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Abstract

To nd outhow the representationsf structuredvisual objectsdepend
ontheco-occurrencstatisticsof their constituentsye exposedsubjects
to asetof compositdmageswith tight controlexertedover (1) thecondi-

tional probabilitiesof the constituenfragmentsand(2) thevalueof Bar-

low's criterionof “suspiciouscoincidence’(theratio of joint probability
to the productof maminals). We thencomparedhe partveri cation re-

sponsdimesfor variousprobe/tagetcombinationsheforeandafterthe

exposure. For compositeprobes,the speedupvas much larger for tar-

getsthatcontainedpairsof fragmentgperfectlypredictive of eachother,

comparedo thosethat did not. This effect was modulatedby the sig-

ni cance of their co-occurrencasestimatedy Barlow's criterion. For

lone-fragmenprobesthe speedupn all conditionswasgenerallylower

thanfor compositesTheseresultsshedlight onthebrain's strateyiesfor

unsuperviseacquisitionof structuralinformationin vision.

1 Motivation

How doesthe humanvisual systemdecidefor which objectsit shouldmaintaindistinct
andpersistentnternalrepresentationsf thekind typically postulatedy theoriesof object
recognition?Consideyfor example,theimageshavn in Figurel, left. Thisimagecanbe
representedsa monolithic hieroglyph,a pair of Chinesecharactergwhich we shallrefer
toas and ), asetof strokes,or, trivially, asa collectionof pixels. Notethatthe second
optionis only availableto a systempreviously exposedo variouscombination®f Chinese
charactersindeedaprincipleddecisionwhetherto representhisimageas ,

or otherwisecanonly be madeon the basisof prior exposureto relatedimages.

Accordingto Barlow's[1] insight,oneusefulprincipleis tallying suspiciousoincidences
two candidatdfragments and shouldbe combinedinto a compositeobject if the
probability of their joint appearance is muchhigherthan , whichis
the probabilityexpectedn the caseof their statisticalindependencerlhis criterionmaybe
comparedo theMinimum DescriptionLength(MDL) principle,which hasbeenpreviously
discussedh the context of objectrepresentatiof, 3]. In asimpli ed form [4], MDL calls
for representing  explicitly asawholeif , justasthe principle
of suspiciouscoincidencesloes.



While the Barlon/MDL criterion certainlyindicatesa sus-
picious coincidence there are additional probabilistic considerationghat may be used

in setting the degree of associationbetween and . One exampleis the possi-
ble perfect predictability of  from  and vice versa, as measuredby
If ,then and areperfectlypredictive of each

otherandshouldreally be codedby asmglesymbol whereaghe MDL criterionmay sug-
gestmerelythatsomeassociatiorbetweertherepresentationf andthatof beestab-
lished.In comparisonif and arenotperfectlypredictive of eachother( ),
thereis a caseto be madein favor of codingthem separatelyto allow for a maximally
expressverepresentationyhereasviDL mayactuallysuggest high degreeof association
(if ). In this studywe investigatedvhetherthe human
visual systemusesa criterionbasedon alongsideMDL while learning(in anun-
supervisednanner}o representompositeobjects.

il B Ao ek K4

Figurel: Left: how mary objectsarecontainedn image  ? Withoutprior knowledge a

reasonablanswerwhich embodies holistic bias,shouldbe“one” (Gestalteffects,which

would suggestwo corvex “blobs” [5], are beyond the scopeof the presentdiscussion).
Right: in this setof tenimages, appears ve timesasa whole; the other ve times
a fragmentwholly containedin appearsn isolation. This statisticalfact provides
groundsfor considering  to be composite consistingof two fragmentgcall the upper
one andthelowerone ), because , but

To date,psychophysicagxplorationsof thesensitvity of humansubjectdo stimulusstatis-
ticstendedo concentrat®n meangandsometimewariancespf thefrequeng of various
stimuli (e.g.,[6]. Onerecentandnotableexceptionis the work of Safran etal. [7], who
shavedthatinfants(andadults)candistinguishbetweer'words” (stablepairsof syllables
thatrecurin a continuousauditorystimulusstream)andnon-words(syllablesaccidentally
pairedwith eachother, the rst of which comesfrom one“word” andthe second- from
thefollowing one). Thus,subjectansensdandactupon)differencesn transitionproba-
bilities betweersuccessie auditorystimuli. This nding hasbeenrecentlyreplicatedwith
infantsasyoungas2 months,in thevisualsequencelomain,usingsuccessie presentation
of simplegeometricshapesvith controlledtransitionprobabilities[8]. Also in the visual
domain,Fiserand Aslin [9] presentedubjectswith geometricashapesn variousspatial
con gurations,andfoundeffectsof conditionalprobabilitiesof shapeco-occurrencesn a
taskthatrequiredthesubjectgo decidein eachtrial which of two simultaneouslypresented
shapesvasmorefamiliar.

The presentstudy was undertalen to investigatethe relevanceof the variousnotions of
statisticalindependencéo the unsupervisedearningof complex visual stimuli by human
subjects. Our experimentalapproachdiffers from that of [9] in several respects.First,
insteadof explicitly judgingshapeamiliarity, our subjectshadto verify the presencef a
probeshapeembeddedh atarget. This objectivetask,which produces patternof response
times, is arguablybettersuitedto the investigationof internalrepresentationmvolvedin
objectrecognitionthansubjectve judgment.Secondthe estimationof familiarity requires
the subjectto accessn eachtrial the representationef all the objectsseenin the experi-



ment;in ourtask,eachtrial involvedjusttwo objects(the probeandthetarget), potentially
sharpeninghe focusof the experimentalapproach Third, our experimentgestedthe pre-
dictionsof two distinctnotionsof stimulusindependence: ,andMDL, or Barlow's
ratio.

2 The psychoptysical experiments

In two experimentswe presentedtimuli composeaf charactersuchasthosein Figurel
to nearly 100 subjectsunfamiliar with the Chinesescript. The conditional probabilities
of theappearancef individual charactersverecontrolled. The experimentsnvolvedtwo

typesof probeconditions: PTyPE=Fragment , or (with asthe
referencecondition),and PTy PE=Composite , or (with as
reference)ln thisnotation(seeFigure2, left), and are“familiar” fragmentswith con-
trolled minimum conditionalprobability ,and arenovel (low-probability)
fragments.

Eachof the two experimentsconsistedf a baselingphasefollowed by training exposure
(unsupervisetearning),followedin turn by thetestphasgFigure2, right). In thebaseline
andtestphasesthe subjectshadto indicatewhetheror notthe probewascontainedn the
target(ataskpreviously usedby Palmer[5]). In theinterveningtrainingphasethesubjects
merelywatchedhe charactetriplets presente@n the screento ensuretheir attention the
subjectsvereaslkedto notethe orderin which the charactersippeared.
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Figure2: Left: illustrationof the probeandtargetcompositionfor thetwo levelsof PTY PE
(Fragment andComposite ). For corveniencethevariouscateyoriesof charactershat
appearedn the experimentareannotatechereby Latin letters: ,  standfor characters
with controlled ,and standfor charactershat
appeareanly oncethroughoutan experiment.In experimentl, thetraining setwascon-
structedwith for somepairs,and for others;in experiment2,
Barlow's suspiciouscoincidenceatio  wasalsocontrolled. Righttop: the structureof a
partveri cation trial (samefor baselineandtestphases)Theprobestimuluswasfollowed
by the target (eachpresentedor ; amaskwasshowvn beforeandafterthe target).
The subjecthadto indicatewhetheror not the formerwas containedn the latter (in this
example,the correctansweris yeg. A sequence&onsistingof 64 trials like this onewas
presentedwice: beforetraining (baselingphase)andaftertraining (testphase).For “pos-
itive” trials (i.e., probecontainedn target), we lookedat the SPEEDUP following training,
de ned as ; negative trials werediscarded.Right bottom: the
structureof atrainingtrial (thetraining phase placedbetweerbaselineandtest,consisted
of 80 suchtrials). Thethreecomponent®f the stimulusappeareaneby onefor

to malke surethatthe subjectattendedo each thentogetherfor . The subjectwas
requiredto notewhetherthe sequencenfoldedin a clockwiseor counterclockwis@rdet



Thelogic behindthe psychophysicagéxperimentsrestedon two premises.First, we knew
from earlierwork [5] thata probeis detectedasterif it is representedhonolithically (that
is, consideredo bea good“object” in the Gestaltsense) Secondwe hypothesizedhata
compositestimuluswould betreatedasa monolithicobjectto theextentthatits constituent
charactersrepredictablefrom eachother asmeasuredy a high conditionalprobability,

, and/orby a high suspiciouscoincidenceatio, . Themain predictionfollowing
from thesepremisess thatthe SPEEDUP (thedifferencean responséime betweerbaseline
andtestphasesjor acompositgrobeshouldre ect themutualpredictabilityof the probes
constituentsn the training set. Thus, our hypothesis— that statisticsof co-occurence
determinethe constituentsn termsof which structued objectsare represented— would
be supportedif the SPEEDUP turns out to be larger for thosecompositeprobeswhose
constituentsendto appeatogethelin thetraining set. The experimentstherefore hinged
on a comparisonof the patternsof responsdimesin the “positive” trials (in which the
probeactuallyis embeddedh thetarget;seeFigure?2, left) beforeandafterexposureto the
trainingset.
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Figure3: Left: unsupervisedearningof statisticallyde ned structureby humansubjects,
experimentl ( ). Thedependenvariable SPEED-UP is de ned asthe differencein

betweerbaselineandtestphasegleast-squaresstimate®f meansandstandarcerrors,
computedby the LSMEANS optionof SAS procedureMIXED [10]). The SPEED-UP for
compositeprobes(solid line) with exceededhatin the otherconditionsby
about . Right: theresultsof a simulationof experimentl by a modelderivedfrom
the onedescribedn [4]. The modelwas exposedto the same80 training imagesasthe
humansubjects.The differenceof reconstructiorerrorsfor probeandtargetsenedasthe
analogof RT; baselinemeasurementsereconductedn half-trainednetworks.

2.1 Experiment 1

Fourteensubjectsnoneof themfamiliar with the Chinesewriting system participatedn
this experimentin exchangefor coursecredit. Among the stimuli, two characters

couldbepaired, in which casewe had . Alternatively, could
beunpaired, with , (in this experimentwe heldthesuspicious
coincidenceatio constantat ). For the paired

the minimum conditionalprobability andthe

two charactersvereperfectly predictablefrom eachother whereador the unpaired
, andthey werenot. Inthelattercase  probablyshouldnotberepresented
asawhole.



As expected,we found the value of SPEED-UP to be strikingly differentfor composite
probeswith ( ) comparedo theotherthreeconditiong(about );
seeFigure3, left. A mixed-efectsrepeatedneasuresnalysisof variance(SAS procedure
MIXED [10]) for SPEED-UP revealeda maminal effect of PTYPE (

) anda signi cant interactionPTYPE interaction(

).

This behaior conformsto the predictionsof the principle: SPEEDUP wasgener
ally higherfor compositgprobesanddisproportionatelhhigherfor compositeprobeswith

. Thesubjectdn experimentl provedto be sensitve to the measure
of independencén learningto associatebjectfragmentstogether Note that the suspi-
ciouscoincidenceatio wasthe samein both cases, .
Thus,thevisualsystems sensitve to overandabovethe(constant-alued)MDL-
relatedcriterion,accordingio which the propensityto form auni ed representationf two
fragments, and , shouldbedeterminedy [1,4].
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Figure4: Humansubjectsexperiment? ( ). Theeffect of foundin experi-

ment1 wasmodulatedn a complicatedashionby the effect of the suspiciousoincidence
ratio (seetext for discussion).

2.2 Experiment 2

In the secondexperiment,we studiedthe effectsof varyingboth and together
Becausdhesetwo quantitiesarerelated(throughthe Bayestheorem) they cannotbe ma-
nipulatedindependently To accommodaté¢his constraint,somesubjectssav two setsof

stimuli, with andwith ,in the rst ses-



sionandothertwo sets with andwith ,
in the secondsession;for other subjectsthe complementarcombinationsvere usedin
eachsession.Eighty one subjectsunfamiliar with the Chinesescript participatedin this
experimentfor coursecredit.

Theresults(Figure4) shovedthat SPEEDUP wasconsistentlyhigherfor compositeprobes.
Thus,the associatiorbetweenprobeconstituentsvas strengthenedby training in eachof
the four conditions. SPEEDUP was also generallyhigher for the high suspiciouscoinci-

denceratio case, , and disproportionatelyhigher for compositeprobesin the
, case,indicating a complicatedsynegy betweenthe two mea-

suresof dependence, and . A mixed-efectsrepeatedneasureanalysisof vari-

ance(SAS procedureMIXED [10]) for SPEED-UP revealedsigni cant main effects of

PTYPE ( )and ( ), aswell as

two signi cant two-way interactions, ( ) and

PTYPE ( ). Therewasalsoa maminal three-vay interaction,
PTYPE (

The ndings of thesetwo psychophysicaéxperimentscanbe summarizedasfollows: (1)
anindividual comple visual shape(a Chinesecharacter)s detectedfasterthana com-
positestimulus(a pair of suchcharactersyjvhenembeddedn a 3-charactesceneput this
adwantagds narravedwith practice;(2) a compositeattainsan “objecthood”statusto the
extentthatits constituentarepredictablefrom eachother asmeasureeitherby the con-
ditional probability, , or by thesuspiciousoincidenceatio, ; (3) for composites,
thestrongesboosttowardsobjecthoodmeasuredyy responsespeedugollowing unsuper
visedlearning)is obtainedwvhen is highand is low, or vice versa.The natureof
this latterinteractionis unclear andneed<urtherstudy

3 An unsuperisedlearning model and a simulated experiment

The ability of our subjectsto constructrepresentationthat re ect the probability of co-
occurrenceof complex shapeshasbeenreplicatedby a pilot versionof an unsupervised
learningmodel, derived from the work of [4]. The model(Figure5) is basedon the fol-
lowing obsenation: anauto-associationetwork fed with a sequencef compositémages
in which somefragment/locatiorombinationsaremorelik ely thanothersdevelopsanon-
uniform spatialdistribution of reconstructiorerrors. Speci cally, smallererrorsappeaiin
thoselocationswherethe imagefragmentsrecur This informationcanbe usedto form a
spatialreceptie eld for thelearningmodule,while thereconstructiorerror cansignalits
relevanceto thecurrentinput[11, 12].

In the simpli ed pilot model,the spatialreceptve eld (labeledin Figure5, left, as“rele-
vancemask”) consistsof four weights,oneperquadrant: . During the
unsupervisedraining, the weightsare updatedby setting ,
where is the reconstructiorerrorin trial , and and arelearningconstants.ln a
simulationof experimentl, a separatenodulewith its own four-weight “receptive eld”
wastrainedfor eachof thecompositestimuli shavn to thehumansubjectst TheEuclidean
distancebetweerprobeandtargetrepresentationat the outputof the modelsenedasthe
analogof responsdime, allowing usto comparehe model's performancewith thatof the
humansWe foundthe samedifferentialeffectsof for Fragment andCompos-
ite probesin the real and simulatedexperiments,compareFigure 3, left (humans)with
Figure3, right (model).

The full- edged model, currentlyunderdevelopmentwill have a more e xible receptie eld
structure andwill incorporatecompetitive learningamongthemodules.
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Figure5: Left: thefunctionalarchitectureof a fragmentmodule. The moduleconsistsof
two adaptve componentsa reconstructiometwork, anda relevancemask,which assigns
differentweightsto differentinput pixels. The maskmodulateghe input multiplicatively,
determiningthe modules receptve eld. Givena sequenc®f images seseralsuchmod-
ulesworkingin parallellearnto representlifferentcateyoriesof spatiallylocalizedpatterns
(fragments)hatrecurin thoseimages. The reconstructiorerror senesasan estimateof
themodules ability to dealwith theinput ([11, 12]; in theerrorimage,shovn ontheright,
white corresponddo high values). Right: the Chorusof FragmentqCoF) is a bank of
suchfragmentmodulesgachtunedto a particularshapecateyory, appearingn a particular
location[13, 4].

4 Discussion

Humansubjectshave beenpreviously shovn to be ableto acquire,throughunsupervised
learning,sensitvity to transitionprobabilitiesbetweersyllablesof nonsensevords[7] and
betweerdigits [14], andto co-occurrencetatisticsof simplegeometricalgures [9]. Our
resultsdemonstrat¢éhatsubjectanalsolearn(presumablyithoutawarenessgf. [14]) to
treatcombinationsof comple visual patternddifferentially, dependingon the conditional
probabilitiesof thevariouscombinationsaccumulatediuringashortunsupervisetraining
session.

In our rst experiment,the criterion of suspiciouscoincidencebetweenthe occurrences
of and wasmetin both and conditions:in eachcasewe
had . Yet, thesubjectshehaior indicatedasigni cant
holistic bias: the representatiothey form tendsto be monolithic( ), unlessimperfect
mutualpredictabilityof the potentialfragmenty and ) providessupportfor represent-
ing them separately We notethat a similar holistic bias, operatingin a settingwherea
singleencountemwith a stimuluscanmake a difference;is foundin languageacquisition:
aninfantfacedwith anunfamiliarword will assumat refersto theentire shapeof the most
salientobject[15]. In our secondexperiment,both the conditionalprobabilitiesas such,
andthe suspiciouscoincidenceatio werefoundto have the predictedeffects,yet these
two factorsinteractedn a complicatednanneywhich requiresa furtherinvestigation.



Ourcurrentresearchiocusesn (1) theelucidationof themanneiin which subjectgprocess
statisticallystructureddata,(2) the developmenbof themodelof structurdearningoutlined
in the precedingsection and(3) anexplorationof theimplicationsof this bodyof work for
widerissuesn vision, suchasthe computationaphenomenologpf sceneperceptior{16].
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