoorscenes.
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Figure7.8: Sensoryinformationandobjectperceptionin outdoorandindoorscenes.(a) Sensoryinformation
perceptionperformancecomparisonbetweenindoorandoutdoorscenesacrossall SOAs. (b) Overall object
recognitionperformancecomparisonbetweenindoorandoutdoorscenesacrossall SOAs.

a lower averageperformance.But overall the trendis not nearlyaspronouncedasthebiasbetweenindoor

andoutdoorscenes(Fig. 7.7(b)).

Fig. 7.7(c)and(d) summarizeaverageclassi�cationresultsfor indoorvs. manmadeoutdoorimages,and

indoor vs. naturaloutdoorimages,respectively. Unlike Fig. 7.7(a),thereexists no indicationof a biasin

eitherof theseconditions. This suggeststhat while indoor scenestend to be confusedasoutdoorscenes,

thereis little confusionwith manmadeor naturaloutdoorscenes.

Wheredoesthisbiasarise?Giventhelimited amountof informationavailablewhenstimuli arepresented

verybrie�y (lessthanor aboutasingle�xation), did outdoorpictureshaveanadvantageover indoorpictures

becausesubjectscouldperceivelow-level, sensoryrelatedinformationmoreclearly?Or wasit dueto greater

easein identifying objectsin the outdoorscenesversusthe indoor scenes,as the `priming model' would

suspect[6,44]? Fig. 7.8 illustratestheevaluationresultsin bothindoorandoutdoorscenesfor sensorylevel

information(panel(a)) aswell asobject level information(panel(b)), from the shortestpresentationtime

(27ms)to themaximum(500ms).For sensoryinformationperception,we seethat theevaluationscoresfor
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bothindoorandoutdoorimagesdo notdiffer at mostpresentationtimesexceptSOAs 53msand67ms(One-

WayANOVA: 0:15 < t(8) < 5:26, p > 0:05; SOAs 53and67ms11:46 < t(8) < 26:60, p < 0:05). Overall,

thereis no evident trend to suggestthat outdoorscenespermit bettersensoryinformation recognitionas

comparedto indoorscenes.Similarly, little trendis detectedwith respectto objectlevel perception.For both

indoorandoutdoorimages,theevaluationscoresfor thesubjects'descriptionsarenot statisticallydifferent

(One-Way ANOVA: 0:01 < t(8) < 11:46, p > 0:05, exceptSOA 67mst(8) = 26:60, p < 0:001). These

resultsindicatethatwhile thereis anobviouspreferencefor perceiving outdoorimagesfor shortpresentation

times, this biasdoesnot seemto stemfrom a preferencefor perceiving the sensoryinformationor object

contentsof thedifferentenvironments.

7.3 Experiment III: Sensory-level Recognitionvs. Object/Scene-level

Recognition

Humanspossessasuperbability in categorizingcomplex naturalscenes.Thorpeandcolleagueshavedemon-

stratedthat the presenceof an animal (or vehicle) in a photographcan be rapidly detectedby subjects,

anda neurophysiologicalcorrelateof this detectionis observed in the prefrontalcortex areain as little as

150ms[135]. This ability is robust to multiple stimuli aswell aswithdrawal of attention[77,120]. Further

studiesalsosuggestthata low-level, object-independentmechanismprecedesthedetectionor recognitionof

semanticallymeaningfulstimuli [64,146]. A key questionfollowing these�ndings is thatof thenaturalevo-

lution of sceneperception.In otherwords,what is thetime courseof suchrecognition?Althoughtheexact

timing differs in thesestudies,an overall consensusstipulatesthat recognitionstartswith theperceptionof

low-level featuresandis followedby categoricalrecognition.

Similarly, traditionalmodelsof objectrecognitionposit that a low-level visual processingprecedesthe

high-level object recognition,in which segmentationtakes placebeforerecognition[25,90,122]. Other

evidencesuggeststhatsemanticallymeaningfulobjectrecognitionmight in turn in�uence low-level, object-

independentsegmentation[103–105]. Recently, Grill-SpectorandKanwisherhave found that humansare

asaccurateat categorizingobjectsasat detectingtheir presence[52]. Moreover, analysisof responsetime

suggestsnot only thata similar amountof informationis neededfor thesetwo processes,but alsothesame

amountof neuronalprocessingtime [52].

The conclusionsabove aredrawn from experimentsthat rely on multiple forcedchoicesparadigm,in

which subjectsare given a short list of possibleanswersbeforeviewing the image. We are interestedin

examiningthe samequestionin a free recall scenario,onethat is closerto the naturalexperienceof scene
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perception.Intuition tells usthatdifferentlevelsof recognitionmight occuruponprocessingdifferentlevels

of information.While coarseror lower frequency informationis suf�cient to detecttheexistenceof a dog,it

is not necessarilyadequateto know thedogis a husky or a Germanshepherd.We would like to, therefore,

scrutinizesubjects'descriptionsof naturalscenesat differentpresentationtimesin orderto investigatethe

evolutionof differentlevelsof recognition.In particular, wewould like to contrastwhetherhigher-level con-

ceptualinformation(e.g.,objectidenti�cation, objectcategorization,scenecategorization,etc.) is perceived

simultaneouslywith low-level or `sensory'information(e.g.,shaperecognition/parsing).

7.3.1 Method

looked like something black in the 
center with four straight lines coming 
out of it against a white background.
(Subject: AM)

SOA 
27ms

There was a range of dark sploches in 
the middle of  the picture, running from 
most of the way on the left side, to all 
the way on the right side. This was 
surrounded primarily by a white or light 
gray color. (Subject: KM)

I saw a very brght object,  shaped in a 
pyramidal shape.  There was somethin 
black in the front, but I couldn©t tell 
what it was. (Subject: JB)

possibly outdoors. maybe a few ducks, 
or geese. Water in the background. 
(Subject: JL)

It was definately on a coast byt hte 
ocean with a large [r]ock in the 
forground and atleast three bird sitting 
on the rock. (Subject: CC)

SOA 
500ms

SOA 
67ms

SOA 
40ms

Couldn©t see much; it was mostly dark 
w/ some square things, maybe
 furniture. (Subject: AM) 

This looked like an indoor shot. Saw 
what looked like a large framed object 
(a painting?) on a white background 
(i.e., the wall).  (Subject: RW)

I saw the interior of a room in a house. 
There was a picture to the right, that 
was black, and possibly a table in the 
center. It seemed like a formal dining 
room. (Subject: JB)

Some fancy 1800s living room with 
ornate single seaters and some 
portraits on the wall. (Subject: WC)

The first thing I could recognize was 
a dark sploch in the middle. It may have 
been rectangular-shaped, with a curved 
top. . .but, that©s just a guess.
(Subject: KM)

a person, I think, sitting down or crouching. 
Facing the left side of the picture We see 
their profile mostly. They were at a table or 
were some object was in front of them (to 
their left side in the picture).  (Subject: EC)

This looks like a father or somebod helping 
a little boy. The man had something in his 
hands, like a LCD screen or laptop. they 
looked like they were standing in a cubicle.
(Subject: WC)

Figure7.9: Samplesof subjects'freerecallresponsesto imagesat differentSOAs.

In Chapter6, we gavea detailedaccountof how subjectsviewedandrecordedtheir responsesto eachof

the naturalsceneimagesin our database.Fig. 7.9 shows threeof the imagesandsomeof their free recall

responsesat four differentSOAs. Notice that whenthe presentationtime is short (e.g.,SOA = 27msor

40ms),the terminologyusedin the free recall responsestendsto be shapeand low-level sensoryfeature

related,suchas`dark,' `light,' `rectangular,' etc.As thedisplaytime increases,subjectsseemmorecon�dent

at identifying the identity of the objectsaswell asthe category of scenes.More conceptualandsemantic

terms,suchas`people,' `room,' `chair,' appearwith increasingfrequency.

We quantify the above observationby comparingthe evaluationscoresof the shape/sensory-relatedat-
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tribute,asa functionof presentationtime,with scoresof other, moresemanticallymeaningful,attributes.In

Chapter6.3, we explainedhow both suchevaluationscoresaswell asbaselineperformancesareobtained.

Notethatour imagesarehighly clutteredandobjectstendto occludeeachother. A correctlabelis givento a

descriptionaslongastheshapeinformationgivenis correct,notnecessarilycomplete.
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Figure7.10: Perceptualperformancesof differentattributesacrossall 7 presentationtimes. Theperceptual
performanceis basedon evaluationscoresdetailedin theMethodsection.Thesensoryrelatedperceptionis
plottedasabenchmarkin all threepanels.Perceptualperformancesfor (a) overallsceneandobjectattributes;
(b) scenelevel attributes;and(c) objectlevel attributes.

7.3.2 Resultsand Discussion

Fig.7.10summarizesour results.They-axisof eachpanelis theevaluationscorecomputedfor eachselected

attribute(s).For comparison,we plot thesensoryinformationresponsein all threepanelsof Fig. 7.10. The

generaltrendin sensoryinformationaccuracy indicatesthatits scoredecreases,relativeto otherattributes,as

thepresentationtime increases.This patternis intuitive andpredictable,assubjectsceaseto reportshapeor

sensoryrelatedinformationwhenthey areableinsteadto ascribehigher-level descriptionsto theimage,such

asobjectlabels,scenecontext, andsemanticrelationshipsamongtheobjects.

In contrast,evaluationscoresfor attributessuchasobjectnamesandscenetypesriseastheSOA length-

ens. The accuracy and frequency with which theseattributesare reportedincreasesas more information

becomesavailable. All panelsof Fig. 7.10 also includea black line (at the bottom)correspondingto the

randomcontrolresponses.Sincethescorersareevaluatingdescriptionsthatarerandomlymatchedto images

andvariousSOAs, it is expectedthattheaverageevaluationscoreis low andsimilaracrossall SOAs. This is

indeedwhatwe observe.

In Fig. 7.10(a),we comparethe responsesof low-level visual/sensoryinformationto the high-level in-

formationrelatedto object,animateobject,inanimateobject,scene,indoorscene,andoutdoorscenesuper-

ordinatecategorizations.At SOA 27msand40ms,subjectsreportsensorylevel informationmorefrequently

and accuratelythan object- and scene-relatedinformation (One-Way ANOVA: 16:28 < t(8) < 97:29,

p > 0:05). The object, inanimateobjectandanimateobjectattribute informationdominatesover sensory
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informationat SOA 67ms(One-WayANOVA: 2:21 < t(8) < 36:86, p < 0:05). Similarly, theoutdoorscene

attributebecomesindistinguishableto that for sensorylevel informationat SOA 53ms(One-Way ANOVA:

t(8) = 0:003, p = 0:96), while the indoor scenecurvesovertake the sensorycurve at 80ms(One-Way

ANOVA: t(8) = 36:86, p = 0:03). Onceagain,we �nd anobviousadvantagefor accuratereportof outdoor

scenesover indoorscenes,con�rming our resultsin ExperimentII.

In Fig. 7.10(b), the relation betweensensoryinformation and sceneinformation is dissectedat �ner

levels. Interestingly, if we analyzeoutdoorsceneinformationat a �ner level, for examplemanmadeoutdoor

andnaturaloutdoor, in bothcasesattribute reportis inferior to thatof sensorylevel informationuntil SOA

80ms. On the otherhand,the trajectoryof manmadeoutdoorsceneperceptionstatisticallycoincideswith

theperceptionof evenmoresubordinatecategorizationsof outdoorscenes,suchasurbanscenes(One-Way

ANOVA: 0:37 < t(8) < 5:22, p > 0:05). Onceagain,the randomizedcontrol resultsremaina stagnant

�at line at thebottomof theplot. This providesa glimpseinto theorderin which variouskindsof semantic

informationbecomesavailablefor consciousreport,asa functionof presentationtime.

In an analogousassessment,Fig. 7.10(c) displaysevaluationscoresas a function of SOA for object

information. Somewherebetween45msand 67mspresentationtime, variouslevels of object perception

becomemorepronouncedthansensorylevel information(at SOA 67ms,animateandinanimateobjectare

both signi�cantly morereportedthansensoryinformation. One-Way ANOVA: 5:34 < t(8) < 7:30, p <

0:05). Thisswitchin thepredominantinformationreportedtranspireswith shorterSOAs ascomparedto the

reportsof scene-relatedattributesdiscussedin thepreviousparagraph.

Whileourresultscannotattestdirectlyfor thetimecourseof informationprocessingwhile viewinganim-

age,our evidencesuggeststhaton average,lessinformationis neededto accesssomelevel of non-semantic,

shape-relatedinformationin ascenecomparedto semanticallymeaningful,object-or scene-relatedinforma-

tion. This resultis differentfrom whatGrill-SpectorandKanwisherreportedin [52]. Onemajordifference

in our experimentaldesignis that their subjectsareforcedto make a multiple choicewhile our subjectsare

instructedto write down whatever they recall. In addition,in their database,scenesthatcontainobjectshave

verydifferentstatisticscomparedto thescenesthatdonot containobjects,namelyrandomizedpixels.Stud-

ies have suggestedthat somereliablestructuralinformationof a scenemay be quickly extractedbasedon

coarsespatialscaleinformation[93]. Consistentwith these�ndings, our dataseemto alsoshow thatcoarse

spatialinformationaboutshapesegmentationcanbeperceivedwith lesspresentationof theimage.
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7.4 Experiment IV: Hierar chiesof Objectsand Scenes

It hasbeenshown that somelevel of categorizationof objectsis mostnaturalfor identifying the objectas

well as for discriminatingit from others. Roschdevelopedthis category hierarchyfor object recognition

and identi�cation; Tversky andHemenway suggesteda similar taxonomyfor naturalenvironments[142].

We werethereforeinterestedin seeingif any correlationexistedbetweenour subjects'reportsof sceneand

objectrecognitionandthose�ndings in [117,142].

7.4.1 Method

We studiedhow different levels of object and scenecategorizationevolved as a function of presentation

time (SOAs). We follow thesamemethodasdescribedin Chapters7.3.1and6.3. Evaluationscoreswere

averagedover imagesto provide an estimateof perceptionfor eachattribute at eachSOA. Baselineswere

alsoconstructedfor theseattributesandwereaveragedanddisplayedoneachgraph.

27 40 536780 107 500

SOA, ln-based (ms)

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0E

va
lu

a
tio

n
 S

co
re

27 40 536780 107 500

Animate Object

Large Mammal
Sensory

Mammal
Animal

** ** * *** *** ***

** **
* * ***

** *

27 40 536780 107 500

SOA, ln-based (ms)

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0E

va
lu

a
tio

n
 S

co
re

27 40 536780 107 500

Sensory

Structure
Road, Bridge

Manmade 
Inanimate Object

*** *** ** *** ***
*** ** ***
** *** * *** ***

27 40 536780 107 500

SOA, ln-based (ms)

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0E

va
lu

a
tio

n
 S

co
re

27 40 536780 107 500

Sensory
Plant
Water
Mountain, Hill
Rock

Natural 
Inanimate Object

*** *** ** ***

* *
*

*

27 40 536780 107 500

SOA, ln-based (ms)

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0E

va
lu

a
tio

n
 S

co
re

27 40 536780 107 500

Building
Specific Building
Distinctive 
Architecture
Sensory

*** ** ** ** *** ***
** *** *

** ** ** *

(a)Animateobjects (b) Manmadeinanimate (c) Naturalinanimate (d) Building

Figure7.11: Perceptualperformancesof differentobjectattributesacrossall 7 presentationtimes. Theper-
ceptualperformanceis basedon evaluationscoresdetailedin Chapter6. The shapesegmentationrelated
perceptionis plottedas a benchmarkin all threepanels. (a) Animateobject relatedattributes; (b) Man-
madeinanimateobject relatedattributes; (c) Natural inanimateobject relatedattributes; (d) Building and
sub-ordinatebuilding categories.
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ceptualperformanceis basedonevaluationscoresdetailedin theChapter6. Theshapesegmentationrelated
perceptionis plottedasa benchmarkin all threepanels.(a) Indoorscenes;(b) Outdoornaturalscenes;(c)
outdoormanmadescenes.
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7.4.2 Resultsand Discussion

First we explored the relationshipbetweenlevels of the animateobjecthierarchy. Subjectsseemable to

perceive coarserlevel animateobjectsmoreaccuratelythan�ner levels,particularlyat shorterpresentation

times(Fig. 7.11(a)).We show in this plot threelevelsof animateobjects:thesuper-ordinatelevel animate

objects, animal, andmammal. At SOA 27ms,thereexistsa clearadvantagefor moreaccurateandfrequent

reportof animateobjectsversustheotherthreecategories(One-WayANOVA betweenthefollowing attribute

andanimateobjects. animal: t(8) = 12:38, p = 0:01; mammal: t(8) = 19:27, p = 0:002; large mammal:

t(8) = 6:61, p = 0:03). Thisadvantagedecreasesby SOA 40ms,thoughit still retainsstatisticalsigni�cance

with respectto animal and large mammal(One-Way ANOVA: animal t(8) = 9:99, p = 0:01; mammal

t(8) = 1:25, p = 0:30; large mammalt(8) = 6:55, p = 0:03). In short,given a very limited amountof

information,subjectstendto form a vagueperceptof ananimateobject,but little beyondthat.

A comparableadvantageis found for manmadeinanimateobjects. Fig. 7.11(b)shows that while the

evolutionof structureandroad/bridgeareverysimilar, subjectstendto accuratelyreportanoverallimpression

of amanmadeinanimateobjectratherthanprovideamoredetailedlevel categorization.At shortSOAs (27ms

and40ms),recognitionof all levelsof thishierarchyis poor. With longerpresentationtimes(from SOA 53ms

on), recognitionimproves,preferentiallyfor the mostsuper-ordinatelevel of `manmadeinanimateobject'

(signi�cantly greaterthanstructureandroad/bridgefor SOAs 53ms–500ms.One-Way ANOVA: 13:13 <

t(7) < 40:5578, p < 0:05. exceptat 80ms,vs. road/bridge(One-Way ANOVA: t(7) = 1:24, p = 0:30) and

at500ms,vs. road/bridge(One-WayANOVA: t(7) = 4:35, p = 0:08). Thetrendis replicatedin thehierarchy

of structurerecognition(Fig. 7.11(d)). In this plot, we observe that thereis very cleargradationin terms

of perceptionaccuracy 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),accuracy is

poor for all levelsat SOA 27ms.With increasingpresentationtime, themoregeneralattributeof `building'

is betterdiscernedthan �ner level discriminations. From 40msto 80ms,`building' evaluationscoresare

signi�cantly greaterthan thosefor the �nest level of descriptive resolution`speci�c building' (One-Way

ANOVA: 9:82 < t(8) < 23:02, p < 0:05). For theearlierpartof thesameinterval (53msand67ms),building

perceptionis alsosuperiorto theintermediatelevel attributeof `distinctivearchitecturalfeatures'(One-Way

ANOVA: 10:12 < t(8) < 25:73, p < 0:05). Lessof an overall trendis seenin naturalinanimateobjects,

largely dueto thehigh noiselevel of theplot (Fig. 7.11(c)). It seemsthatdifferentlevelsof categorization

occurmoreor lessatsimilar times.

Our resultson objecthierarchiesandthe changeof perceptualaccuracy over increasingSOAs arenot

necessarilyin con�ict with the �ndings of Rosch[117]. In her study, the goal is to determinethe level of
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categorical representationthat is most `informative' and useful to identify and distinguishan object. An

unspokenassumptionis that this categorizationis achievedgiventhefull amountof perceptualinformation.

In our setup,however, subjectsdo not have unlimitedaccessto the images.They have to make a decision

given the perceptuallimitation dueto the particularexposurelengthof the image. We �nd that underthis

setting,coarserlevel objectcategorizationis in generalmoreaccuratethan�ner level ones.As information

becomesmoreandmoreavailable(i.e., longerSOA), this differencebecomessmaller. Whenever thereis

enoughinformation,subjectswouldattemptto makea �ner level categorization.

We adopteda similar strategy in examiningtheevolution of scene-relatedperceptions,asrepresentedin

Fig. 7.12. Fig. 7.12(a)shows, asa function of presentationtimes, the accuracy scoresof `indoor scenes'

andthreedifferent`basic-level' indoor environments:`householdrooms' (e.g., livingroom,bedroom,etc),

`of�ce/classroom'and`dining/restaurant'[142]. Unlikethehierarchicalperceptionof objects,differentlevels

of indoorscenesdonotexhibit cleardiscrepanciesin recognitionfrequency andaccuracy atany SOA. Curves,

representingtheaccuracy andfrequency of indoor;householdrooms,includingliving rooms,bedrooms,and

dining rooms;of�ces; andclassrooms,seemto overlapandarestatisticallyequivalent(One-Way ANOVA:

0:06 < t < 5:04, p > 0:05). The accuracy scoresfor storeshow a minor but signi�cant deviation from

the indoor curve at a few SOAs (One-Way ANOVA at 27 and 53 ms, for example68:45t(8) < 111:70,

p < 0:05). However, only 3 imagesin our datasetcorrespondto storeenvironments.This smallsamplemay

not berepresentative. Overall, it seemsthatoncesubjectsdecidedthatan imagewasan indoorscene,they

hadalsodeterminedwhattypeof sceneit was.

Fig. 7.12(b)shows the evaluationresultsfor differentlevels of naturaloutdoorscenes(naturaloutdoor

scene,�eld, beachandwater).Thecoarsestlevel of thehierarchy, `outdoorscene,' hasaclearadvantageover

all otherlevelsfrom theshortestSOA (27ms)till about500ms(One-Way ANOVA: 5:96 < t(8) < 183:45,

p < 0:05) exceptat 80ms:outdoornaturalt(8) = 3:13, p = 0:11 watert(8) = 2:71, p = 0:14). Outdoor

scenescanbe thenfurther identi�ed asa `naturaloutdoor' scene.Analogousto the indoor scenario,once

subjectshaveclassi�edanimageasa naturaloutdoorscene,they arecapableof furtheridentifying its basic-

level category. Thereis nostatisticaldifferenceamongtheevaluationscoresfor naturaloutdoorandmany of

its subordinatecategories,suchas�eld, mountains,andwater. Theonenotableexceptionis theentry-level

scenèbeach,' which is signi�cantly loweratall SOAs until 107ms(One-WayANOVA < t(8) < , p > 0:05).

A commensuratehierarchicaltrendis observed in manmadeoutdoorscenes(Fig. 7.12(c)). Again, here

the most abstractlevel attribute (outdoorscene)is more accuratelyperceived than the basic-level scenes

from SOA 27mson (One-Way ANOVA for mostattributesat all SOAs 4:16 < t(8) < 128:94, p < 0:05.

except`industrial' at SOA 80 and107 0:64 < t(8) < 1:25, p > 0:05; and`skyline' at SOA 27 and53ms
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0:47 < t(8) < 4:16, p > 0:05). But theperceptualaccuracy scoresof manmadeoutdoorscene,urbancenters,

skylines,industrialenvironmentsandothermanmadeoutdoorenvironmentsareessentiallyindistinguishable.

A few instancesof signi�cant but smalldifferenceswerenotedbetweenmanmadeoutdoorandindustrial,and

betweenmanmadeoutdoorand`othermanmade'scenes(for example,One-WayANOVA for othermanmade

t(8) = 27:41, p < 0:001). Thesecategoriescomprisedimagesof constructionsites,parking lots, and

swimmingpools;suchsceneshave not beenmappedout in termsof their taxonomyandcouldconceivably

bespeci�c subordinateratherthanbasiclevel categories.Thismayin partaccountfor these�ndings.

Tversky andHemenway have suggesteda taxonomyof scenessimilar to that of objects[142]. Their

studyfollows a similar line of argumentsasRosch[117]. Our resultsshow, however, thatsceneperception

differsfrom objectperception.While objectrecognitionrevealssomehierarchicalstructure,only theoverall

categorizationof `outdoor'environmentseemsto needlessinformationthanrecognitionof otherscenetypes.

In general,super-ordinatelevel scenecategories(e.g.,indoor, manmadeoutdoor, naturaloutdoor)seemsto

requirethesameamountof informationin recognitionasthebasic-level scenes(e.g.,�eld, beach,skyline,

urbancenters,etc.).

7.5 Experiment V: Object and ScenePerception: Ar e They Corr e-

lated?

Intuitively, muchof the meaningof a sceneis de�ned by the objectsthat comprisethe scene.Biederman

hasshown that recognitionof objectsis impairedwhenembeddedin jumbledscenesratherthancoherent

scenes[8]. On the other hand,recentcomputationalwork hassuggestedthat global featuressuchas the

spatialfrequenciesof theimagesareoftensuf�cient for categorizingdifferentenvironmentswithout explicit

recognitionof the objects[138]. So are the objectsin the sceneperceived �rst? Or is the scenecontext

graspedindependently, andperhapsprior to recognizingtheobjects?How arethe two perceptionsrelated?

Suchquestionshavebeenopenfor debatefor morethantwo decades[46,51,60].

Supportedby studiesof sceneconsistency andobjectdetection,theperceptualschemamodelproposes

thatexpectationsderivedfrom knowledgeaboutthecompositionof a scenetypeinteractwith theperceptual

analysisof objectsin the scene[9, 13,85,98]. This view suggeststhat scenecontext informationcan be

processedandaccessedearlyenoughto in�uence recognitionof objectscontainedin scene,eveninhibiting

recognitionof inconsistentones[11].

Theprimingmodel, ontheotherhand,proposesthatthelocusof thecontextualeffectis atthestagewhena

structuraldescriptionof anobjectis matchedagainstlong-termmemoryrepresentations[6,44]. Regardlessof
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themechanism,boththeprimingmodelandtheperceptualschemamodelclaimthatscenecontext facilitates

consistentobjectsmoresothaninconsistentones.Thesetheoriespredictthatweshouldobserveacorrelation

of objectidenti�cation performancewith scenecontext catetgorizationperformance.

In contrast,a third theorycalledthefunctionalisolationmodelproposesthatobjectidenti�cation is iso-

lated from expectationsderived from sceneknowledge[60]. It predictsthat experimentsexamining the

perceptualanalysisof objectsshould�nd no systematicrelationbetweenobjectandscenerecognitionper-

formance[60].

In this experiment,we do not attemptto resolve the debatebetweenthesemodelsdirectly. Instead,

we look at the correlationbetweensubjects'perceptionsof different levels of object categorizationwith

scenesasthepresentationtime changes.If sceneandobjectperceptionfollow from unrelatedanddisparate

mechanismsasthefunctionalisolationmodelsuggests,little correlationbetweenthetwo shouldbeobserved

regardlessof thepresentationtime. Conversely, if they sharecomputationalresourcesor facilitateeachother

in someway, weexpectacorrelationbetweentheperceptionof objectsandscenes.Furthermore,if thereis a

correlationbetweenobjectandscene,we would like to know how this correlationis affectedby theamount

of availableinformation—inotherwords,how differentlevelsof objectcategorizationrelateto overall scene

perception.

7.5.1 Method

For eachSOA, wewereinterestedin thecorrelationbetweenperceptionof theoverallscenecontext andthat

of thevariouslevelsof objectcategories(e.g.,animateobjects,animals,largemammals,etc.).If for example

we wantedto look at thecorrelationbetweenoverall sceneperceptionandoverall objectperceptionat SOA

40ms,wefoundtheevaluationscoresfor thesetwo attributesfor everyimageatthisSOA. Wethenperformed

astraightforwardcorrelationbetweenthetwo setsof scoresfor all images.Thesameprocesscanberepeated

for any pair of attributes.

7.5.2 Resultsand Discussion

We show the relationshipbetweenobjectlevel informationandscenelevel informationin Fig. 7.13. Each

of the 8 panelsin Fig. 7.13 is a scatterplot of the evaluationscoresfor thesetwo attributes. Let us take

Fig. 7.13(a)asanexample,wherewe show theobjectandscenerecognitionat SOA 40ms.Eachdot on the

scatterplot representsoneimage. If morethanoneimagefalls on thesamecoordinate,thesizeof thedot

increaseslinearly with thenumberof images.Fig. 7.13(a)-(d)usesthesceneattributeasa benchmark. The

reddotsrepresenttheimageswith thetop20%of evaluationscoresfor scene, at thebaselinecondition(SOA
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Figure7.13:ObjectrecognitionperformanceversusscenerecognitionperformanceatvariousdifferentSOAs.
Performanceis basedonevaluationscores.SeeResultsandDiscussionsectionsfor detailedexplanations.
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Figure7.14:Overall correlationcoef�cients for sceneversusobjectsandbreakdowns.

500ms). The greendotsarethe imageswith the lowest20% of evaluationscoresfor sceneat the baseline

condition. The black dotsrepresentthe remainingimages.For Fig. 7.13(a)-(d),we areinterestedin these

images'evaluationscoresfor the sceneattribute (x-axis) aswell asobjectattribute (y-axis) at SOA 40ms,

67ms,107msand500ms.On eachscatterplot, we alsoshow thecorrelationcoef�cient computedacrossall

images.From40msto 107ms,thereis aweakcorrelationbetweenthesceneattributeandtheobjectattribute

(� (40ms) = 0:38, � (80ms) = 0:26, � (107ms) = 0:29), suggestingthat subjectswill perceive objectsa

little moreaccuratelywhenthey perceive scenesmoreaccurately. At SOA 500ms,this correlationbecomes
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nearly0. But both sceneandobjectscoresclusternearthe upperright cornerof the plot, indicatingvery

highaccuracy of perceptionfor bothof theseattributes.Similar to Fig. 7.13(a)-(d),Fig. 7.13(e)-(h)show the

relationshipbetweensceneandobjectrecognitionusingtheobjectattributeasabenchmark. In thiscase,the

reddotsareimagesthathave the top 20%of evaluationscoresfor objectunderthebaselinecondition,and

thegreendotsarethoseimageswith the lowest20%of evaluationscores.Sincecorrelationdoesnot re�ect

causality, we shouldobtainthesamecorrelationscorewhethertheobjector thesceneattribute is usedasa

benchmark. Our datain Fig. 7.13(e)-(h)show thesamecorrelationscoresaseachof their counterpartplots

in Fig. 7.13(a)-(d).

We canfurtherexplore thedifferentrelationshipsbetweensceneperceptionandvariouslevel objectat-

tributesat differentpresentationtimes(Fig. 7.14). The x-axis is the log scaleof SOA times,rangingfrom

40msto 500ms.Most of the objectattributesreceive very low evaluationscoresat 27ms,hencethe omis-

sion. They-axis is thecorrelationscorebetweena givenattribute(e.g.,inanimateobject)andoverall scene

perception.

Comparedto objects,the inanimateobjectattribute possessesa much strongercorrelationwith scene

perception(averagecorrelationscorebetween40msto 107msis 0:55 for inanimateobject, and 0:30 for

overallobject,p < 10e-3). Thisrelativelystrongercorrelationbetweensceneandinanimateobjectperception

continuesas we breakit down to manmadeinanimateobjectsand natural inanimateobjects. They each

have an averagecorrelationscoreof 0:39 (p � 0:01) and0:32 (p � 0:04), respectively (for SOA 40msto

107ms).In Fig. 7.14,wealsoshow two manmadeobjects,vehicleandbuilding. Interestingly, while building

is very similar to manmadeinanimateobjectin termsof correlationbetweenits recognitionaccuracy with

sceneperception(averagecorrelationscoreof 0:31 for SOA 40msto 107ms,p � 0:02, exceptSOA 107ms,

p = 0:09), vehicleattributeseemsto have a near0 correlationwith thescene(averagecorrelationscoreof

0:01 for SOA 40msto 107ms,0:40 � p � 0:92).

Curiously, thepredominantlystrongcorrelationbetweeninanimateobjectperceptionandscenepercep-

tion doesnot hold for thoseattributes involving animateobjects. At the coarsestlevel, animateobject

recognitionhasan averagecorrelationscoreof � 0:15 with sceneperception(for SOA 40msto 107ms,

0:02 � p � 0:77). At variouslevels of animateobject recognition,the correlationswith scenepercep-

tion oscillatebetweennocorrelation(e.g.,people,anaveragecorrelationof � 0:08 for SOA 40msto 107ms,

0:25 � p � 0:51) anda very weakcorrelation(e.g. animalandmammal,bothwith averagecorrelationof

0:12 for SOA 40msto 107ms,0:12 � p � 0:92).

Our observationsdo not suggestcausality. We merely indicatethe correlationor lack of correlation

betweensceneperceptionandvariouslevels of objectperception. Overall we seea weakbut signi�cant
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correlationbetweensceneandobjectperception(Fig. 7.13)at andup to presentationtimesof 107ms.This

correlationmight suggestseveral possibilities: i) object and sceneperceptionsmight shareat leastsome

resourcesin processing;and/or ii) object (or scene)perceptionfacilitate processingof scene(or object)

perception.Both theschemamodelandtheprimingmodelwould supportthepresentobservation.

What is curiousis that this correlationis not evenly sharedby inanimateandanimateobjects(plus ve-

hicles). Fig. 7.14 demonstratesclearly that there is a qualitatively different correlative relation between

inanimateobjectsandscenesversusanimateobjectsandscenes.The generaltrend is that recognitionof

inanimateobjectsis dramaticallymorecorrelatedwith theperceptionof scenecontext thanis perceptionof

animateobjects. Given this observation, onepossiblity is that familiarity may accountfor the diminished

facilitationbetweenanimateobjectsandoverall sceneperception.If we areinnatelymorefamiliar with ani-

mals,especiallyhuman�gures, theperceptionof theseobjectsmaydependlessonthefacilitationfrom other

factors.Interestingly, vehicleis amongtheleastcorrelatedobjectcategorieswith scenes.Givenour modern

lifestyle, subjectsarein generalvery familiar with variouskindsof vehiclesin thepicturesin our database.

Anotherhighly speculativehypothesiswouldbethatthereis lessmutualfacilitationbetweentherecognition

of mobile objects(suchasanimals,peopleandvehicles)andscenes.If prior knowledgeof theseobjects

informsusthat they arelikely to move from sceneto scene,theremight be lessexpectationfor recognizing

themin any particularscene.Admittedly, muchstill needsto be doneto fully understandthis unexpected

asymmetrybetweeninanimateandanimateobjects.
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Chapter 8

Summary

We have shown a novel methodto studysceneperception.We collectedfreerecall responsesfrom subjects

whowereinstructedtoview 90differentreal-worldscenesunderdifferentpresentationtimes.An independent

groupof subjectsthenevaluatedthefreerecall responses.In this chapter, we summarizeseveral interesting

�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 sceneunderstanding,yet the central

questionremainsasto whatactuallyconstitutesthis scenegist. We would like to suggestthattheterm`gist'

is usedto denotetheperceivedcontentsof a scenegivena certainamountof viewing time. A sensibleand

intuitiveproposalwould bea singleglanceor �xation. Many studieshave shown muchcanbeseenwithin a

singleglanceof a scene[8,13,52,77,135,145]. Theseexperiments,however, areall conductedwith some

form of forcedmultiple choices.In ExperimentI, we have collecteda list of sceneattributesperceivedby

subjectswithin a singleglanceof real-world scenes.This list includesmostcommonscenetypes,super-

ordinatecategoriesof objectsanda variety of basiccategoriesof objects,aswell associal activities and

humaninteractions.We suggestthattheseareall partof thescenègist.' It is alsoimportantto point out that

in ourlist of sceneattributes,wedonotincludeany sensorylevel information,suchasshapesandillumination

contrast.ExperimentIII shows thatsuchinformationcanclearlybeaccessedwithin a singleglance.In fact,

other semanticallymore meaningfulattributesquickly predominateover sensorydescriptionin subjects'

reports.Sinceour assumptionlimits thede�nition of gist within semanticallymeaningfulattributes,we do

not includethesensoryandshapeinformation.

Informationcontainedin the`gist' of a real-world sceneseemsto enjoy a tremendousprivilegein visual
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processing.Temporally, this privilegeis re�ectedthroughtheultra-rapidspeedwith which thebraincatego-

rizesnaturalscenes[135]. Spatially, this complex scenecategorizationis not affectedwhenspatialattention

is deployedelsewhere[77]. Our resultsin ExperimentI furthersuggestthata rich collectionof perceptual

attributesis representedand risesto consciousmemorywithin a single �xation. Beyond a list of objects

andsceneenvironment[156], morecognitive appraisalsof theevent—suchassocialinteractionandsports

events—canbe recognizedeffortlessly. It would be highly interestingfor future studiesto investigatethe

neuralcorrelatesthatareresponsiblefor suchsuperbability of real-world sceneperception.

8.2 Shapes,Objectsand Scenes

A key questionin perceptionis the neuronaltime coursea given perceptualtask follows, in otherwords,

throughwhatstagesis a stimulusprocessedin orderto manifestassemanticallymeaningfulconcepts.

The ventralvisual pathway, linking the primary visual cortex throughInferior Temporalcortex to the

prefrontalcortex, is generallyknown asthe`what' visualpathway, asit is responsiblefor objectrecognition

throughintegrating features[28,70,89,143]. Given the hierarchicalstructureof the visual system,many

have proposeda modelin which elementaryfeaturesof objectsare�rst processedandthenboundtogether

for object recognition[140,157]. An ongoingdebatein this picture is whethershapesegmentationis a

necessaryintermediatestepbetweenlow-level featureprocessingandhigh-level objectrecognition[25,90,

122]. Recently, Grill-SpectorandKanwisherhave foundthatcategorizationof super-ordinateto basiclevel

objects(e.g.,vehicle,musicalinstrument,bird, car, dog,etc.) is asaccurateandfastasthemeredetection

of theobject[52]. Their conclusionis basedon anexperimentin which subjectsareaskedto eitherchoose

oneof thepossibleobjectcategoriesor respondsimply if anobjectis detected.Comparingtheir non-object

distractors,it is obviousthatthelow-level imagestatisticsof thedistractors(mostlypixelnoise)aredrastically

differentfrom theimagescontainingobjects(all containinga centralblob). Giventhis expectation,subjects

arelikely to heightentheir searchfor a centrallylocatedblob whendetectingobjects. In our experiments,

subjectsviewed freely a naturallyclutteredreal-world scene.Becauseour scenesarehighly variable,they

cannotexpecta centrally locatedblob whenlooking at an image. In ExperimentIII, we found that shape

relatedinformationhasa slight advantageoversemanticallymeaningfulinformationof a scene.Ourdataset

showslessinformationseemsneededfor lower-levelshaperecognitioncomparedto higher-levelsemantically

meaningfulrecognition.This temporalconstraintimplicatesa lower, featurelevel processingin facilitation

of theinitial stagesof complex scenerecognition.

Another major questionregardsobject recognitionin clutteredscenes.Several psychologicalmodels

have beenproposedto suggestdifferentmechanismsof sceneandobjectperception[6,8,9,44,60,84,98].
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informationcanserve asfacilitatingmediafor moreaccurateobjectrecognition[8,9]. Similar to this view,

Friedmanet al. proposesin the priming model that a pivotal object, servingas the locus of the context,

becomesa seedin the long term memoryof scenes[6, 44,98]. Oppositeto thesetwo views, Henderson

andcolleaguesarguethat object identi�cation is independentfrom sceneknowledge[60,84]. This model

predictsthat recognitionof objectsin a sceneandthe scenecontext itself shouldhave little effect on each

other. In ExperimentV, we show very weakevidencethatobjectandscenerecognitionmight becorrelated

wheninformationis scarce.But this correlationis not uniformly distributedamongdifferentlevel of object

categories. Resultsin ExperimentV tells us that thereis a strongercorrelationbetweenvariouslevels of

inanimateobjectsandscenescomparedto animateobjectsandscenes.We will comebackto this point in

moredetail in thenext section.

In general,thequestionof theprocessingstagesof clutteredscenesis still largelyunsolved.Our experi-

mentsaddevidencethattheremight exist a mutualfacilitationbetweenoverall scenerecognitionandobject

recognition.In addition,low-level shapeprocessingseemsto requirelessinformationandpossiblytimecom-

paredto morehigh-level,semanticallymeaningfulcategorizationsof objectsandscenes.Traditionally, scene

comprehensiontendsto be viewed in a serial fashion–inthe orderof sensoryinformation,objectfeatures,

objects,andtheoverall scene.Many new studieshave now suggestedthatcontraryto this view, high-level

perceptionof naturalscenesmight be a highly ef�cient andparallelprocess[52,77,120,135]. It would be

interestingto examinean alternative hypothesisin which mostof the recognitionstagesoccur in parallel

andconstantlyfeedbackinformationto eachotherto enhancetheoverall recognitionof variouscomponents

of thescene.In this possiblescenario,earlysensoryinformationextractionstagesstill precedemostof the

semanticrecognitionstages.But assoonasthereis any informationfor any possiblelevel(s)of recognition,

ourbrainstakeadvantageof this.

8.3 Two PuzzlingAsymmetries?

In ExperimentII, we observe a strongpreferencefor outdoorscenesover indoorsceneswhenvisual infor-

mation is scarce.Subjectsseemto assumeby default that an ambiguousimageis more likely to be out-

door thanindoor. This effect diminishesasthepresentationtime lengthens.At 500ms,outdoorandindoor

scenecategorizationbecomesnearlyperfect.Our resultsfurthershow thatthebiasonly appearsat themost

super-ordinatelevel. Whenindoor scenesarecomparedwith manmadeor naturaloutdoorscenes,thebias

disappears.Furthermore,neithersegmentationnor objectrecognitionseemin�uenced by this biasbetween

thesetwo categoriesof scenes.Sowhatis it thatcausesthis bias?Recentcomputationalmodelshaveshown

thatusingglobalandlocal cuessuchasedgeandcolor information,it is possibleto separatemostoutdoor
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andindoorscenes[35,132,138,144]. This stronglysuggeststhatwhatever feature(s)enablesthis discrimi-

nationis(are)eithermissingor inaccessiblewheninformationis scarce.More studiesshouldbeperformed

to pinpointexactly what it is. This might bea very usefulentrypoint to investigatethe featuresneededfor

rapidscenecategorization.

Anothercuriousasymmetrywe observe in ExperimentV is thestrongercorrelationbetweeninanimate

object recognitionand overall scenecontext versusthat betweenanimateobject recognitionand overall

scenecontext. Onepossibleexplanationof this phenomenonis the effect of familiarity. It hasbeenlong

known that theremight be specialneuronalresourcesdesignatedfor humanpartssuchas facesandbod-

ies[24,30,31,67,116]. We have alsofoundrecentlythat familiarity might modulatethelevel of attentional

requirementin objectrecognitiontasks[36]. If thereis indeedaninnatepreferencefor animateobjectssuch

asanimalsandhumans,theremight alsoexist ef�cient computationalmechanismsfor thevisual systemto

processthis informationrapidly andaccurately. Comparedto otherobjectcategorization,it might therefore

be lessdependenton possiblemutualfacilitationmechanismswith scenegist perception.As this is largely

speculation,moreexperimentsneedto bedoneto addressthesehypothesesandaccountfor this asymmetry.
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Part IV

Computational Models I: Object

Recognition
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Chapter 9

Intr oduction

9.1 Intr oduction and Moti vation

Recognitionis oneof themostusefulfunctionsof ourvisualsystem.Werecognizematerials(marble,orange

peel),surfaceproperties(rough,cold),objects(my car, a willow) andscenes(a thicket of trees,my kitchen)

at a glanceandwithout touchingthem. We recognizeboth individuals(my mother, my of�ce), aswell as

categories(a1960'shairdo,a frog). By thetime we aresix yearsold we recognizemorethan104 categories

of objects[10] and keeplearningmore throughoutour life. As we learn, we organizeboth objectsand

categoriesinto usefulandinformative taxonomiesandrelatethemto language.Replicatingtheseabilities

in the machinesthat surroundus would profoundlyaffect the practicalaspectsof our lives,mostly for the

better. Certainly, this is themostexciting anddif�cult puzzlethat facescomputationalvision scientistsand

engineersin this decade.

A rich paletteof diverseideashasbeenproposedduringthepastfew years,especiallyon theproblemof

recognizingobjectsandobjectcategories(seeour brief review of the literaturebelow). Thereis broadcon-

sensusof thefactthatmodelsneedto capturethegreatdiversityof formsandappearancesof theobjectsthat

surroundus. This meansmodelscontaininghundreds,sometimesthousands,of parameters.It is common

knowledgein statisticsthatestimatinga givennumberof parametersrequiresa many-fold largernumberof

trainingexamples–asa consequence,learningoneobjectcategory requiresa batchprocessinvolving thou-

sandsor tensof thousandsof trainingexamples[39,125,148,153].

Unfortunately, it is oftendif�cult andexpensiveto acquirelargesetsof trainingexamples.Compounding

thisproblem,mostalgorithmsfor learningcategoriesrequirethateachtrainingexemplarbealigned(typically

by hand)with a prototype.This becomesparticularlyproblematicwhen�ducial pointsarenot readily iden-

ti�able (canwe �nd a naturalalignmentfor imagesof octopus,of cappuccinomachines,of bonsaitrees?).

This is a large,practicalobstacleon thewayto learningthousandsof objectcategories.It wouldbefarbetter
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if we managedto �nd waysto trainnew categorieswith few examples.

Additionally, learningshouldbe incremental,rather than batch. Imaginea machineplacedin a new

environment.It wouldbeusefulfor thatmachineto learnanew objectclass,maybeonly tentatively, assoon

asit encountersa few exemplars,ratherthanwaiting,perhapsin vain, for hundredsof examplesto show up.

Onlinelearningof objectcategorieshasnotyet beenapproachedin theliterature.

Is thereany hope?We believe so. A youngchild learnsmany categoriesperday[10]. It seemsunlikely

thatthiswould requirea largesetof trainingimagesfor eachcategoryaswell asmuchsupervision.Informal

observationalsotells usthatfor anadult,learninga new category is bothfastandeasy, sometimesrequiring

very few trainingexamples:given2 or 3 imagesof ananimalyou have never seenbefore,lateron you can

usuallyrecognizewith somereliability otherexemplarsof thesamespecies.

We hypothesizethat, oncea few categorieshave beenlearnt the hardway, someinformationmay be

abstractedfrom that processto make learningfurther categoriesmoreef�cient. In otherwords,we should

beableto make useof theknowledgethathasbeengainedsofar ratherthanstartingfrom scratcheachtime

we learna new category. We pursueherethis hypothesisin a Bayesiansetting:we extract “generalknowl-

edge”from previously learntcategoriesandrepresentit in the form of a prior probability densityfunction

in thespaceof modelparameters.Givena trainingset,no matterhow small,we updatethis knowledgeand

produceaposteriordensity, which is thenusedfor detection/recognition.Ourexperimentsshow thatthis is a

productiveapproachandthat indeedsomeusefulinformationaboutcategoriesmaybeobtainedfrom a few,

evenone,trainingexample.

9.2 Literatur eReview

In orderto placeourwork in context wemakeafew observationsandmentiontherelevantliteratureonobject

recognition.

Researchersin this areafacethreemainchallenges.Representation:how shouldwe modelobjectsand

categories?Learning:how may we acquiresuchmodels?Detection/recognition:givena new image,how

do we detectthepresenceof a known object/categoryamongstclutter, anddespiteocclusion,viewpoint and

lighting changes?Thegreatrichnessanddiversityof methodsandideasin theliteratureindicatesthat these

issuesarefar from beingsettled.However, thereis broadconsensuson a few signi�cant points.First of all,

theshapeandappearanceof theobjectsthatsurroundusarecomplex anddiverse,thereforemodelsshould

be rich (lots of parameters,heterogeneousdescriptors).Second,the appearanceof objectswithin a given

categorymaybehighly variable,thereforemodelsshouldbe�e xible (allow for someslopin theparameters).

Third, in order to handleintra-classvariability andocclusion,modelsshouldbe composedof features,or
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parts,which arenot requiredto be detectedin all instances;the mutualpositionof thesepartsconstitutes

furthermodelinformation.Fourth,it is dif�cult, if not impossible,to modelclassvariability usingprincipled

a-priori techniques;it is bestto learn the modelsfrom training examples. Fifth, computationalef�ciency

mustbekeptin mind.

Work on recognitionmaybedividedinto two groups:recognitionof individual objects[42,53,79,119]

andrecognitionof categories[4, 19,39,72,75,121,124,125,131,148,153]. Individual objectsareeasier

to handle,thereforemoreprogresshasbeenmadeon ef�cient recognition[79], lighting-invariant[79,86]

andviewpoint-invariant[63,119] representationsandrecognition. Classesaremoregeneral,requiremore

complex representations,andaremoredif�cult to learn;mostwork hasthereforefocusedon modelingand

learning.Viewpointandlighting havenotbeentreatedexplicitly (anexceptionis [152]), but rathertreatedas

anadditionalsourceof in-classvariability. With theexceptionof work onhandwrittendigits[72], researchers

have only dealtwith detection(a givencategory is present/absent)ratherthanrecognition(recognizingone

outof many possiblecategories).

We are interestedin the problemof learningand recognitionof categories(as opposedto individual

objects).While theliteratureproposedlearningmethodsthatrequirebatchprocessingof thousandsof training

examples,thepresentwork focuseson thepreviously unexploredproblemof ef�cient learning:how could

we estimatemodelsof categoriesfrom very few, onein the limit, trainingexamples.Most researchershave

focusedon special-interestcategories: humanfaces[125,148], pedestrians[149], hand-writtendigits [72]

andautomobiles[39,125]. Instead,we wish to developtechniquesthatapplyequallywell to any category

thatahumanwould readilyrecognize.With thisobjectivein mind,wecarriedoutourexperimentsona large

numberof categories.

Anotheraspectthatwe wish to emphasizeis theability to learnwith minimal supervision.We preferto

developmethodsthatdo not rely on hand-alignmentof thetrainingexamples,for the reasonsmentionedin

theintroduction.For this reason,we usestatisticalmodelsandprobabilisticdetectiontechniquesdeveloped

by [19,39,75,153], whichwill bereviewedin Chapter10.2.

9.3 Contribution

We show in this studythatby utilizing prior informationof theobjectworld, our algorithmis ableto learn

a completelynew objectcategory given very few training examples.This result is comparedfavorably to

today'sstate-of-the-artcomputervisionalgorithmsin objectrecognition.We introduceanadvancedmachine

learningmethod,variationalBayesianmethod.Ouralgorithmis testedona largeobjectcategorydatabaseof

101objectcategories.
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Chapter 10

A BayesianModel

10.1 Overall BayesianFramework

Let's saythatwe arelooking for a �amingo bird in a queryimagethatis presentedto us. To decidewhether

thereis a �amingo bird or not,we comparetheprobabilityof a �amingo beingpresentin theimagewith the

probabilityof only backgroundclutterbeingpresentin the image.Thedecisionis simple: if theprobability

for a �amingo presentis higher, we decidethis imagecontainsan instanceof a �amingo. If it is theother

way around,we decidethereis no �amingo. To computetheprobabilityof a �amingo beingpresentin an

image,we needa modelof a �amingo, whichwe learnfrom a setof trainingimagescontainingexamplesof

�amingos. Thenwe couldcomparethis probabilitywith thebackgroundmodel,andin turn make our �nal

decision.

We cannow translatetheabove eventsinto a probabilisticframework. Let I bethequeryimage,which

maycontainanexampleof theforegroundclassOf g, say�amingo. Thealternative is that it containsback-

groundclutterbelongingto agenericbackgroundclassObg. I t is thesetof trainingimagesthatwehaveseen

while learningthe�amingo class.Now thedecisionof whetherthis queryimageI hasa �amingo or not can

bewritten in thefollowing way:

R =
p(Of g jI ; I t )
p(ObgjI ; I t )

(10.1)

=
p(I jI t ; Of g) p(Of g)
p(I jI t ; Obg) p(Obg)

(10.2)

If R, the ratio of theclassposteriors,is greaterthansomethreshold,T , thenwe decidethe imagecontains

an instanceof a �amingo. If it is lessthanT then the imagedoesnot containa �amingo. Note that in

Eq.10.2,we useBayesRuleto expandEq.10.1,giving usa ratio of likelihoodsanda ratio of priorson the

objectclasses.We cannow furtherexpandEq. 10.2by introducinga parametricmodelfor the foreground
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andbackgroundclass,whoseparametersare� and� bg, respectively:

R /

R
p(I j� ; Of g)p(� jI t ; Of g) d�

R
p(I j� bg; Obg)p(� bgjI t ; Obg) d� bg

(10.3)

=

R
p(I j� )p(� jI t ; Of g) d�

R
p(I j� bg)p(� bgjI t ; Obg) d� bg

(10.4)

The ratio of priors, p(O f g )
p(O bg ) , is a constant,thusit is omittedin Eq. 10.3sinceit may be incorporatedin the

decisionthreshold.In addition,we have simpli�ed p(I j� ; Of g) into p(I j� ) for thesake of simplicity. Sim-

ilarly, p(I t j� bg; Obg) is abbreviatedto p(I t j� bg). Thelearningprocedureinvolvesestimatingp(� jI t ; Of g),

thedistribution of modelparametersgiven the training images.Oncethis is known, we canevaluateR by

integratingoutover � . We now look at theparticularobjectmodelused.

10.2 The Object CategoryModel

Our chosenrepresentationis a Constellationmodel[20,39,153]. Givena queryimage,I , we �nd a setof

N interestingregionsin the image.FromtheseN regions,we obtaintwo variables:X –thelocationsof the

regionsandA–theappearancesof theregions.Section14.2givesdetailsof how X andA areobtained.It is

X andA thatwe now model,I no longerbeinguseddirectly. Similarly, in thecaseof the training images

I t , we obtainXt andA t . ThusEq. 10.3becomes:

R /

R
p(X ; Aj � ; Of g)p(� jX t ; A t ; Of g) d�

R
p(X ; Aj � bg; Obg)p(� bgjX t ; A t ; Obg) d� bg

(10.5)

=

R
p(X ; Aj � )p(� jX t ; A t ; Of g) d�

R
p(X ; Aj � bg)p(� bgjX t ; A t ; Obg) d� bg

(10.6)

We now examinelikelihoodsp(X ; Aj � ) andp(X ; Aj � bg), wherein thegeneralcase,we have a mixtureof

constellationmodels,with 
 components:

p(X ; Aj � ) =

X

w=1

X

h 2 H

p(X ; A ; h; wj � ) =

X

w=1

p(wj� )
X

h 2 H

p(Aj h; � A
w )

| {z }
Appear ance

p(X jh; � X
w )

| {z }
Shape

p(hj� w ) (10.7)

where� = f � ; � A ; � X g andp(hj� w ) is a constant.Notethattheshape,X , andappearance,A , areassumed

to be independent.Typically, a constellationmodel would have P (3 � 7) diagnosticfeatures,or parts.

But thereareN (up to 100) interestpoints,or candidatefeaturesin the image. We thereforeintroducean

indexing variableh, whichwecall ahypothesis. h is avectorof lengthP, whereeachentryis between1 and

N , which allocatesa particularfeatureto a modelpart. Any unallocatedfeaturesareassumedto belongto
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thebackgroundof the image.Thesetof all hypothesesH consistsof all valid allocationsof featuresto the

parts;consequentlyjH n j, the total numberof hypothesesin imagen is O(N P ). For simplicity, we assume

the backgroundmodel is �x ed andhasa singleparametervalue,� bg, thusthe integral in the denominator

of Eq. 10.6collapsesto p(X ; A ; j� bg). If we believe no objectto be present(the Obg case),thenonly one

hypothesisexists, h0, the null hypothesis,whereall detectionsareassignedto be background.Hencethe

denominatorbecomes:

p(X ; A ; j� bg) = p(X ; A ; h0; j� bg) = p(Aj h0; � A
bg)p(X jh0; � X

bg)p(h0 j� bg) (10.8)

Sincethis expressionis constantfor givenX andA, we canuseit to canceltermsin thenumeratorof Eq.

10.6.

Themodelencompassestheimportantpropertiesof anobject:shapeandappearance,bothin aprobabilis-

tic way. This allows themodelto representbothgeometricallyconstrainedobjects(wheretheshapedensity

would have a small covariance,e.g.,a face)andobjectswith distinctive appearancebut lacking geometric

form (the appearancedensitieswould be tight, but the shapedensitywould now be looser, e.g.,an animal

principally de�ned by its texture suchasa zebra). Note, that in the model the following assumptionsare

made:shapeis independentof appearance;for shapethe joint covarianceof theparts' positionis modeled,

whilst for appearanceeachpartis modeledindependently. In theexperimentsreportedhereweuseaslightly

simpli�ed versionof themodelpresentedin [39] by removing thetermsinvolving occlusionandstatisticsof

thefeature�nder, sincethesearerelatively unimportantwhenwe only havea few imagesto train from.

10.2.0.1 Appearance

Eachfeature'sappearanceis representedasapoint in someappearancespace,de�ned in Chapter11.1.1.For

a givenmixture component,eachpartp hasa Gaussiandensitywithin this space,with meanandprecision

parameters� A
p;w = f � A

p;w ; � A
p;! g thatareindependentof otherparts' densities.Thebackgroundmodelhas

thesameform, with �x edparameters� A
bg = f � A

bg; � A
bgg. Notethat� A

p;w and� A
bg arediagonalmatrices.Each

featureselectedby thehypothesisis evaluatedundertheappropriatepartdensitywith featuresnot selected

beingevaluatedunderthebackgroundmodel:

p(Aj h; � A
w ) =

PY

p=1

G(A(h p)j� A
p;w ; � A

p;w )
NY

j =1 ; j nh

G(A(j )j� A
bg; � A

bg) (10.9)
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whereG is theGaussiandistribution andj representsfeaturesnot assignedto a part in hypothesish. If no

objectis presentthenall featuresaremodeledby thebackground:

p(Aj h0; � A
bg) =

NY

j =1

G(A(j )j� A
bg; � A

bg) (10.10)

Note that p(Aj h0; � bg) is a constantfor a given image,thereforeit canbe broughtinsidethe integral and

summationover all hypothesesin Eq. 10.6 and10.7. This cancelswith all other backgroundhypotheses

exceptthetrueforegroundhypothesish in Eq.10.9:

p(Aj h; � A
w )

p(Aj h0; � A
bg)

=
PY

p=1

G(A(h p)j� A
p;w ; � A

p;w )

G(A(h p)j� A
bg; � A

bg)
(10.11)

10.2.0.2 Shape

Theshapeof eachconstellationmodelcomponentis representedby a joint Gaussiandensityof thelocations

of featureswithin ahypothesis,afterthey havebeentransformedinto a scaleandtranslation-invariantspace.

Translationinvarianceis achieved by usingthe leftmostpart asa landmarkandmodelingall partsrelative

to it. Scaleinvarianceis obtainedby taking thescaleof the landmarkfeatureandusingit to normalizethe

relative locationsof theotherparts.Weassumeuniformdensities� � 1 for thepositionof theobject,where�

is theimagearea.Therelative locationof thepartsis modeledby a 2(P � 1) dimensionalGaussian,with a

uniformbackgroundmodelfor unallocatedfeatures:

p(X jh; � X
w ) = � � 1 G(X (h)j� X

w ; � X
w ) � � (N � P ) (10.12)

where� X
w = f �; � X

w ; � X
w g. For thenull hypothesis,p(X jh0; � X

bg) = � � N , which is alsoa constant,sowe

cancelwith all otherbackgroundhypothesesexceptthetrueforegroundhypothesish in Eq.10.12:

p(X jh; � X
w )

p(X jh0; � X
bg)

= � P � 1 G(X (h)j� X
w ; � X

w ) (10.13)

Additionally, to reducethe numberof hypothesesthat must be consideredin eachframe, we imposean

orderingconstraintoneachhypothesis'shape,suchthatthex-coordinateof eachpartmuchbemonotonically

increasing. This reducesthe numberof hypothesesthat mustbe consideredby P! andprovidesa useful

constraintin thelearningprocess.
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10.2.1 Discussionof model

We makesomecommentsconcerningthemodel:

1. X (h) 2 R2P � 2 andA(h) 2 RkP thusfor k = 10, P = 4, theshapetermhas6+ 21= 27(mean+ full

covariancematrix) parameters.Theappearancetermhas40+ 40 = 80 (mean+ diagonalcovariance

matrix)parameters,thusthemodelhas27+ 80 = 107parametersin total.

2. The total numberof hyperparametersfor k = 10, P = 4 is 109, sincem andB are the samedi-

mensionalityas� , � but additionally� anda (bothrealnumbers)exist for bothshapeandappearance

terms:107+ 2 = 109.

3. The constellationmodel is a generative model of the output of an interestregion detector, not the

imagepixels. Hencetheperformanceof themodelis dependenton theperformanceof thedetectors

themselves.SeeChapter?? for aninvestigationinto this dependency.

4. In ourrepresentation,thereis nothingto preventpatchesfrom overlappingthatcouldleadto overcount-

ing of the evidencefor themodel. However, givenrelatively low numberof featuresper image,this

shouldnotbeamajorproblem.

5. Theshapemodelpresentedaboveusesa joint densityoverall parts,thusthedataassociationproblem

hascomplexity O(N P ). While this is themostthoroughapproachto modellingthelocationof parts,

it presentsa majorcomputationalbottleneck.Imposingconditionalindependenceby theuseof a tree-

structuredmodel would reducethe complexity to O(N 2P) in learningand O(N P) in recognition

[37,41]. However, in doingso,otherissuesarisesuchashow theoptimal graphstructureshouldbe

chosen.Sincetheseissuesarein themselvescomplex andareoutsidethe focusof this paper, for the

sakeof simplicity, we stickwith thecompleterepresentation,despiteits drawbacks.

6. Our modelandrepresentationof shapeis suitedto compactobjectsthatdo not have largeamountsof

articulation(e.g.,humanbodies).For suchcategories,differentgraphstructuresandcoordinateframes

(i.e., theanglesbetweenparts)maybemoreappropriate.

7. Our featurerepresentationis currentlycon�ned to texturedimagepatches.Alternativerepresentations,

suchascurvecontours,whichmodeltheoutlineof theobjectcouldalsobeusedwith little modi�cation

to theunderlyingmodel[38,40]. Thiswouldallow themodelto handlecategorieswheretheoutlineof

theobjectis moreimportantthanits interior (e.g.,bottles).

8. Currentlythe backgroundmodel is very simple: a uniform shapedistribution anda singleGaussian

distribution for appearance.Their crudenatureis a consequenceof the requirement,for ef�ciency,
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that the denominatorin Eq. 10.5 must be able to cancelwith the numerator, making evaluationof

the likelihood ratio simple. The parametricassumptionsof the backgroundmodel were testedby

examining the distribution of thousandsof detectionsfrom an assortedcollection of images. Our

observationwasthattheseassumptionswerereasonablyaccurate.

9. The framework describesobject detection(i.e., object presentor absent),however it can easily be

extendedto localizationby usingthe besthypothesisin eachimage(e.g.,by taking a boundingbox

aroundit). Multiple instancesper imagecanalsobe found by a greedyapproach:�nding the best

hypothesis;summingover all hypothesesaroundits neighborhoodto give a value of R for a sub-

window of the image;andremoving all featureswithin the sub-window andrepeatinguntil no sub-

windowswith R greaterthanagiventhresholdcanbefound.

10. Our model is formulatedasa mixture of Gaussians(Eq.10.7). In practice,we usea singlemixture

componentin this paperfor all of theexperiments.Weberet al. have demonstratedthatby increasing

thenumberof mixturecomponents,themodelis capableof representingdifferentaspectsof theobject

dueto posevariations[152].

10.2.2 Form of the Parameter Posterior

In computingR, we mustevaluatethe integral
R

p(X ; Aj � )p(� jX t ; A t ; O) d� . In Chapter10.2theform of

p(X ; Aj � ) wasconsidered.We now look at theposteriorof � , p(� jX t ; A t ; O). Beforewe considerhow this

densitymight beestimated,its form mustbedecidedupon. Sincethe integral above is typically impossible

to solve analytically, we look at variousforms of p(� jX t ; A t ; O) that approximatethe true densitywhilst

makingtheintegral tractable.

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

If we assumethat themodeldistribution p(� jX t ; A t ; O) is highly peaked,we couldapproximateit with a �

functionat � � : � (� � � � ). This allows theintegral in Eq.10.6to collapseto p(X ; Aj � � ), whosefunctional

form is givenby Eq.10.7.

Therearetwo waysof obtaining� � , illustratedin Fig. 10.1. Thesimplestoneis MaximumLikelihood

(ML) estimation[39,153]. Here � � = � ML is computedby picking the � that gives rise to the highest

likelihoodvalueof thetrainingdata:

� � = � ML = argmax
�

p(Xt ; A t j� ) (10.14)
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q

p(D|q)

qML

d(q-qML)

q

p(D|q)

p(q)

p(D|q)p(q)

d(q-qMAP)

qMAP

(a)MaximumLikelihood(ML) (b) Maximumaposteriori(MAP)

Figure10.1:Schematiccomparisonof ML andMAP methods.

If we hadsomeprior knowledgeabout� , we couldalsousethis informationto helpestimate� � . Theideais

to weighthelikelihoodof trainingexamplesat � by theprior probabilityof � at thatpoint. This is calledthe

Maximuma posteriori(MAP) estimation.

� � = � MAP = argmax
�

p(Xt ; A t j� )p(� ) (10.15)

Theform of p(� ) needsto bechosencarefullytoensurethattheestimationprocedureisef�cient. In Appendix

A.3, werevisit thisequationandgivea moredetailedaccountof p(� ) andmethodsfor estimating� MAP.

Both ML andMAP assumea very well peakedp(� jX t ; A t ; O) so that � (� � � � ) is a suitableestimate

of theentiredistribution. But whenthereis a very limited numberof trainingexamples,thedistributionmay

notbewell peaked,in whichcasebothML andMAP arelikely to yield poormodels.

10.2.3.1 Other Infer enceMethods

Sampling methods. At theotherextreme,we canusenumericalmethodssuchasGibbsSampling[47] or

Markov-ChainMonte-Carlo(MCMC) [48] to give anaccurateestimateof theintegral in Eq.10.6,but these

canbecomputationallyveryexpensive. In theconstellationmodel,thedimensionalityof � is large(� 100)

for a reasonablenumberof parts,makingMCMC methodsimpracticalfor our problem. Additionally, the

useof sampling-basedmethodsis somethingof anart: issuessuchaswhatsamplingregimeto usehave no

simpleanswer. Hencethey arelessattractiveascomparedwith methodsgiving adistinctsolution.

Recursive Approximations A variety of variationalapproximationsexist that are recursive in nature

[62]. In suchschemes,thedatapointsareprocessedsequentiallywith the(approximate)marginal posterior

p(� jX t ; A t ; O) beingupdatedaftereachnew datapoint. Themajordrawbackto usingthemis that the�nal

solutionis dependenton the orderingof the datapoints. In our problemthedatahasno obviousordering,

hencesuchmethodswould complicatethelearningproceduresowe choosenot to adoptthem[33].
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10.2.4 ConjugateDensities

The�nal approachis to assumethatp(� jX t ; A t ; Of g) hasa speci�c parametricform, suchthat the integral

in Eq.10.5hasaclosed-formsolution.Recallingthenumeratorof Eq.10.5:

Z
p(X ; Aj � )p(� jX t ; A t ; Of g) d� (10.16)

Our goal is to �nd a parametricform of p(� jX t ; A t ; Of g) suchthat the learningof p(� ) is feasibleandthe

evaluationof Eq.10.16is tractable.Thiscouldbeachievedby takingadvantageof aclassof priordistributions

thatareconjugateto their posteriordistributions. In otherwords,a conjugateprior for a givenprobabilistic

model is one for which the resultingposteriorhasthe samefunctional form as the prior. In the caseof

p(� jX t ; A t ; Of g), we usea Normal-Wishartdistribution asits conjugateprior. Given that p(X ; Aj � ) was

chosento bea productof Gaussians(in Chapter10.2),theentireintegralof Eq.10.16becomesamultivariate

Student'sT distribution. Ef�cient learningschemesexist for estimatingthehyper-parametersof theNormal-

Wishart distribution [5], having the samecomputationalcomplexity as standardML methods. Theseare

introducedin Chapter10.4.

10.3 RecognitionUsinga ConjugateDensityParameter Posterior

Having speci�ed a functionalform for theparameterposterior, we now give theactualequationsfor usein

recognition.

10.3.1 Parameter Distrib ution

Recallthemixtureof constellationmodelsfrom Eq.10.3:

p(X ; Aj � ) =

X

! =1

p(! j� )
jH jX

h=1

p(Xh j� X
! ; � X

! )p(A h j� A
! ; � A

! ) (10.17)

Eachcomponent! hasa mixing coef�cient � ! ; a meanof shapeandappearance� X
! ; � A

! ; anda precision

matrix of shapeandappearance� X
! ; � A

! . The X andA superscriptsdenoteshapeandappearanceterms,

respectively. Collectingall mixturecomponentsandtheir correspondingparameterstogether, we obtainan

overall parametervector� = f � ; � X ; � A ; � X ; � A g. Assumingwe have now learntthemodeldistribution

p(� jX t ; A t ) from a setof trainingdataXt andA t , we de�ne themodeldistribution in thefollowing way:

p(� jX t ; A t ) = p(� )
Y

!

p(� X
! j� X

! )p(� X
! )p(� A

! j� A
! )p(� A

! ) (10.18)
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wherethemixing componentis a symmetricDirichlet: p(� ) = Dir (� ! I 
 ), thedistribution over theshape

precisionsis a Wishart p(� X
! ) = W(� X

! jaX
! ; B X

! ) and the distribution over the shapemeanconditioned

on the precisionmatrix is Normal: p(� X
! j� X

! ) = G(� X
! jm X

! ; � X
! � X

! ). Togetherthe shapedistribution

p(� X
! ; � X

! ) is a Normal-Wishart density [5, 102]. Note f � ! ; a! ; B ! ; m ! ; � ! g are hyper-parametersfor

de�ning their correspondingdistributionsof modelparameters.Identicalexpressionsapply to the appear-

ancecomponentin Eq.10.18.

10.3.2 Closed-form Calculation of R

Recallthat:

R =
p(X ; AjX t ; A t ; Of g)
p(X ; AjX t ; A t ; Obg)

=

R
p(X ; Aj � )p(� jX t ; A t ; Of g) d�

R
p(X ; Aj � bg)p(� bgjX t ; A t ; Obg) d� bg

(10.19)

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

Student'sT distribution (denotedby S):

p(X ; AjX t ; A t ; Of g) =

X

! =1

jH jX

h=1

~� ! S(Xh j gX
! ; m X

! ; � X
! ) S(A h j gA

! ; m A
! ; � A

! ) (10.20)

where g! = a! + 1 � d and � ! =
� ! + 1
� ! g!

B ! and ~� ! =
� !P
! 0 � ! 0

Noted is thedimensionalityof theparametervector� . Thedenominatorof Eq. 10.19is aconstant,sincewe

only considera singlevalueof � bg: � M L
bg i.e.p(� bgjX t ; A t ; Obg) = � (� bg � � M L

bg ).

10.4 Learning Using a ConjugateDensityParameter Posterior

The processof learningan objectcategory is unsupervised[39,153]. The algorithmis presentedwith a

numberof training imageslabeledas “foregroundimages.” It assumesthereis an instanceof the object

category to be learntin eachimage. But no otherinformation,e.g.,location,size,shape,appearance,etc.,

is provided. The algorithm �rst detectsinterestingfeaturesin thesetraining images,and then estimates

the parametersof the densitiesfrom theseregions. Sincethe model is linear andGaussianwith conjugate

priors it shouldhave a closed-formsolution. However, the discreteindexing variableh, representingthe

assignmentof featuresto partspreventssuchasolution.Insteadaniterativevariationalmethodthatresembles

theExpectationMaximization(EM) algorithm[23] is usedto estimatethevariationalposterior. Afterwards

recognitionis performedon a queryimageby repeatingtheprocessof detectingregionsandthenevaluating

theregions,usingthemodelparametersestimatedin thelearningprocess.

Thegoalof learningis to obtaina posteriordistributionp(� jX t ; A t ; Of g) of themodelparametersgiven
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a setof trainingdatafX t ; A t g aswell assomeprior information.We formulatethis learningproblemusing

VariationalBayesianExpectationMaximization(VBEM), appliedto a multi-dimensionalGaussianmixture

modelasintroducedby Attias [5]. Detailedderivationsof VBEM aregivenin AppendixA.2. In addition,we

alsogivea detailedderivationof theMAP parameterestimationin AppendixA.3.
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Chapter 11

Experimentsand Results

11.1 Implementation

11.1.1 Featuredetectionand representation

Weusethesamefeaturesasin [39]. They arefoundusingthedetectorof Kadir andBrady[66]. Thismethod

�nds regionsthataresalientoverbothlocationandscale.Gray-scaleimagesareusedastheinput. Themost

salientregionsareclusteredover locationandscaleto give a reasonablenumberof featuresperimage,each

with anassociatedscale.Thecoordinatesof thecenterof eachfeaturegiveusX . Fig. 11.1illustratesthis on

imagesfrom four datasets.Oncetheregionsareidenti�ed, they arecroppedfrom theimageandrescaledto

thesizeof a small (11 � 11) pixel patch.Eachpatchexistsin a 121dimensionalspace.We thenreducethis

dimensionalityby usingPCA. A �x edPCA basis,pre-calculatedfrom thebackgrounddatasets,is usedfor

this task,which givesusthe�rst 10 principalcomponentsfrom eachpatch.Theprincipalcomponentsfrom

all patchesandimagesform A.

11.1.2 Learning

Practicalaspectsof theBayesianOne-Shotlearningprocedurearenow discussed,including: thechoiceof

theprior density, p(� ) anddetailsof theBayesianOne-Shotimplementation.

11.1.2.1 Choiceof Prior

One critical issueis the choiceof priors for the Dirichlet andNorm-Wishartdistributions. In this paper,

learningis performedusinga singlemixturecomponent,i.e., 
 = 1. So � is setto 1, since� ! will always

be1. Ideally, thevaluesfor theshapeandappearancepriorsshouldre�ect objectmodelsin therealworld. In

otherwords,if wehavealreadylearntasuf�cient numberof classesof objects(e.g.,hundredsor thousands),
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(a) (b)

(c) (d)

Figure11.1:Outputof thefeaturedetectoron samplesimagesfrom four categories.(a) Elephant,(b) Grand
piano,(c) Hawksbill, (d) Bonsaitree.

we would havea prettygoodideaof theaverageshape(appearance)meanandvariancesgivena new object

category. In reality we do not have the luxury of sucha numberof objectclasses.We usefour classesof

objectmodelslearntin a ML mannerfrom [39] to form our priors.They are:spottedcats,motorbikes,faces

andairplanes.Sincewe wish to learnthesamefour datasetswith our algorithm,we usea “leave oneout”

strategy. For example,whenlearningmotorbikeswe obtainpriorsby averagingthelearntmodelparameters

from theotherthreecategories(i.e.,spottedcats,facesandairplanes),henceavoiding theincorporationof an

existing motorbike model. Thehyper-parametersof theprior arethenestimatedfrom theparametersof the

existingcategorymodels.An exampleof this processis givenin Chapter11.2.3.

11.1.2.2 Detailsof BayesianOne-Shotalgorithm

� Initial conditionsarechosenin thefollowing way. Shapeandappearancemeansaresetto themeans

of thetrainingdataitself. Covariancesarechosenrandomlywithin a sensiblerange.Namely, they are

initialized to beroughlyin theorderof theaveragedimensionsof thetrainingimages.

� Learningis haltedwhenthelargestparameterchangeperiteration(acrossall parameters)fallsbelow a
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certainthreshold(10� 4) or themaximumnumberof iterationsis exceeded(typically 500). In general,

convergenceoccurswithin lessthan100iterations.

� Sincethe model is a generative one,the backgroundimagesarenot usedin learningexceptfor one

instance:theappearancemodelhasa distribution in appearancespacemodelingbackgroundfeatures.

Estimatingthis from foregrounddataprovedinaccuratesotheparametersareestimatedfrom a setof

backgroundimagesandnotupdatedwithin theBayesianOne-Shotiteration.

� Learninga classtakesroughly lessthana minuteon a 2:8 GHz machinewhenthenumberof training

imagesis lessthan10andthemodelis composedof 4 parts.Thealgorithmis implementedin Matlab.

It is also worth mentioningthat the currentalgorithmdoesnot utilize any ef�cient searchmethod,

unlike [39]. It hasbeenshown that increasingthenumberof partsin a constellationmodelresultsin

greaterrecognitionpower provided enoughtraining examplesaregiven [39]. Were ef�cient search

techniquesused,6-7 partscouldbe learnt,sincetheBayesianOne-Shotupdateequationsrequirethe

sameamountof computationasthetraditionalML ones.However, all ourexperimentscurrentlyuse4

partmodelsfor boththecurrentalgorithmandML.

11.2 Experimental Results

11.2.1 Datasets

In the�rst setof experiments,thesamefour objectcategoriesasin [32,39] wereused1, namely:humanfaces,

motorbikes,airplanesandspottedcats.Thesedatasetscontaina fair amountof backgroundclutterandscale

variation,althougheachcategory is presentedfrom a consistentviewpoint.

In addition, two naive subjectscollectedanotherdatasetof 101 objectcategoriesfor the secondsetof

experiments. The namesof 101 categorieswere generatedby �ipping throughthe pagesof the Webster

CollegiateDictionary [1] andpicking a subsetof categoriesthat wereassociatedwith a drawing. Using a

script,all imagesreturnedby GoogleImageSearchenginefor eachcategory nameweredownloaded.The

two subjectsthensortedthroughtheimagesfor eachcategory, gettingrid of irrelevantimages(e.g.,a zebra-

patternedshirt for the“zebra”category). Fig. 11.2showsexamplesfrom 101foregroundobjectcategoriesas

well asthebackgroundcluttercategory (obtainedby typing “things” into Google).

Minimal preprocessingwasperformedonthecategories.Categoriessuchasmotorbike,airplane,cannon,

etc. wheretwo mirror imageviews werepresent,weremanually�ipped, soall instancesfacedin thesame

direction.Additionally, categorieswith a predominantlyverticalstructurewererotatedto anarbitraryangle.
1Availablefrom www.vision.caltech.edu
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This is dueto theconventionthattheleftmostpartof eachhypothesisis usedasareferencepoint to translate

therestof theparts(seeSection10.2.0.2).With verticallyorientatedstructures,thehorizontalorderingof the

featureswill besomewhatarbitrary, therebyarti�cially giving a largeverticalvariability.

11.2.2 Experimental Setup

Eachexperimentis carriedout in thefollowing way. Eachdatasetis randomlysplit into two disjoint setsof

equalsize. N training imagesaredrawn randomlyfrom the �rst. A �x ed setof 50 areselectedfrom the

second,which form thetestset. We thenlearnmodelsusingbothVariationalBayesianandML approaches

and evaluatetheir performanceon the test set. For evaluationpurposes,we also use50 imagesfrom a

backgrounddatasetof assortedjunk imagesfrom the Internet. For eachcategory, we vary N from 1 to 6,

repeatingtheexperiments10 timesfor eachvalue(usinga differentsetof N training imageseachtime) to

obtaina morerobustestimateof performance.WhenN = 1, ML fails to converge,sowe only show results

for theBayesianOne-Shotalgorithmin this case.

Whenevaluatingthe models,the task is a binary decision–objectpresentor absent. All performance

valuesarequotedasequalerrorratesfrom thereceiver-operatingcharacteristic(ROC) (i.e.,p(Truepositive)

= 1 - p(Falsealarm)).TheROC curve is obtainedby testingthemodelon 50 foregroundtestimagesand50

backgroundimages. For example,a valueof 85%meansthat85%of the foregroundimagesarecorrectly

classi�ed but 15% of thebackgroundimagesareincorrectlyclassi�ed (i.e., falsealarms). In all theexper-

iments,the following parametersareused:numberof partsin model= 4; numberof PCA dimensionsfor

eachpart appearance= 10; andaveragenumberof detectionsof interestpoint for eachimage= 20. It is

alsoimportantto pointout thatexceptfor thedifferentpriors,asdescribedin section11.1.2.1,all parameters

remainthesamefor learningall differentcategories.In otherwords,exactly thesamepieceof softwarewas

usedin all experiments.

11.2.3 Walkthr ough for the Motorbik e Category

We now go throughtheexperimentalprocedurestep-by-stepfor themotorbike category. 6 training images

areselected,asshown in Fig. 11.3. TheKadir interestoperatoris appliedto them,giving X t . Eachof these

regionsis thentransformedinto the �x edPCA basis,to give A t . Next we considertheprior we will usein

learning. This hasbeenconstructedfrom modelstrainedusingML from the threeotherdatasets:spotted

cats,facesandairplanes.10 ML modelsweretrainedfor eachcategory, giving a total of 30 models,each

beinga point in � -space.Theparametersof theprior, f m 0; � 0; a0; B 0g for both theshapeandappearance

componentsof themodel,arethendirectlycomputedfrom thesepointsin thefollowing manner:
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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 joshua-tree 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 scissors scorpion sea-horse 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

Figure11.2: The 101 objectcategoriesandthe backgroundclutter category. Eachcategory containsbetween45 and400 images.
Two randomlychosensamplesareshown for eachcategory. The categorieswereselectedprior to the experimentsand the images
were collectedby operatorsnot associatedwith the experiment. The last row shows examplesfrom the backgrounddataset. This
datasetis obtainedby collectingimagesthroughthe Googleimagesearchengine(www.google.com).The keyword ªthingsºis used
to obtainhundredsof randomimages. Note only gray-scaleinformation is usedin our system. Completedatasetscanbe found at
http://vision.caltech.edu/feifeili /101 ObjectCategories.
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Figure11.3:Thetrainingimagesfor themotorbikecategory, with theoutputof thefeaturedetectoroverlaid.

� m 0 is estimatedby computingthemeanof � M L over theM = 30ML models:m 0 = 1
M

P
m � M L

m .

� a0 is �x edto benumberof degressof freedomin theprecisionmatrix � M L , whichdiffersbetweenthe

shapeandappearanceterms.For shape,aX
0 = 2(P � 1)(P � 2), while aA

0 = kP.

� B 0 is estimatedby lettinga0B � 1
0 , themeanof theprecisionbe 1

M

P
m � M L , andusingthepreviously

calculatedvalueof a0 to giveB 0.

� � 0 is estimatedasthe ratio betweenthe precisionof the meanandthe meanof the precision: � 0 =

k1=M
P

m ( � M L
m � m 0 )2 k

ka0 B � 1
0 k

.

Fig. 11.4 illustratesshows both the ML models(aspointscoloredby category) andthe prior density�tted

to them. Sincethe parameterspaceis high dimensionalit is dif�cult to visualizebut by consideringeach

appearancedescriptorseparately, themeanandvarianceof thepart from eachmodelcanbeplottedin 2-D.

Notetheall partsusethesameprior densityfor appearance.For shape,themeanandvarianceof locationof

eachpartrelativeto thelandmarkpartis shown. To understandhow theprior assistsin learning,modelswere

trainedon backgrounddataaloneandtheir parametersalsoplottedin Fig. 11.4(asmagenta� 's). Note that

theprior densitywasestimatedonly from theML categorymodels,not thesebackgroundmodels.However,

they serve to illustratethepoint thatmodelsthatdo not correspondto visualconsistency occupy a different

partof parameterspaceto modelstrainedon imageswith a consistentvisualappearance.Theprior captures

this knowledgeso in the learningprocessit biasesp(� jX t ; A t ; Of g) to areasof � -spacecorrespondingto

modelsof visualconsistency.
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Figure11.4:A visualizationof theprior parameterdensity, estimatedfrom ML modelsof spottedcats(green
� 's), face(red+ 's) andairplanes(blue� 's). Modelstrainedon backgrounddataareshown asmagenta� 's
but arenotusedin estimatingtheprior density. In all �gures themeanis plottedonthex-axisandthevariance
on they-axis. (a) Appearanceparameterspacefor the�rst 4 descriptors.(b) X componentof theshapeterm
for eachof thenon-landmarkmodelparts.(c) Y componentof shape.

Now that theprior andtrainingdataX t andA t have beenobtained,we commencethe learningprocess

describedin Chapter10.4.Weonly useonemixturecomponent,so
 = 1. Theinitial valuesof thehyperpa-

rametersf � ! ; a! ; B ! ; m ! ; � ! g areinitializedasin Table11.1.Notethatsinceweonly haveonecomponent,

we donotneedto worry aboutsetting� .

Hyperparameter Shape Appearance
M 1

I

P
i

1
jH j

P
h X (h) 1

I

P
i

1
jH j

P
h A(h)

� � 0 � 0

a 2(P � 1)(P � 2) kP
B 0:1I 2(P � 1) 0:1I kP

Table11.1: Initial valuesof thehyperparametersof theparameterposteriorfor shapeandappearanceterms.

Theinitial posteriordensitiesareillustratedin greenin Fig. 11.5. Thenwe run BayesianOne-Shotuntil

convergenceis reached.Fig. 11.5shows the�nal parameterdensitiesafterlearningin red.They canbeseen

to bemuchtighterthentheinitial density, often lying closetheprior density, which is likely to exert a large

in�uence with so few training images. The modelcorrespondingto the meanof the parameterdensityis

shown in Fig. 11.6.

In therecognitionphase,the learntmodelis appliedto 50 imagescontainingmotorbikesand50 images

of scenesnot containingmotorbikes.For eachimagein bothsets,thelikelihoodratio R is computed(using

Eq.10.19andEq.10.21),giving anROC-curvemeasuringthedetectionperformanceof themodel.Fig. 11.6

shows theROC curve for the model,alongwith sampleimageswhenthe threshold,T , is setso asto give

equalnumbersof falsealarmsandmisseddetections.
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Figure11.5: The learningprocess.(a) Appearanceparameterspace,showing the meanandvariancedis-
tributionsfor eachof themodels'4 partsfor the �rst 4 descriptors.Theparameterdensitiesarecoloredas
follows: Blackfor theprior; greenfor theinitial posteriordensityandredfor thedensityafter30 iterationsof
BayesianOne-Shot,whenconvergenceis reached.(b) X componentof theshapetermfor eachof themodel
parts.(c) Y componentof shape.Notethatin both(b) and(c), only thevariancetermsalongthediagonalare
visualized- not thecovarianceterms.

In therecognitionphase,the learntmodelis appliedto 50 imagescontainingmotorbikesand50 images

of scenesnot containingmotorbikes.For eachimagein bothsets,thelikelihoodratio R is computed(using

Eq.??), giving anROC-curve measuringthedetectionperformanceof themodel.Fig. 11.6shows theROC

curve for themodel,alongwith sampleimageswhenthethreshold,T , is setsoasto give equalnumbersof

falsealarmsandmisseddetections.

11.2.4 Caltech4 Dataset

We �rst testedour algorithmon thefour objectcategoriesusedby Weberet al. [153] andFerguset al. [39].

They arefaces,motorbikes,airplanesandspottedcats.Ourexperimentsdemonstratethebene�t of usingprior

informationaswell asusingafull Bayesiancomputationin learningnew objectcategories(Figs.11.7-11.10).

Notethatin Figs.11.7-11.10,given0 trainingimages,thedetectionratefor eachcategory is at chancelevel

50%. This tells usthatgivenonly theprior model,it is not suf�cient to capturecharacteristicinformationof

the particularcategorieswe areinterestedin. Only by incorporatingthis prior knowledgeinto the training

data,is the algorithmcapableof learninga sensiblemodelwith only 1 training example. For instance,in

Fig. 11.7(c),weseethatthe4-partmodelhascapturedtheessenceof a face(e.g.,eyesandnose).In thiscase

it achievesanaveragedetectionrateof 82%, givenonly 1 trainingexample.
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Figure11.6: The meanmodel. (a) Shows the shapecomponentof the model. The four + 's andellipses
indicatethemeanandvariancein positionof eachpart. The inter-partcovariancetermsarenot shown. (b)
Showsthemeanappearancedistributionsfor the�rst 3 PCAdimensions.Eachcolor indicatesoneof thefour
parts.Thebackgrounddensityis shown in black.(c) Showsthedetectedfeaturepatchesin thetrainingimage
closestto themeanof theappearancedensitiesfor eachof thefour parts.(d) Someexamplesof foreground
test imagesfor the model,with a mix of correctand incorrectclassi�cations. The pink dotsare features
foundoneachimageandthecoloredcirclesindicatethebesthypothesisin theimage.Thesizeof thecircles
indicatesthe scoreof the hypothesis(the bigger the better). (e) The model runningon somebackground
queryimages.(f) TheROCcurvefor themodelon thetestset.Theequalerrorrateis around18%.

11.2.5 101Object Categories

We havetestedouralgorithmona largedatasetof 101objectcategories(Fig. 11.2).We summarizedifferent

aspectsof our experimentsin thefollowing sections.

11.2.5.1 Overall Results: ML vs. MAP vs. Bayesian

Using the Bayesianformulation,we are able to incorporateprior knowledgeof the objectworld into the

learningscheme.In addition,wearealsocapableof averagingovertheuncertaintiesof modelsby integrating

overthemodeldistributions.Do bothof thesetwo factorscontributein theef�cient learningof ouralgorithm?

Or is it only theprior thattruly matters?

Weareableto answerthisquestionby comparingthedetectionresultof theBayesianOne-Shotalgorithm

notonly to theML method,but alsoto theMAP algorithm(asderivedin AppendixA.3). Both theBayesian

One-Shotand the MAP algorithmsare given exactly the sameprior distributions (estimatedfrom faces,

airplanesandspottedcatsmodels)for learningfor eachof the101 categories. While Fig. 11.11illustrates
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thatprior knowledgehelpsin learningnew objectcategories,theintroductionof priorsalonecannotaccount

for all the advantagesof our Bayesianformulation. The Bayesianalgorithmconsistentlyperformedbetter

thanboth the ML andMAP methodsgiven few training examples. While MAP learningtakesadvantage

of the prior density, it is fundamentallythe sameasmaximumlikelihoodin that a singleparameterset is

estimatedfor the objectcategory. Given few trainingexamples,suchan assumptionis likely to over�t the

few datapoints.TheBayesianalgorithmreducestheover�t by averagingovermodeluncertainties.

11.2.5.2 Goodmodelsand Bad models

Figs. 11.12and11.13show in detail the resultsfrom the grand-pianoandcougar-facecategories,both of

which have achieved reasonableperformancesgiven few training examples(equalerror ratesof 84% and

85% respectively for 15 training examples). In the left-mostcolumns,four examplesof featuredetection

resultsarepresented.Thecenterof eachdetectioncircle indicatesthelocationof thefeaturedetectedwhile

thesizeof thecircle indicatesits scale.Thesecondcolumnshowstheresultingshapemodelfor theBayesian

One-Shotmethodfor f 1; 3; 6; 15gtrainingimages.As thenumberof trainingexamplesincreases,weobserve

that theshapemodelis morede�ned andstructuredwith a reductionin variance.This is expectedsincethe

algorithmshouldbe moreandmorecon�dent of what is to be learned.The third columnshows examples

of the part appearancethat areclosestto the meandistribution of the appearance.Notice that distinctive

featuressuchaskeyboardsfor thepianoandeyesor whiskersfor thecougar-facearesuccessfullylearnedby

thealgorithm. Two learningmethods'performancesarecomparedin the top panelof the lastcolumn. The

Bayesianmethodsclearlyshow abig advantageover theML methodwhentrainingnumberis small.

It is also useful to look at the other end of the performancespectrum–thosecategoriesthat have low

recognitionperformance.We give someinformal observationsinto thecauseof thepoorperformance.Fea-

turedetectionis a crucialstepfor bothlearningandrecognition.Onboththecrocodileandmay�y �gures in

Fig. 11.14,noticethatsometestingimagesmarked“INCORRECT” have few detectionpointson thetarget

objectitself. Whenfeaturedetectionfails eitherin learningor recognition,it affectstheperformanceresults

greatly. Furthermore,Fig. 11.12(a)shows thata varietyof viewpointsis presentin eachcategory. In this set

of experimentswe have only usedonemixturecomponent,henceonly a singleviewpoint canbeaccommo-

dated.Ourmodelis alsoasimpli�ed versionof Burl, WeberandFergus' constellationmodel[20,39,153]as

it ignoresthepossibilityof occludedparts.
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Figure11.11:Performanceon 101categoriesusingthreedifferentlearningmethods:MaximumLikelihood
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mance(Eq. ErrorRate).Theerrorbarsindicateonestandarddeviation.
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Figure11.12:Resultsfor the“grand-piano”category. Column1 shows examplesof featuredetection.Col-
umn2 shows theshapemodelslearnedfrom f 1; 3; 6; 15g training images.Column3 shows theappearance
patchesfor themodellearnedfrom f 1; 3; 6; 15g trainingimages.Thetoppanelof Column4 showsthecom-
parativeresultsbetweenML andBayesianmethods(theerrorbarsshow thevariationover the10 runs).The
bottompanelof Column4 showstherecognitionresultfor theBayesianOne-Shotalgorithmfor onetraining
image.Pinkdotsindicatethecenterof detectedinterestpoints.
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Figure11.13:Resultsfor the“cougarface”category.
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(a)Crocodile (b) May�y

Figure11.14: Two categorieswith poor performance.(a) Crocodile(equalerror rate= 35% for 1 training
example).(b) May�y (equalerrorrate= 42%for 1 trainingexample).
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egories. Thereare20 randomlydrawn objectcategoriesfor training the prior model. Thereare30 other
randomlydrawn objectcategoriesin thetestingcategoryset.Thex-axisindicatesthenumberof objectcate-
goriesin theprior model.They-axis indicatestheaverageperformanceerrorof the30 testcategoriesgiven
theprior model.
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Figure11.16:Qualityof featuredetectioncomparedwith objectdetectionperformancesof the101categories
given f 1; 3; 6; 15g training images((a) - (d)). The x-axis of eachplot is the detectionperformanceof the
model. The y-axis is the quality of featuredetection,de�ned by the percentageof detectionpoints landed
within the outline of the object over the total numberof detections. For eachcategory, we averagethe
percentageoverall imageswithin this category.

11.2.5.3 A Further Investigationon Prior Modelsand FeatureDetectors

Oneusefulquestionto askis whetherlearningis improvedby constructingtheprior modelfrom morecate-

gories.To investigatethis, we randomlyselect20 objectcategoriesthatwill incrementallycontributeto the

prior model.We learna modelfor eachof the20 categories,forming a setof modelsC. We alsorandomly

select30 objectcategoriesfrom therestof thedataset,calling this setS. We traina modelfor eachcategory

in S usingaprior constructedfrom N modelsdrawn from C. We varyN from 0 to 20. For N = 0, theprior

modelis a broad,non-informativedistribution over theshapeandappearancespace.For N > 0, we pick a

modelfrom C, andupdatetheprior asaweightedaveragebetweentheold prior modelandthenew category

model,theweightingbeingN � 1 and1 respectively. Fig.11.15shows therelationshipbetweenthenumber

of categoriescontributing to theprior modelandtheperformancesaveragedoverall categoriesin S. We see



109

a trendof decreasingerror whenthenumberof categoriesin theprior modelis between1 and8, although

this trendbecomeslessclearbeyond8.

We also explored the effect of featuredetectionson the overall object detectionperformances.Two

humansubjectsannotatedthewholedataset,giving groundtruth informationof thelocationandthecontours

of theobjectswithin eachimage.Giventhis information,we areableto computetheproportionof features

detectedwithin the objectboundaryasa fraction of the total numberin the image. In Fig.11.16we show

therelationshipbetweenthequality of thefeaturedetectionsandtheperformancesfor eachtrainingnumber.

In general,a very weakpositive correlationis observedbetweenfeaturedetectionquality andperformance.

Thiscorrelationseemsto increaseslightly asthetrainingnumberincreases.
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Figure11.17: Shapeonly modelsandappearanceonly modelscomparedwith modelsusingshapeandap-
pearancefor eachof the 101 categoriesgiven f 1; 3; 6; 15g training images((a) - (d)). The x-axis of each
plot is the detectionperformanceof modelsusingboth shapeandappearance.The y-axis is the detection
performanceof shapeonly modelsandappearanceonly modelsfor eachcategory.

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

In Chapter10.2wedetailedtheformulationof objectclassmodels.Eachmodelof anobjectcategorycarries

two sourcesof information: shapeandappearance.We show in Fig. 11.17that the contributionsof shape

andappearancecomponentsof the modelvary whenthe objectcategory to be learntdiffers. While some

categoriesdependmoreon theshapecomponent(e.g.,faces,electricalguitars,sideview of cars,etc.),others

rely moreon theappearance(leopards,octopus,ketch,etc.). For mostcategories,learningis slightly more

effectivewhentheappearancecomponentis included,asopposedto theshapepart.

11.2.5.5 BayesianOne-ShotAlgorithm: Discrimination Amongst101Categories

So far we have testedour algorithm in a detectionscenario:for a particularobject category we areonly

decidingif it is presentor not. We now testthealgorithmin a discriminationscenario:onewherewe have

multiple categories(i.e., more than two) andmustcorrectlyclassify the query imagesfrom each. In our
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experiment,we �rst learna modelfor eachof the101objectcategories.Queryimagesarethendrawn from

the testsetof eachcategory in turn andevaluatedby all 101models.For a given image,theassignmentof

category it belongsto is in the “winner-take-all” fashion.In otherwords,thecategory modelthatachieved

thehighestlikelihoodscoreis assignedto theimage.For eachcategoryof images,we repeattheexperiment

50 timeswith differentrandomlychosentrainingandtest images.This givesa vectorof 101 entries,each

beingtheaverageof the“winner-take-all” assignmentover the50repetitions.We do this for eachof the101

categories,therebyobtainingtheconfusiontablein Fig. 15.4.

By averagingthecorrectdiscriminationrates,i.e., theentriesalongthediagonalof Fig. 15.4,we obtain

the averagecorrectdiscriminationratesfor 3, 6 and15 training examplesof, respectively, 10:4, 13:9, and

17:7%. Theserateswouldbeapproximately1% if theclassi�ersweremakingrandomdecisions.Recallthat

thecorrespondingcorrectdetectionratesare73:6, 76:2 and80:1%. Is therea way to predictdiscrimination

ratesfrom detectionrates?Weproposeasimpleapproximationthatproducesgoodpredictionsandallowsus

to evaluateourcurrentresultsin thecontext of our long-termgoalof classifyingthousandsof categories.

Simulation relating detection and discrimination performance. What is the differencebetweende-

tectionandrecognition?Whendetectingobjects,e.g.,bonsaitrees,a singledetectoris �rst obtainedfor that

category (e.g.,by trainingonanappropriatecollectionof images).Thatdetectoris thenusedto computethe

likelihoodratio of whethera given imagecontainsa bonsaitreeor not. If this numberexceedsa threshold,

thena bonsaitreeis believedto bepresent.Whendiscriminating(or recognizing)objects,thesameimageis

inspectedby acollectionof detectors(e.g.,bonsai,ceilingfan,automobile,etc.),eachoneof which is usedto

calculatea likelihoodratio. Thehighestlikelihoodratio is takenasthe indicatorof themostlikely category

to be present. Whetherwe detector discriminate,eachdetectorwill behave identically andwill produce

two densitiesof likelihoodratios: oneconditionedon the preferredobjectcategory beingpresentandone

conditionedon the preferredcategory beingabsentfrom the image. The differencebetweendetectionand

discriminationin our experimentsis purelythenumberof competinghypotheses.Therearetwo hypotheses

in thecaseof detection,101hypothesesin thecaseof discrimination.Noticethatonemayin effect regardall

incorrectclassi�cationhypotheses(100of them)asoneby takingthehypothesisthat is associatedwith the

highestlikelihoodratio. This is theonly incorrecthypothesisthathasa chanceof `winning.' In our simple

modelwehypothesizethatall detectorsareindependent(thishypothesisis clearlywrong,it is only justi�ed as

acoarseapproximation).Furthermore,in ourmodelall detectorshaveidenticalGaussiandensitiesdescribing

boththeresponseto thefavorite category andto imagesnot containingthefavorite category. Suchdensities

may be adjusted(by modifying the meanandvariance)so that a given detectionperformanceis obtained.

Fromsuchdensitiesonemayalsocalculate(numerically, in oursimulations)thedensitycorrespondingto the
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bestincorrecthypothesis,againby taking thehighestlikelihoodresultof a numberof competingincorrect

hypotheses.Theprobabilityof thediscriminationerror is theneasilycomputedby Monte-Carlosimulations

asa function both of the numberof competingmodels,andasa function of the averagedetectionperfor-

mance.Suchdatais shown in Fig. 15.4(c).Noticethattheredcurve(100categories)�ts reasonablycloseto

ourexperimental�ndings. Wethereforepredictthat,in orderto obtain90%correctdiscriminationrateon20

categories,we needdetectionerrorssmallerthan1%. For 100and1000categories,respectively, in orderto

obtaina 90%correctdiscriminationratewe need,respectively, fewer than3 errorsevery 1000and2 errors

every104 images.Thesearesoberingrequirements!It is clearthat,aswe improvethequalityof ourdetector

beyond, say, 95% correct,a moresensitive measureof performancewill be given by discriminationrates,

and thus recognitionexperimentsshouldbe preferredto detectionexperimentswhencomparingdifferent

approaches.

11.2.5.6 Discussions

Our resultshighlight a numberof issuesthat we continueto investigate. The most importantone is the

choiceof priors. We have useda very generalprior constructedfrom threecategoriesandwould like to

explore further the effectsof differentpriors. Notice that in Fig. 11.11the Maximum Likelihoodmethod,

on average,givesa similar level of performanceto theBayesianOne-Shotalgorithmfor 15 trainingimages.

This is surprising,giventhelargenumberof parametersin eachmodel,andthereforea few hundredtraining

examplesare in principle requiredby a Maximum Likelihood method–onemight have expectedthe ML

methodto convergewith the BayesianOne-Shotmethodat only around100 training examples.The most

likely reasonfor this resultis thattheprior thatwe employ is verysimple.Bayesianmethodslive anddie by

thequality of theprior thatis used.Our prior densityis derivedfrom only threeobjectcategories.Giventhe

variability of our trainingset,it is realisticthata prior basedon many morecategorieswould yield a better

performance.We have testedthis hypothesisusinga simple,syntheticexamplein Fig. 11.19. Our goal is

to learna simpletriangularshapemodel(Fig. 11.19(a)).We testtheeffect of priorson theBayesianOne-

Shotalgorithmby giving thesystemthreedifferentpriors: a triangularshapeprior (similar to thesynthetic

model in Fig. 11.19(a)usedto generatethe data),a trapeziumshapeprior anda squareshapeprior. The

BayesianOne-Shotalgorithmwith threedifferentpriorsis comparedto themaximumlikelihoodmethod.We

observe that it takesmorethan100 training examplesfor the ML methodto “catch up” with the Bayesian

One-Shotlearningmethodgiventhetriangularshapeprior. On thecontrary, it takesmuchsmallernumberof

trainingexamplesfor theML methodto convergewith theothertwo BayesianOne-Shotlearningmethods

with non-effectivepriors.
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Confusion Table: Train Num = 6
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Figure11.18: (a) A confusiontablefor 6 training examples.The x-axis enumeratesthe category models,
onefor eachcategory, giving 101in total. They-axis is thegroundtruth category for thequeryimage.The
intensityof an entry in the tablecorrespondsto the probability of a given query imagebeingclassi�ed as
a given category. Sincethe categoriesareconsistentlyorderedon both axes,the ideal casewould consist
of a completelyblack diagonalline, showing perfectdiscriminationpower of all category modelsover all
categoriesof objects.(b) Histogramsummaryof diagonalentriesof confusiontablesfor f 1; 3; 6; 15g train-
ing examples. The x-axis representsthe recognitionpercentageof the discriminationtask. The y-axis is
a frequency countof the numberof categories. The � indicatesthe averageconfusiontableperformance
giveneachtrainingnumber. (c) Relationshipbetweenthebinarydetectionperformanceanddiscrimination
performancefor differingnumberof categoriesusinga one-dimensionalGaussiansimulation.

Anotherimportantissueis therobustnessof featuredetection.Wesaw in Fig. 11.14thattheperformance

of modelsis highly dependenton obtaininga goodsetof stableanddistinctive featuresfrom eachobject

instance.We�nd thatfor someof thecategoriesweexperimentedwith, theKadir-Bradyfeaturedetector[66]

fails to detectconsistentlyusefulfeatures,henceperformanceis impaired.Thuswearecurrentlyworkingon

improving thequalityandconsistency of thefeaturedetectionstage.
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Figure11.19: (a) The synthetictrianglemodelusedin (b). Note the triangle is characterizedby a 4-part
model.(b) Effectof differentpriorsfor learningatrianglemodel.Notethatthepointof convergencebetween
theML methodandtheBayesianOne-Shotmethoddependsonthechoiceof prior distribution. Whenaprior
is very effective (e.g., a triangularprior for learninga triangularmodel), it takesmore than100 training
examplesto converge.But whentheprior is notveryeffective(e.g.,squareor trapeziumpriorsfor learninga
triangularmodel),it takeslessthan30 trainingexamplesfor thetwo methodsto converge.
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Chapter 12

Summary

We havedemonstratedthat,contraryto intuition, usefulaspectsof anew objectcategorymaybelearntfrom

a single training example(or just a few). As Table 16.1 shows, this is beyond the capability of existing

algorithms.

The key insight we have exploited is that categorieswe have alreadylearnt give us information that

helpsin learningnew categorieswith fewer trainingexamples.To pursuethis ideawe developeda Bayesian

learningframework basedon representingobject categorieswith probabilisticmodels. Prior information

from previously learnt categories is representedwith a suitableprior probability density function on the

parametersof their models. These`prior' modelsareupdatedwith the few training examplesavailableto

producè posteriors'that,in turn,maybeusedfor bothdetectionandrecognition.

Ourexperiments,conductedon imagesfrom four categories,areencouragingin thatthey show thatvery

few (1 to 5) trainingexamplesproducemodelsthat arealreadyableto achieve a detectionperformanceof

around10-20%. Our detectionexperimentsconductedon 101categoriesshow thatthemethodis applicable

to agreatvarietyof appearances.Furthermore:thatthecategoriesfrom whichthe`prior' knowledgeis learnt

donotneedto bevisuallysimilar to thecategoriesthatonewishesto learn.

While our experimentsarevery encouraging,they areby no meanssatisfactoryfrom a practicalstand-

point. Asourrecognitionexperimentsshow, themargin for improvementof therecognitionratesis enormous.

Unlessdetection(objectpresent/absent)errorratesdropto almostzero,recognitionratesof oneout of 100-

1000categorieswill bedisappointing(Figure15.4(c)).Muchcanbedonetowardsthegoalof obtainingbetter

error rates,asour currentimplementationis, at themoment,just a toy. In orderto containthe complexity

of our experiments,we have simpli�ed theprobabilisticmodelsthatareusedfor representingobjects.For

example,a probabilisticmodel for occlusion( [20,39,153]) wasnot implemented,andwe only usedfour

partsin our models,de�nitely not enoughto representthe full complexity of objectappearance.Further-

more,we only usedthreeknown categoriesto derivea prior. This is clearlya verysmallsetthatoughtto be
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Fei-Feiet al. Assorted 101 1-5 Gen. N N
Fergusetal. [39] Assorted 6 > 100 Gen. N N
Weberet al. [153] Cars,Faces 2 > 100 Gen.+ Disc. N N

Viola & Jones[148] Faces 1 � 10,000 Disc. Y Y
Schneiderman& Kanade[125] Cars 1 2,000 Disc. Y N

Rowley etal. [121] Cars 1 500 Disc. Y N
Amit et al. [4] Faces,Characters 3 300 Gen. Y Y

LeCunet al. [72] Digits 10 60,000 Disc. N Y
LeCunet al. [73] Assorted 5 � 300,000 Disc. Y N

Table12.1: A comparisonamonga varietyof objectrecognitionapproaches.Theframework columnspec-
i�ed in the approachis generative (Gen. ) or discriminative (Disc. ) or both. The handalignmentand
segmentedcolumnsindicateif the training dataneedsto be hand-alignedor hand-segmentedfor a given
approach.

substantiallybroadenedin a real-world situation.

However, at this point it is probablymoreimportantto make progressat theconceptuallevel, andmuch

still needsto bedone.Firstof all: theissueof priors.How muchdoesprior knowledgeimproveasthenumber

of known categoriesincreases?Is it easierto learnnew categorieswhich aresimilar to someof the `prior'

categories?Second,the issueof representations:How shouldonebestrepresentprior knowledge?Is there

any otherproductivepointof view, besidestheBayesianonethatwehaveadoptedhere,whichallowsoneto

incorporateprior knowledge?Third, aswe have pointedout in theintroduction,it would behighly valuable

to learnincrementally, whereeachtrainingexamplewill updatetheprobabilitydensityfunctionde�ned on

theparametersof eachobjectcategory;we presenteda few ideastowardsthis in [33,91].

One last note of optimism: we feel that the problemof recognizingautomaticallyhundreds,perhaps

thousands,of objectcategoriesdoesnotbelongto ahopelesslyfar future.We hopethatthepositiveoutcome

of ourexperimentsonthelargemajorityof 101verydiverseandchallengingcategories,despitethesimplicity

of our implementationandtherudimentaryprior we employ, will encourageothervision researchersto test

their algorithmson largerandmorediversedatasets.
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Part V

Computational Model II: Natural Scene

Classi�cation
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Chapter 13

Intr oduction

13.1 Background

The ability to analyzeandclassify accuratelyand rapidly the scenein which we �nd ourselves is highly

useful in everydaylife. Thorpeandcolleaguesfound that humansareable to categorizecomplex natural

scenescontaininganimalsor vehiclesvery quickly [135]. Li andcolleagueslater showed that little or no

attentionis neededfor suchrapid naturalscenecategorization[77]. Both of thesestudiesposeda serious

challengeto the conventionalview that to understandthe context of a complex scene,one needs�rst to

recognizetheobjectsandthenin turn recognizethecategoryof thescene[140].

Canwe recognizethecontext of a scenewithout having �rst recognizedtheobjectsthatarepresent?A

numberof recentstudieshave presentedapproachesto classifyindoorversusoutdoor, city versuslandscape

andsunsetversusmountainversusforestusingglobalcues(e.g.,power spectrum,color histograminforma-

tion) [49,132,144]. Oliva andTorralbafurther incorporatedthe ideaof usingglobal frequency with local

spatialconstraints[94]. Thekey ideain their studyis to useintermediaterepresentationsbeforeclassifying

scenes:scenesare�rst labelledwith respectto local andglobalpropertiesby humanobservers.Similarly to

OlivaandTorralba'swork, VogelandSchielealsousedanintermediaterepresentationobtainedfrom human

observersin learningthesemanticcontext of ascene[150].

A mainrequirementof suchapproachesis themanualannotationof “intermediate”properties.In Oliva

andTorralba's work, humansubjectsare instructedto rank eachof the hundredsof training scenesinto 6

differentproperties(e.g.,ruggedness,expansiveness,roughness,etc.). In VogelandSchiele's work, human

subjectsareaskedto classify59; 582localpatchesfrom thetrainingimagesinto oneof 9 different“semantic

concepts”(e.g.,water, foliage, sky, etc.). Both casesinvolve tensof hoursof manuallabel. Theseworks

clearlypoint to theusefulnessof theseintermediaterepresentationsandmotivateusto think of methodsfor

learningtheserepresentationsdirectly from the data: both becausehand-annotatingimagesis tediousand
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expensive,andbecauseexpert-de�nedlabelsaresomewhatarbitraryandpossiblysub-optimal.

Much can also be learnt from studiesfor classifyingdifferent texturesand materials [76,106,147].

Traditionaltexture models�rst identify a large dictionaryof usefultextons(or codewords). Thenfor each

categoryof texture,a modelis learntto capturethesignaturedistribution of thesetextons.We couldloosely

think of a texture asoneparticularintermediaterepresentationof a complex scene.Again, suchmethods

yield a modelfor this representationthroughmanuallysegmentedtrainingexamples.Anotherlimitation of

thetraditionaltexturemodelis thehardassignmentof onedistributionfor aclass.Thisis �ne if theunderlying

imagesaregenuinelycreatedby a singlemixtureof textons. But this is hardly thecasein complex scenes.

For example,it is not critical at all that treesmustoccupy 30%of a suburb sceneandhouses60%. In fact,

onewould like to recognizea suburbscenewhethertherearemany treesor justa few.

13.2 Contributions

Thekey insightsof previouswork, therefore,appearto bethatusingintermediaterepresentationsimproves

performance,andthattheseintermediaterepresentationsmightbethoughtof astextures,in turncomposedof

mixturesof textons,or codewords.Ourgoal is to take advantageof theseinsights,but avoid usingmanually

labelledor segmentedimagesto train the system,if at all possible.To this end,we adaptto the problems

of imageanalysisin recentwork by Blei andcolleagues[12], which wasdesignedto representandlearn

documentmodels.In this framework, local regionsare�rst clusteredinto differentintermediatethemes,and

theninto categories.Probabilitydistributionsof thelocal regionsaswell astheintermediatethemesareboth

learntin anautomaticway, bypassingany humanannotation.No supervisionis neededapartfrom a single

category labelto thetrainingimage.We summarizeourcontributionasfollows.

� Our algorithm provides a principled approachto learning relevant intermediaterepresentationsof

scenesautomaticallyandwithout supervision.

� Our algorithmis a principledprobabilisticframework for learningmodelsof texturesvia textons(or

codewords) [76,106,147]. Theseapproaches,which usehistogrammodelsof textons,area special

caseof our algorithm.Giventhe�e xibility andhierarchyof our model,suchapproachescanbeeasily

generalizedandextendedusingour framework.

� Our model is able to groupcategoriesof imagesinto a sensiblehierarchy, similar to what humans

woulddo.
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Chapter 14

Hierar chical BayesianModel and
Learning

Fig. 14.1is asummaryof ouralgorithmin bothlearningandrecognition.We modelanimageasacollection

of localpatches.Eachpatchis representedby acodewordoutof a largevocabularyof codewords(Fig. 14.3).

The goal of learningis thento achieve a modelthat bestrepresentsthe distribution of thesecodewordsin

eachcategoryof scenes.In recognition,therefore,we �rst identify all thecodewordsin theunknown image.

Thenwe �nd thecategorymodelthat�ts bestthedistributionof thecodewordsof theparticularimage.

Our algorithmis basedon the LatentDirichlet Allocation (LDA) modelproposedby Blei et al. [12].

We differ from their modelby explicitly introducinga category variablefor classi�cation. Furthermore,we

proposetwo variantsof thehierarchicalmodel(Fig. 14.2(a)and(b)).

14.1 Model Structure

It is easierto understandthe model (Fig. 14.2(a))by going throughthe generative processfor creatinga

scenein a speci�c category. To put theprocessin plain English,we begin by �rst choosinga category label,

say a mountainscene. Given the mountainclass,we draw a probability vector that will determinewhat

intermediatetheme(s)to selectwhile generatingeachpatchof thescene.Now for creatingeachpatchin the

image,we �rst determinea particularthemeout of themixtureof possiblethemes.For example,if a “rock”

themeis selected,thiswill in turnprivilegesomecodewordsthatoccurmorefrequentlyin rocks(e.g.,slanted

lines). Now that the themefavoring morehorizontaledgesis chosen,onecandraw a codeword, which is

likely to bea horizontalline segment.We repeattheprocessof drawing boththethemeandcodewordmany

times,eventuallyforminganentirebagof patchesthatwould constructa sceneof mountains.Fig. 14.2(a)is

a graphicalillustrationof thegenerativemodel.We will call this modeltheThemeModel 1. Fig. 14.2(b)is

aslight variationof themodelin Fig. 14.2(a).We call it theThemeModel2. Unlessotherwisespeci�ed,the
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restof thechapterwill focuson ThemeModel 1. Now we arereadyto show themathematicaldetailsof the

formulationof thismodelandhow 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 patch x is thebasicunit of an image,de�ned to bea patchmembershipfrom a dictionaryof code-

wordsindexedby f 1; : : : ; Tg. Thet th codeword in thedictionaryis representedby a T-vectorx such

thatx t = 1 andxv = 0 for v 6= t. In Fig. 14.2(a),x is shadedby commonconventionto indicatethatit

is anobservedvariable.All othernodesin thegraphareunobserved,hencenoshading.Theequivalent

of animagein [12] is a “document.” And acodeword (or patch)in our modelis a “word” in theirs.In

textureandmaterialliterature,a codeword is alsoreferredasto a “texton” [76,147].
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Figure14.2: (a) ThemeModel 1 for scenecategorizationthat sharesboth the intermediatelevel themesas
well asfeaturelevel codewords.(b) ThemeModel2 for scenecategorizationthatsharesonly thefeaturelevel
codewords;(c) Traditionaltextonmodel [76,147].

� An image is a sequenceof N patchesdenotedby x = (x1; x2; : : : ; xN ), wherexn is thenth patchof

theimage.

� A category is acollectionof I imagesdenotedby D = f x 1; x 2; : : : ; x I g. In [12], this is equivalentto

a “corpus.”

We cannow write down theprocessthatgeneratesanimagei formally from themodel.

1. Choosea category labelc � p(cj� ) for eachimage,wherec = f 1; : : : ; Cg. C is thetotal numberof

categories.� is a C-dimensionalvectorof a multinomialdistribution.

2. Now for this particularimagein categoryc, we wantto draw a parameterthatdeterminesthedistribu-

tion of theintermediatethemes(e.g.,how “foliage,” “water,” “sky” etc. aredistributedfor this scene).

This is doneby choosing� � p(� jc; � ) for eachimage.� is theparameterof a multinomialdistribu-

tion for choosingthethemes.� is a matrix of sizeC � K , where� c� is theK -dimensionalDirichlet

parameterconditionedon thecategoryc. K is thetotal numberof themes.

3. For eachN patchesxn in theimage:

� Choosea themezn � Mult(� ). zn is a K-dim unit vector. zk
n = 1 indicatesthatthek th themeis

selected(e.g.,“rock” theme).
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Figure14.3: A codebookobtainedfrom 650trainingexamplesfrom all 13 categories(50 imagesfrom each
category). Imagepatchesaredetectedby a sliding grid andrandomsamplingof scales.Thecodewordsare
sortedin descendingorderaccordingto the numberof patchesthat belongto the codeword. Interestingly
mostof thecodewordsappearto representsimpleorientationsandillumination patterns,similar to theones
thatwe would �nd in theearlyhumanvisualsystem.
.

� Choosea patchxn � p(xn jzn ; � ), where� is a matrix of sizeK � T . K is againthenumber

of themes,andT is the total numberof codewordsin thecodebook.Thereforewe have � k t =

p(x t
n = 1jzk

n = 1).

A K � dimensionalDirichlet randomvariable� hasthe propertysuchthat � i � 0;
P K

i =1 � i = 1. It

is a conjugatedistribution of a multinomial distribution. Sincethe themesz arebestdescribedasa dis-

cretevariableover themultinomialdistribution,Dirichlet distributionbecomesthenaturalchoiceto describe

distributionof � [45]. It hasthefollowing probabilitydensity:

D ir (� j� c� ) =
�

� P K
i =1 � ci

�

Q K
i =1 �( � ci )

� ( � ci � 1)
i : : : � ( � cK � 1)

K (14.1)
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Giventheparameters� , � and� , we cannow write the full generative equationof themodel. It is the

joint probabilityof a thememixture� , asetof N themesz, asetof N patchesx andthecategoryc is

p(x ; z; � ; cj� ; � ; � ) = p(cj� )p(� jc; � ) �
NY

n =1

p(zn j� )p(xn jzn ; � ) (14.2)

p(cj� ) = Mult(cj� ) (14.3)

p(� jc; � ) =
CY

j =1

Dir (� j� j � )� (c;j ) (14.4)

p(zn j� ) = Mult(zn j� ) (14.5)

p(xn jzn ; � ) =
KY

k=1

p(xn j� k � )
� (zk

n ;1) (14.6)

As Fig. 14.2(a)shows, ThemeModel 1 is a hierarchicalrepresentationof the scenecategory model. The

Dirichlet parameter� for eachcategory is acategory-levelparameters,sampledoncein theprocessof gener-

atinga category of scenes.Themultinomialvariables� arescene-level variables,sampledonceper image.

Finally, the discretethemevariablez andpatchx arepatch-level variables,sampledevery time a patchis

generated.

If we wish to modelthe intermediatethemesfor eachcategory without sharingthemamongstall cate-

gories,we would introducea link betweentheclassnodec to eachpatchxn , suchthatxn � p(xn jzn ; � ; c),

wherethereareC differentcopiesof � , eachof thesizeK � T . Thenwe have � c
k t = p(x t

n jzk
n = 1). The

generativeequationsabove(Eq.14.2-14.6)arehencechangedaccordingto this dependency onc.

14.1.2 BayesianDecision

Beforewe show how we could proceedto learn the model parameters,let us �rst look at how decisions

aremadegiven an unknown scene.An unknown imageis �rst representedby a collectionof patches,or

codewords. We keepthe notationx for an imageof N patches.Given x , we would like to computethe

probabilityof eachsceneclass:

p(cjx ; � ; � ; � ) / p(x jc; � ; � )p(cj� ) / p(x jc; � ; � ) (14.7)

where� , � and� areparameterslearntfrom a training set. For convenience,the distribution of p(cj� ) is

alwaysassumedto bea �x eduniform distribution in which p(c) = 1=C. Thereforewe will omit to estimate

� from now on. Thenthe decisionof the category is madeby comparingthe likelihoodof x given each

category: c = argmaxc p(x jc; � ; � ). The term p(x jc; � ; � ) is in generalobtainedby integratingover the
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hiddenvariables� andz in Eq.14.2:

p(x j� ; � ; c) =
Z

p(� j� ; c)

 
NY

n =1

X

zn

p(zn j� )p(xn jzn ; � )

!

d� (14.8)

UnfortunatelyEq.14.8is not tractabledueto thecouplingbetween� and� [12]. However, awiderange

of approximateinferencealgorithmscanbeconsidered,includingLaplaceapproximation,variationalapprox-

imationandMCMC method [12]. In thefollowing section,we brie�y outlinethevariationalmethodbased

onVariationalMessagePassing(VMP) [155], a convenientframework to carryout variationalinferences.

14.1.3 Learning: Variational Inference

In learning,our goal is to maximizethelog likelihoodtermlogp(x j� ; � ; c) by estimatingtheoptimal� and

� . UsingJensen's inequality, wecanboundthis log likelihoodin thefollowing way:

logp(x j� ; � ) �
Z X

z

q(� ; z ) log p(� ; z ; x j� ; � )d� �

Z X

z

q(� ; z) logq(� ; z)

= Eq [logp(� ; z; x j� ; � )] � Eq [logq(� ; z)]

wheretheprobabilitydensityfunctionq(� ; z j
 ; � ) couldbeany arbitraryvariationaldistribution. By letting

L (
 ; � ; � ; � ) denotetheRHSof theaboveequation,we have:

logp(x j� ; � ) = L (
 ; � ; � ; � ) +

K L(q(� ; z j
 ; � ) k p(� ; zjx ; � ; � )) (14.9)

wherethe secondterm on the RHS of the above equationstandsfor the Kullback-Leiblerdistanceof two

probabilitydensities.By maximizingthe lower boundL(
 ; � ; � ; � ) with respectto 
 and� is thesameas

minimizing theKL distancebetweenthevariationalposteriorprobabilityandthetrueposteriorprobability.

GivenEq. 14.9,we �rst estimatethevariationalparameters
 and� . Substitutingthevariationallower

boundasasurrogatefor the(intractable)marginal likelihood,we canthenin turn estimatethemodelparam-

eters� and� . Theiterativealgorithmalternatesbetweenthefollowing two stepstill convergence.

1. (E-step)For eachclassof images,optimizevaluesfor thevariationalparameters
 and� . Theupdate
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rulesare:


 i = � i +
NX

n =1

� ni (14.10)

� ni / � i� exp

2

4	( 
 i ) � 	(
KX

j =1


 j )

3

5 (14.11)

wherei is theimageindex, n thepatchindex and	( �) a digammafunction.

2. (M-step)Maximize theresultinglower boundon the log likelihoodwith respectto themodelparam-

eters� and� . We cando this by �nding themaximumlikelihoodestimateswith expectedsuf�cient

statisticscomputedin theE-step [12,88].

14.1.4 A Brief Comparison

We cancomparethis hierarchicalmodelwith a traditionaltexton modelfor texturerecognition,for instance

[76,147]. Fig. 14.2(c)is a graphicalrepresentationof a traditional texton model. We seeherethat for a

givenclassof texturesor materials,only a singlemultinomial parameter� is associatedwith theclass. In

otherwords,to generateanimage,all patchesaredrawn from a single“theme.” This might be�ne whenthe

trainingdataare“pure” texturessegmentedmanually. Sincethereareno“contaminations”of other“themes”,

thesinglemixturelearntfrom thecodewordsmightsuf�ce. As shown by [76], thisframeworkmaybefurther

extendedby trainingdifferentmodelsfor thesamecategoryof texturesunderdifferentlighting andview point

conditions.Thisagainrequiresmanualseparationsof dataandlabellingof thesegmentedtextures.In Chapter

??, we will show empirically thatby explicitly modellingthe intermediatethemesin thesecomplex scenes,

ourmodelachievesbetterrecognitionperformancesthanthetraditional“texton” modelin Fig. 14.2(c).

14.2 Featuresand Codebook

In the formulationof the thememodel,we representeachimageasa collectionof detectedpatches,each

assignedamembershipto a largedictionaryof codewords.Weshow now how thesepatchesareobtainedand

membershipsassigned.

14.2.1 Local RegionDetectionand Representation

While mostpreviousstudieson naturalscenecategorizationhave focusedon usingglobal featuressuchas

frequency distribution,edgeorientationsandcolor histogram[49,132,144],recentlyit hasbeenshown local
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regionsarevery powerful cues [150]. Comparedto the global features,local regionsaremore robust to

occlusionsandspatialvariations.Wehavetestedfour differentwaysof extractinglocal regionsfrom images.

1. EvenlySampledGrid. An evenlysampledgrid spacedat10� 10pixelsfor a givenimage.Thesizeof

thepatchis randomlysampledbetweenscale10 to 30pixels.

2. RandomSampling. 500 randomlysampledpatchesfor a given image. The sizeof the patchis also

randomlysampledbetweenscale10 to 30pixels.

3. Kadir andBradySaliencyDetector. Roughly100� 200regionsthataresalientoverbothlocationand

scaleareextractedusingthesaliency detector [66]. Scalesof eachinterestpoint is between10 to 30

pixels.

4. Lowe's DoG Detector. Roughly 100 � 500 regions that are stableand rotationally invariantover

differentscalesareextractedusingtheDoG detector [79]. Scalesof eachinterestpoint varybetween

20 to 120pixels.

We have usedtwo differentrepresentationsfor describinga patch:normalized11� 11pixel grayvalues

or a 128� dim SIFTvector [79].

14.2.2 CodebookFormation

Giventhecollectionof detectedpatchesfrom thetrainingimagesof all categories,we learnthecodebookby

performingk-meansalgorithm[76]. Clusterswith too small a numberof membersarefurther prunedout.

Codeswordsarethende�ned asthecentersof the learntclusters.Fig. 14.3shows the174codewordslearnt

from thegrayvaluepixel intensities.
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Chapter 15

Experiments& Results

15.1 Datasetand Experimental Setup

Ourdatasetcontains13categoriesof naturalscenes(Fig. 15.1):highway( [94], 260images),insideof cities

( [94], 308 images),tall buildings ( [94], 356 images),streets( [94], 292 images),suburb residence(241

images),forest( [94], 328 images),coast( [94], 360 images),mountain( [94], 374 images),opencountry

( [94], 410images),bedroom(174 images),kitchen(151 images),livingroom(289images)andof�ce (216

images).Theaveragesizeof eachimageis approximately250� 300pixels.The8 categoriesthatareprovided

by OlivaandTorralbawerecollectedfrom amixtureof CORELimagesaswell aspersonalphotographs[94].

Therestof the5 categoriesareobtainedby usfrom boththeGoogleimagesearchengineaswell aspersonal

photographs.It is alsoworth noting that4 (coast,forest,opencountryandmountain)of thecategoriesare

similar to the4 of the6 categoriesreportedin [150]. But unlikethem,weonly usegrayscaleimagesfor both

learningandrecognition.We believe thatthis is themostcompletescenecategory datasetusedin literature

thusfar.

Eachcategoryof sceneswassplit randomlyinto two separatesetsof images,N (100) for trainingandthe

restfor testing. A codebookof codewordswaslearntfrom patchesdrawn from a randomhalf of theentire

training set. A model for eachcategory of sceneswasobtainedfrom the training images.Whenasked to

categorizeonetestimage,thedecisionis madeby assigninga category labelto theimagefrom thecategory

modelthatgivesthehighestlikelihoodprobability. A confusiontableis usedto illustratetheperformanceof

themodels.On theconfusiontable,thex-axisrepresentsthemodelsfor eachcategoryof scenes.They-axis

representsthegroundtruth categoriesof scenes.The ordersof scenecategoriesarethesamein bothaxes.

Hencein the ideal caseoneshouldexpecta completelywhite diagonalline to show perfectdiscrimination

power of all category modelsover all categoriesof scenes.Unlessotherwisespeci�ed,all performancesin

Chapter?? arequotedastheaveragevalueof thediagonalentriesof theconfusiontable.For a 13-category
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Descriptor Grid Random Saliency [66] DoG [79]
11� 11Pixel 64:0% 47:5% 45:5% N/A
128-dim Sift 65:2% 60:7% 53:1% 52:5%

Table15.1:Performancecomparisongivendifferentfeaturedetectorsandrepresentations.Theperformance
is quotedfrom themeanof theconfusiontablesimilar to thatof Fig.15.4.SIFTrepresentationseemsto bein
generalmorerobustthanthepixel grayvaluerepresentation.Theslidinggrid, whichyieldsthemostnumber
of patches,outperformsall otherdetectors.

recognitiontask,randomchancewould be7:7%. Excludingthepreprocessingtime of featuredetectionand

codebookformation,it takesa few minutes(lessthan10) to obtain13 categoriesof models(100 training

imagesfor eachcategory)ona 2:6 Ghzmachine.

15.2 Results

Fig. 15.4is anoverview of theperformanceof theThemeModel1 trainedwith 100imagesfrom eachof the

13 categories.Fig. 14.3shows thecorrespondingcodebooklearnt. 650testingimages(50 from eachclass)

areused. Therearea total numberof 40 themes.Our modelachieved an averageperformanceof 64:0%

(randomchanceis 7:7%). A closerlook at theconfusiontable(Fig. 15.4(a))revealsthat thehighestblock

of errorsoccursamongthefour indoorcategories:bedroom,livingroom,kitchenandof�ce. Anotherway to

evaluatetheperformanceis to usetherankstatisticsof thecategorizationresults(Fig. 15.4(b)).Usingboth

thebestandsecondbestchoices,themeancategorizationresultgoesupnearly20%to 82:3%.

BothFig. 15.2andFig. 15.5demonstratesomeof theinternalstructureof themodelslearntfor eachcat-

egory. Takethe“highway” categoryasanexamplein Fig. 15.2.Theleft panelshowstheaveragedistribution

of the40 intermediatethemesfor generatinghighway images.In theright panel,weshow theaveragedistri-

bution of all codewordsfor generatinghighway images,aftera largenumberof samplings(1000). Clearly,

this distribution of codewords(174, Fig. 14.3) is very much in�uenced by the distribution of themes.We

show in theright panel10of thetop20codewordsthataremostlikely to occurin highwayimages.Notethat

horizontallinesdominatethetop choices.This is to becontrasted,for instance,to the likely codewordsfor

thetall building category. We seethatmostof thetop-choicecodewordsareverticaledgesin thecaseof tall

buildings.The4 indoorcategoriesall tendto havesharphorizontalandverticaledges.This is quiterevealing

of thescenestatisticsfor thesemanmade,indoorstructures.Further, by lookingat thedistributionof boththe

themesandthecodewordsof thesefour indoorcategories,it is not surprisingthat they areeasilyconfused

amongeachother. Fig. 15.3thenshowssometestingimageexamples.

Takingthedistributionsof themesfrom eachcategory, we canfurtherestablishsomerelationshipamong
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thecategoriesby looking at themodeldistancesamongthem(seethedendrogramin Fig. 15.6). Whenthe

distribution of the themesareclose,the categorieswould alsobe closeto eachotheron the dendrogram.

For example,the closestcategoriesarethe 4 indoor environments.Fig. 15.7(a)shows that by sharingthe

resourcesof codewordsandintermediatethemes,thenumberof signi�cant codewordsfor learningmoreand

morenew modelstendsto level off quickly [137].

Fig. 15.8 illustrates3 differentaspectsof the algorithm: performancesversusthe numberof training

examples(a), of themes(b) andof codewordsin thecodebook(c). Table15.1shows how differentfeature

detectionandrepresentationin�uencestheperformance.
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Chapter 16

Summary

We haveproposedaBayesianhierarchicalmodelto learnandrecognizenaturalscenecategories.Themodel

is anadaptationto visionof ideasproposedrecentlyby Blei andcollaborators[12] in thecontext of document

analysis. While previousschemes[94,150]requireadetailedmanualannotationof theimagesin thetraining

database,ourmodelcanlearncharacteristicintermediate“themes”of sceneswith nosupervision,norhuman

intervention,andachievescomparableperformanceto VogelandSchiele(seeTable16.1for details.).

Our model is basedon a principledprobabilisticframework for learningautomaticallythe distribution

of codewordsandthe intermediate-level themes,which might be thoughtto beakin to texturedescriptions.

Intermediate-level descriptionsareshown to be useful[94]; Fig. 15.7(b)shows that indeedthis modelout-

performsthe traditional“texton models”whereonly a �x edcodeword mixing patternis estimatedfor each

categoryof scenes[147]. Oneway to think aboutourmodelis asageneralizationof thethe“textonmodels”

[76,147] for textures,which needsamplesof “pure” texture to be trained. By contrast,our modelmay be

trainedoncompletescenesandinfer theintermediate“themes”from thedata.In thefuture,it is importantto

furtherexplorethis relationshipbetweenthe“themes”to meaningfultexturessuchasthesemanticconcepts

suggestedby [94,150]. In addition,weprovideaframework to shareboththebasiclevel codewordsaswell as

# of categ. training # per
categ.

trainingrequirements perf. (%)

ThemeModel1 13 100 unsupervised 76
[150] 6 � 100 human annotation of 9 semantic

conceptsfor 60; 000patches
77

[94] 8 250� 300 human annotationof 6 properties
for thousandsof scenes

89

Table16.1:Comparisonof ouralgorithmwith othermethods.Theaverageconfusiontableperformancesare
for the4 comparablecategories(forest,mountain,opencountryandcoast)in all methods.We useroughly
1=3 of thenumberof trainingexamplesandnohumansupervisionthan [94]. Fig.15.8(a)indicatesthatgiven
moretrainingexamples,our modelhasthepotentialof achievehigherperformances.
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intermediatelevel themesamongstdifferentscenecategories.Similarly to whatTorralbaandcolleagues[137]

found,thenumberof featuresto belearntincreasessub-linearlyasthenumberof new categoriesincreases.

Wetestedouralgorithmonadiversesetof scenetypes,introducinganumberof new categories(13here,

asopposedto 4+4in [94] and6 in [150]). Thelacklusterperformancesfor theindoorscenessuggestthatour

modelis not complete.At a minimum,we needa richersetof features:by usingdifferentcuesaswell asa

hierarchyof codewords,wemightbeableto 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; : : : ; � 
 g andparameters� = f � 1; : : : ; � 
 g:

D(� j� ) =
�(

P 

! =1 � ! )

Q 

! =1 �( � ! )


Y

! =1

� � ! � 1
! (A.1)

where� 1; : : : ; � 
 � 0 and� 1; : : : ; � 
 > 0 and
P 


! =1 � ! = 1. TheDirichlet distribution is theconjugate
to themultinomialdensity.

A symmetricDirichlet densityhasall the� 's thesamevalue,e.g.,� 0, andthedensityreducesto:

D(� j� 0) =
�(
 � 0)
�( � 0)



Y

! =1

� � 0 � 1
! (A.2)

A.1.2 Normal-Wishart Distrib ution

A Normal-Wishartdensity is the conjugatedensityfor the parametersof a normal distribution. We �rst
conditionon the� :

p(� ; �) = p(� j�) p(�) (A.3)

thenwemodelthe� termwith anormaldensityandthe� termwith aWishart:

p(� j�) = G(� jm ;
1
�

�) (A.4)

wherem; � arehyperparameters.
Technically, since� is a covariancematrix ratherthana precisionmatrix, we actuallyusean inverse-

Wishartdensity:

p(�) = W � 1(� ja; B ) =
1

� d(a=2)j� j(a+ d+1) =2

�
�
�
�
B
2

�
�
�
�

a=2

exp(�
1
2

Tr (� � 1B )) (A.5)

whered is thedimensionalityof � , a; B arehyperparameters,with a beingthenumberof degreesof freedom
in � and:

� d(n=2) = � d(d� 1)=4
dY

i =1

�(( n + 1 � i )=2) (A.6)
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A Wishartdensity(assupposedto aninverse-Wishart)hasthefollowing form:

W(� ja; B ) =
j� j(a+ d+1) =2

�
� B

2

�
�a=2

exp(� 1
2 Tr (� B ))

� d(a=2)
(A.7)

A.1.3 GammaDistrib ution

A Gammadensitywith variablex andparametersb;c is:

�( xjb;c) =
1

�( c)
xc� 1

bc exp
� � x

b

�
(A.8)

wherex � 0 and�( c) is theGammafunction. Themeanof thedensityis bcandthevarianceb2c.

A.1.4 Multi variate Student's T Distrib ution

A d dimensionalStudent's T distribution having the vectorm as the variable,k degreesof freedomand
parametersb; C hastheform:

S(m jk; b; C) =
1

�( 1
2 1; 1

2 (k � d + 1)) jkCj1=2 (1 + (m � b)T (kC) � 1(m � b)) (k+1) =2)
(A.9)

where1 is avectorof ones,of lengthd; C mustbeapositivede�nite matrixandk > d� 1. �() is aDirichlet
function:

�( g; h) =
�( g1) : : : �( gd)�( h)

�(
P

i gi + h)
(A.10)

A.1.5 Kullback-Leibler Distance

Given two p.d.f's p() andq() thatexist over thesamespace,x, theKullback-Leiblerdistancebetweenthe
two distributionsis:

KL (pjjq) =
X

x

p(x) log
p(x)
q(x)

(A.11)

NotethatKL (pjjq) � 0 alwaysholds.

A.1.6 DigammaFunction

TheDigammafunctionis de�ned as:

	 (z) �
d log �( z)

dz
=

� 0(z)
�( z)

(A.12)

A.2 Learning using a conjugatedensityparameter posterior

Recallthemixtureof constellationmodelsfrom Eq. 17 in [34]:

p(X ; Aj � ) =

X

! =1

p(! j� )
jH jX

h=1

p(Xh j� X
! ; � X

! )p(A h j� A
! ; � A

! ) (A.13)

Eachcomponent! hasa mixing coef�cient � ! ; a meanof shapeandappearance� X
! ; � A

! ; anda precision
matrix of shapeandappearance� X

! ; � A
! . The X andA superscriptsdenoteshapeandappearanceterms,

respectively. Collectingall mixturecomponentsandtheir correspondingparameterstogether, we obtainan
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overall parametervector� = f � ; � X ; � A ; � X ; � A g. Assumingwe have now learntthemodeldistribution
p(� jX t ; A t ) from a setof trainingdataXt andA t , we de�ne themodeldistribution in thefollowing way:

p(� jX t ; A t ) = p(� )
Y

!

p(� X
! j� X

! )p(� X
! )p(� A

! j� A
! )p(� A

! ) (A.14)

wherethemixing componentis a symmetricDirichlet: p(� ) = Dir (� ! I 
 ), thedistribution over theshape
precisionsis a Wishart p(� X

! ) = W(� X
! jaX

! ; B X
! ) and the distribution over the shapemeanconditioned

on the precisionmatrix is Normal: p(� X
! j� X

! ) = G(� X
! jm X

! ; � X
! � X

! ). Togetherthe shapedistribution
p(� X

! ; � X
! ) is a Normal-Wishart density [5, 102]. Note f � ! ; a! ; B ! ; m ! ; � ! g are hyper-parametersfor

de�ning their correspondingdistributionsof modelparameters.Identicalexpressionsapply to the appear-
ancecomponentin Eq.A.14.

A.2.1 Variational methods

We�rst review brie�y thevariationalmethodfor modellearning.Wehavesomeintegralwewishto evaluate:
F =

R
� f (� ) d� . We write f (� ) as a function of its parametersandsomehiddenvariables,S: f (� ) =R

S g(� ; S) dS. Applying Jensen's inequalityto giveusa lowerboundon theintegral,weget:

F =
Z

� ;S
g(� ; S) dS d�

� exp
� Z

� ;S
q(� ; S) log

g(� ; S)
q(� ; S)

dS d�
�

provided

Z

� ;S
q(� ; S) dS d� = 1 (A.15)

VariationalBayesmakesthe assumptionthat q(� ; S) is a probability densityfunction that canbe factored
into q� (� )qS (S). We theniteratively optimizeq� andqS usingexpectationmaximization(EM) to maximize
thevalueof thelower boundto theintegral (see[87,102]). If we considerg(� ; S) the“true” p.d.f.,by using
theabovemethod,we areeffectively decreasingtheKullback-Leiblerdistancebetweeng(� ; S) andq(� ; S),
henceobtainingaq(� ; S) thatapproximatesthetruep.d.f.

A.2.2 Variational BayesianEM

Recall that we have a mixture model with 
 components.Collecting all mixture componentsand their
correspondingparameterstogether, we have an overall parametervector � = f � ; � X ; � A ; � X ; � A g. For
n training images,we have fX n

t ; A n
t g with n = 1:::N . In theconstellationmodel,eachimagen hasjH n j

hypotheses,eachoneof which picksout P featuresfrom fX n ; A n g to give fX n
h ; A n

h g. We have two latent
variables,thehypothesish andthemixturecomponent! . Weassumethattheprior onany hypothesisalways
remainsuniform,namely1=jH n j, soit is omittedfrom theupdateequationssinceit is constant.We cannow
expressthelikelihoodof animagen as:

p(X n ; A n j� ) =

X

! =1

j H n jX

h =1

p(! n = ! j� )p(X n
h j� X

! ; � X
! )p(A n

h j� A
! ; � A

! ) (A.16)

wherep(! = ! j� ) = � ! . Boththetermsinvolving X ; A abovehaveaNormalform. Theprior onthemodel
parametershasthesameform asthemodeldistribution in Eq.A.14:

p(� ) = p(� )
Y

!

p(� X
! j� X

! )p(� X
! )p(� A

! j� A
! )p(� A

! ) (A.17)

wherethemixingprior isp(� ) = Dir (� 0I 
 ), andtheshapeprior isaNormal-Wishartdistributionp(� X
! )p(� X

! j� X
! ) =

G(� X
! jm X

0 ; � X
0 � X

! )W(� X
! jaX

0 ; B X
0 ). Identicalexpressionsapplyto theappearancecomponentof Eq.A.17.
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A.2.3 The E-stepof BayesianOne-Shot

The centralideaof BayesianOne-Shotis to approximatethe posteriordistribution p(� ; ! ; h jX ; A) by an
optimalapproximationq(� ; ! ; h) that is factorisableq(� ; ! ; h) = q(� )q(! ; h), where! andh arehidden
variableswhile � is the actualmodelparameter. In the E-stepof BayesianOne-Shot,q(! ; h ) is updated
accordingto:

q(! ; h ) / exp[I (! ; h)] where I (! ; h) = < logp(X t ; A t ; ! ; hj� ) > � (A.18)

andtheexpectationis takenw.r.t. q(� ) [102]. I (! ; h) canbefurtherwrittenas:

I (! ; h) = hlogp(X j! ; h; � )p(Aj ! ; X ; h; � )p(! j� )p(h)i � (A.19)

If wede�ne I (! ; h) for eachimagen, eachmixturecomponent! andeachhypothesish as~
 n
! ;h , theindicator

posterior, we thenhavetheupdaterule:

~
 n
! ;h = ~� ! ~
 ! (X n

h ) � ~
 ! (A n
h ) (A.20)

where:

log(~� ! ) = 	( � ! ) � 	(
X

! 0

� ! 0) (A.21)

~
 ! (X n
h ) = exp

�
�

1
2

(X n
h � m X

! )T ��
X
! (X n

h � m X
! )

�
� (~� X

! )1=2exp
�

� dX

2� X
!

�
(A.22)

log ~� X
! =

dX
X

i =1

	(( aX
! + 1 � i )=2) � log jB X

! j + dX log2 (A.23)

��
X
! = aX

! (B X
! )� 1 (A.24)

where	() is the DigammafunctionanddX is thedimensionalityof X n
h . SuperscriptX indicatesthat the

parametersarerelatedto the shapecomponentof the model. The RHS of the above equationsconsistsof
hyper-parametersfor the parameterposteriors(i.e., � , m , B , � anda). ~
 ! (A n

h ) is computedexactly the
samewayas~
 ! (X n

h ), usingthecorrespondingparametersof theappearancecomponent.We thennormalize
to give:


 n
! ;h =

~
 n
! ;hP

! 0;h 0 ~
 n
! 0;h 0

(A.25)

which is theprobabilitythatcomponent! is responsiblefor hypothesish of then th trainingimage.

A.2.4 The M-step in BayesianOne-Shot

In theM-step,q(� ) is updatedaccordingto:

q(� ) / exp[I (� )]p(� ) where I (� ) = < logp(X t ; A t ; ! ; hj� ) > ! ;h (A.26)

Again, theaboveequationcanbewrittenas:

I (� ) = hlogp(Xt j! ; h ; � )p(A t j! ; Xt ; h; � )p(! j� )p(h)i ! ;h (A.27)

andtheexpectationis takenw.r.t. q(! ; h ).
We show herethe updaterules for the shapecomponents.The equationsareexactly the samefor the
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appearancecomponents.We de�ne thefollowing variables:

�� ! =
1
N

NX

n =1

jH n jX

h=1


 n
! ;h (A.28)

�N ! = N �� ! (A.29)

�� X
! =

1
�N !

NX

n =1

jH n jX

h=1


 n
! ;h X n

h (A.30)

��
X
! =

1
�N !

NX

n =1

jH n jX

h=1


 n
! ;h (X n

h � �� X
! )(X n

h � �� X
! )T (A.31)

Now wearereadyto re-estimatethemodeldistributionp(� jX t ; A t ; O) throughupdatingthehyper-parameters
(f � ! ; a! ; B ! ; m ! ; � ! g) that govern the shapeof the distribution. For the mixing coef�cients we have a
Dirichlet distributionq(� ) = Dir (� ) wherethehyper-parametersareupdatedby:

� ! = �N ! + � 0 (A.32)

For themeans,wehaveq(� X
! j� X

! ) = G(m X
! ; � X

! � X
! ) where:

m X
! =

�N ! �� X
! + � X

0 m X
0

�N ! + � X
0

(A.33)

� X
! = �N ! + � X

0 (A.34)

For thenoiseprecisionmatrix wehaveaWishartdensityq(� X
! ) = W(aX

! ; B X
! ) where:

B X
! =

�N ! � X
0 ( �� X

! � m X
0 )( �� X

! � m X
0 )T

�N0 + � X
0

+ �N !
��

X
! + B X

0 (A.35)

aX
! = �N ! + aX

0 (A.36)

A.3 MAP learning

Having laid out thevariationalBayesianframework for learningandrecognition,we now give the learning
equationsfor theMAP scenario.In Section6 of [34] we will comparetheperformanceof ML [39], MAP
andtheVariationalBayesianapproaches.

In theMAP scenario,theintegral in Eq.6 in [34] canbesimpli�ed as:
Z

p(X ; Aj � ; O)p(� jX t ; A t ; O) d� � p(X ; Aj � MAP; O)

where � MAP = argmax
�

p(Xt ; A t j� ; O)p(� ) (A.37)

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

p(� ) = p(� )
Y

!

p(� X
! j� X

! )p(� X
! )p(� A

! j� A
! )p(� A

! ) (A.38)

where the mixing prior is p(� ) = Dir (� ! ;0I 
 ), and the shapeprior is a Normal-Wishart distribution
p(� X

! j� X
! )p(� X

! ) = G(� X
! jm X

! ;0; � X
! ;0� X

! )W(� X
! jaX

! ;0; B X
! ;0). Identicalexpressionsapply to the appear-

ancecomponentof Eq.A.38.
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A.3.1 ExpectationMaximization (EM) for MAP

The centralideaof EM for MAP is to obtainthe optimal � throughiteratively optimizing the q(� t ; � t � 1)
function,where� containsthesetof parametersf � ; � X ; � A ; � X ; � A g:

q(� t ; � t � 1) =

X

!

logp(! ; X ; A ; � t ) p(! jX ; A ; � t � 1) (A.39)

In theE-step,we calculatetheindicatorfunctionfor eachhypothesish andeachmixturecomponent! :

~
 n
! ;h = � ! ~
 ! (X n

h ) ~
 ! (A n
h )

where ~
 ! (X n
h ) =

1
(2� )d=2j� ! j � 1

exp
�
�

1
2

(X n
h � m X

! ;0)T � � 1
! (X n

h � m X
! ;0)

�
(A.40)

Thesameform of equationappliesto ~
 ! (A n
h ). Finally weobtainthenormalizedindicatorfunction:


 n
! ;h =

~
 n
! ;hP

! 0;h 0 ~
 n
! 0;h 0

(A.41)

In theM-step,wemaximizeq(� t ; � t � 1) overeachof theparametersf � ; � X ; � A ; � X ; � A g. For conve-
nience,weonly show heretheupdaterulesfor themixturecomponentaswell astheshaperelatedparameters.
Appearancerelatedparametershavethesameupdateform astheir shapecounterparts.

� ! =

P N
n =1

P jH n j
h=1 
 n

! ;h + � ! ;0 � 1

N +
P 


! =1 � ! ;0 � 

(A.42)

� X
! =

P N
n =1

P jH n j
h=1 
 n

! ;h X n
h + � X

! ;0m X
! ;0

P N
n =1

P jH n j
h=1 
 n

! ;h + � X
! ;0

(A.43)

� X
! =

P N
n =1

P j H n j
h =1 
 n

! ;h (X n
h � � X

! )(X n
h � � X

! )T + � X
! ;0(� X

! � m X
! ;0)( � X

! � m X
! ;0)T + B X

! ;0
P N

n =1

P j H n j
h =1 
 n

! ;h + � X
! ;0 + aX

! ;0 + dX + 1
(A.44)


