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Abstract

To �nd out how the representationsof structuredvisual objectsdepend
on theco-occurrencestatisticsof their constituents,we exposedsubjects
to asetof compositeimageswith tight controlexertedover(1) thecondi-
tionalprobabilitiesof theconstituentfragments,and(2) thevalueof Bar-
low'scriterionof “suspiciouscoincidence”(theratioof joint probability
to theproductof marginals).We thencomparedthepartveri�cation re-
sponsetimesfor variousprobe/targetcombinationsbeforeandafter the
exposure.For compositeprobes,the speedupwasmuchlarger for tar-
getsthatcontainedpairsof fragmentsperfectlypredictive of eachother,
comparedto thosethat did not. This effect wasmodulatedby the sig-
ni�cance of their co-occurrenceasestimatedby Barlow's criterion. For
lone-fragmentprobes,thespeedupin all conditionswasgenerallylower
thanfor composites.Theseresultsshedlight on thebrain'sstrategiesfor
unsupervisedacquisitionof structuralinformationin vision.

1 Moti vation

How doesthe humanvisual systemdecidefor which objectsit shouldmaintaindistinct
andpersistentinternalrepresentationsof thekind typically postulatedby theoriesof object
recognition?Consider, for example,theimageshown in Figure1, left. This imagecanbe
representedasa monolithichieroglyph,a pair of Chinesecharacters(which we shall refer
to as � and � ), a setof strokes,or, trivially, asa collectionof pixels.Notethatthesecond
optionis only availableto asystempreviouslyexposedto variouscombinationsof Chinese
characters.Indeed,aprincipleddecisionwhetherto representthis imageas

�

����� ,
�

�������

or otherwisecanonly bemadeon thebasisof prior exposureto relatedimages.

Accordingto Barlow's [1] insight,oneusefulprincipleis tallying suspiciouscoincidences:
two candidatefragments� and � shouldbecombinedinto a compositeobject �	� if the
probability of their joint appearance
����
����� is muchhigher than 
�������
������ , which is
theprobabilityexpectedin thecaseof theirstatisticalindependence.Thiscriterionmaybe
comparedto theMinimumDescriptionLength(MDL) principle,whichhasbeenpreviously
discussedin thecontext of objectrepresentation[2, 3]. In asimpli�ed form [4], MDL calls
for representing�	� explicitly asa wholeif 
�������������
�������
������ , just astheprinciple
of suspiciouscoincidencesdoes.



While the Barlow/MDL criterion �

�
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�
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���� � 
�������� certainly indicatesa sus-
picious coincidence,there are additionalprobabilisticconsiderationsthat may be used
in setting the degree of associationbetween � and � . One example is the possi-
ble perfect predictability of � from � and vice versa, as measuredby �����
	 


�

�

�
���

�


������ � � ��
������ ��� � . If �����
	 


��� , then � and � areperfectlypredictive of each
otherandshouldreallybecodedby a singlesymbol,whereastheMDL criterionmaysug-
gestmerelythatsomeassociationbetweentherepresentationof � andthatof � beestab-
lished.In comparison,if � and � arenotperfectlypredictiveof eachother( �����
	 
��

� ),
thereis a caseto be madein favor of coding themseparatelyto allow for a maximally
expressiverepresentation,whereasMDL mayactuallysuggestahighdegreeof association
(if �

�


����
��� �

�

��
�������
���� �����

� ). In this studywe investigatedwhetherthe human
visualsystemusesa criterionbasedon �����
	 
 alongsideMDL while learning(in anun-
supervisedmanner)to representcompositeobjects.

AB

Figure1: Left: how many objectsarecontainedin image��� ? Withoutprior knowledge,a
reasonableanswer, whichembodiesaholisticbias,shouldbe“one” (Gestalteffects,which
would suggesttwo convex “blobs” [5], arebeyond the scopeof the presentdiscussion).
Right: in this setof ten images,��� appears� ve timesasa whole; the other � ve times
a fragmentwholly containedin �	� appearsin isolation. This statisticalfact provides
groundsfor considering��� to becomposite,consistingof two fragments(call theupper
one � andthelowerone � ), because
������ ���

��� , but 
������ � �

���

���

�

� .

To date,psychophysicalexplorationsof thesensitivity of humansubjectsto stimulusstatis-
tics tendedto concentrateonmeans(andsometimesvariances)of thefrequency of various
stimuli (e.g.,[6]. Onerecentandnotableexceptionis thework of Saffran et al. [7], who
showedthatinfants(andadults)candistinguishbetween“words” (stablepairsof syllables
thatrecurin a continuousauditorystimulusstream)andnon-words(syllablesaccidentally
pairedwith eachother, the �rst of which comesfrom one“word” andthesecond– from
thefollowing one).Thus,subjectscansense(andactupon)differencesin transitionproba-
bilities betweensuccessiveauditorystimuli. This �nding hasbeenrecentlyreplicated,with
infantsasyoungas2 months,in thevisualsequencedomain,usingsuccessivepresentation
of simplegeometricshapeswith controlledtransitionprobabilities[8]. Also in thevisual
domain,FiserandAslin [9] presentedsubjectswith geometricalshapesin variousspatial
con�gurations,andfoundeffectsof conditionalprobabilitiesof shapeco-occurrences,in a
taskthatrequiredthesubjectsto decidein eachtrial whichof two simultaneouslypresented
shapeswasmorefamiliar.

The presentstudy wasundertaken to investigatethe relevanceof the variousnotionsof
statisticalindependenceto theunsupervisedlearningof complex visualstimuli by human
subjects. Our experimentalapproachdiffers from that of [9] in several respects.First,
insteadof explicitly judgingshapefamiliarity, our subjectshadto verify thepresenceof a
probeshapeembeddedin atarget.Thisobjectivetask,whichproducesapatternof response
times,is arguablybettersuitedto the investigationof internalrepresentationsinvolvedin
objectrecognitionthansubjective judgment.Second,theestimationof familiarity requires
thesubjectto accessin eachtrial the representationsof all theobjectsseenin theexperi-



ment;in our task,eachtrial involvedjust two objects(theprobeandthetarget),potentially
sharpeningthefocusof theexperimentalapproach.Third, our experimentstestedthepre-
dictionsof two distinctnotionsof stimulusindependence:�����
	 
 , andMDL, or Barlow's
ratio.

2 The psychophysical experiments

In two experiments,wepresentedstimuli composedof characterssuchasthosein Figure1
to nearly 100 subjectsunfamiliar with the Chinesescript. The conditionalprobabilities
of theappearanceof individual characterswerecontrolled.Theexperimentsinvolvedtwo
typesof probeconditions:PTYPE=Fragment , or ��� ���

�

(with ��� �	�

�

asthe
referencecondition),andPTYPE=Composite , or �	��� ���

�

(with ����� �	�

�

as
reference).In thisnotation(seeFigure2, left), � and � are“f amiliar” fragmentswith con-
trolledminimumconditionalprobability �����
	 
 , and � �	� �

�

arenovel (low-probability)
fragments.

Eachof thetwo experimentsconsistedof a baselinephase,followedby trainingexposure
(unsupervisedlearning),followedin turnby thetestphase(Figure2, right). In thebaseline
andtestphases,thesubjectshadto indicatewhetheror not theprobewascontainedin the
target(ataskpreviouslyusedby Palmer[5]). In theinterveningtrainingphase,thesubjects
merelywatchedthecharactertripletspresentedon thescreen;to ensuretheir attention,the
subjectswereaskedto notetheorderin which thecharactersappeared.
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Figure2: Left: illustrationof theprobeandtargetcompositionfor thetwo levelsof PTYPE
(Fragment andComposite ). For convenience,thevariouscategoriesof charactersthat
appearedin theexperimentareannotatedhereby Latin letters: � , � standfor characters
with controlled�����
	 


�

�
���

�


������ � � ��
������ ��� � , and � �	� �

�

standfor charactersthat
appearedonly oncethroughoutanexperiment.In experiment1, the trainingsetwascon-
structedwith �����
	 


� �

��� for somepairs,and �����
	 


��� for others;in experiment2,
Barlow's suspiciouscoincidenceratio � wasalsocontrolled.Right top: thestructureof a
partveri�cation trial (samefor baselineandtestphases).Theprobestimuluswasfollowed
by the target (eachpresentedfor �

�

�

��
 ; a maskwasshown beforeandafter the target).
The subjecthadto indicatewhetheror not the former wascontainedin the latter (in this
example,the correctansweris yes). A sequenceconsistingof 64 trials like this onewas
presentedtwice: beforetraining(baselinephase)andafter training(testphase).For “pos-
itive” trials (i.e.,probecontainedin target),we lookedat theSPEEDUP following training,
de�ned as ��

������
���� ����� ������

������
���� ; negative trials werediscarded.Right bottom: the
structureof a trainingtrial (thetrainingphase,placedbetweenbaselineandtest,consisted
of 80 suchtrials). Thethreecomponentsof thestimulusappearedoneby onefor �

�

�

� 


to make surethatthesubjectattendedto each,thentogetherfor !

� �

��
 . Thesubjectwas
requiredto notewhetherthesequenceunfoldedin a clockwiseor counterclockwiseorder.



Thelogic behindthepsychophysicalexperimentsrestedon two premises.First, we knew
from earlierwork [5] thata probeis detectedfasterif it is representedmonolithically(that
is, consideredto bea good“object” in theGestaltsense).Second,we hypothesizedthata
compositestimuluswouldbetreatedasamonolithicobjectto theextentthatits constituent
charactersarepredictablefrom eachother, asmeasuredby a high conditionalprobability,

�����
	 
 , and/orby a high suspiciouscoincidenceratio, � . Themainpredictionfollowing
from thesepremisesis thattheSPEEDUP (thedifferencein responsetimebetweenbaseline
andtestphases)for acompositeprobeshouldre�ect themutualpredictabilityof theprobe's
constituentsin the training set. Thus,our hypothesis— that statisticsof co-occurrence
determinetheconstituentsin termsof which structured objectsare represented— would
be supportedif the SPEEDUP turns out to be larger for thosecompositeprobeswhose
constituentstendto appeartogetherin thetrainingset.Theexperiments,therefore,hinged
on a comparisonof the patternsof responsetimes in the “positive” trials (in which the
probeactuallyis embeddedin thetarget;seeFigure2, left) beforeandafterexposureto the
trainingset.
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Figure3: Left: unsupervisedlearningof statisticallyde�ned structureby humansubjects,
experiment1 ( �

� ��� ). ThedependentvariableSPEED-UP is de�ned asthedifferencein
��
 betweenbaselineandtestphases(least-squaresestimatesof meansandstandarderrors,
computedby theLSMEANS optionof SASprocedureMIXED [10]). The SPEED-UP for
compositeprobes(solid line) with �����
	 


� � exceededthat in theotherconditionsby
about �

�

�

��
 . Right: theresultsof a simulationof experiment1 by a modelderivedfrom
the onedescribedin [4]. The modelwasexposedto the same80 training imagesasthe
humansubjects.Thedifferenceof reconstructionerrorsfor probeandtargetservedasthe
analogof RT; baselinemeasurementswereconductedonhalf-trainednetworks.

2.1 Experiment 1

Fourteensubjects,noneof themfamiliar with theChinesewriting system,participatedin
this experimentin exchangefor coursecredit. Among the stimuli, two characters�����

couldbepaired, in whichcasewehad 
������ ���

�


������ ���

��� . Alternatively, ����� could
beunpaired, with 
������ ���

� � , 
������ � �

���

��� (in thisexperiment,weheldthesuspicious
coincidenceratio �

�


����
��� �

�

��
�������
���� ��� constantat �����

� ��� ). For thepaired �����

the minimum conditionalprobability �����
	 


�

��� �

�


������ ��� ��
������ � � �

� � andthe
two characterswereperfectlypredictablefrom eachother, whereasfor theunpaired �����

�����
	 


� �

� � , andthey werenot. In thelattercase�	� probablyshouldnotberepresented
asa whole.



As expected,we found the value of SPEED-UP to be strikingly different for composite
probeswith �����
	 


� � ( �

� �

� 
 ) comparedto theotherthreeconditions(about �

�

�

��
 );
seeFigure3, left. A mixed-effectsrepeatedmeasuresanalysisof variance(SASprocedure
MIXED [10]) for SPEED-UP revealeda marginal effect of PTYPE ( ���

�

�

�

�

�

�

� �

�

�

��� �

�

�

�

! ) anda signi�cant interactionPTYPE � �����
	 
 interaction( ���

�

�

�

�

�

�

� �

! � �����

�

�

�

� ).

This behavior conformsto thepredictionsof the �����
	 
 principle: SPEEDUP wasgener-
ally higherfor compositeprobes,anddisproportionatelyhigherfor compositeprobeswith

�����
	 


��� . Thesubjectsin experiment1 provedto besensitive to the �����
	 
 measure
of independencein learningto associateobject fragmentstogether. Note that the suspi-
ciouscoincidenceratio wasthesamein bothcases,� �


����
�����

�

��
�������
�������� � �

� ��� .
Thus,thevisualsystemis sensitiveto �����
	 
 overandabovethe(constant-valued)MDL-
relatedcriterion,accordingto which thepropensityto form auni�ed representationof two
fragments,� and � , shouldbedeterminedby � [1, 4].
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Figure4: Humansubjects,experiment2 ( �

�

�

� ). Theeffectof �����
	 
 foundin experi-
ment1 wasmodulatedin acomplicatedfashionby theeffectof thesuspiciouscoincidence
ratio � (seetext for discussion).

2.2 Experiment 2

In thesecondexperiment,we studiedtheeffectsof varyingboth � and �����
	 
 together.
Becausethesetwo quantitiesarerelated(throughtheBayestheorem),they cannotbema-
nipulatedindependently. To accommodatethis constraint,somesubjectssaw two setsof
stimuli, with �����
	 


� �

���

� �

�

�

� ��� andwith �����
	 


� �

� �

� �

�

�

� , in the �rst ses-



sionandothertwo sets,with �����
	 


� �

���

� �

� �

�

�

� andwith �����
	 


� �

� �

�

�

� ��� ,
in the secondsession;for othersubjects,the complementarycombinationswereusedin
eachsession.Eighty onesubjectsunfamiliar with the Chinesescript participatedin this
experimentfor coursecredit.

Theresults(Figure4) showedthatSPEEDUP wasconsistentlyhigherfor compositeprobes.
Thus,theassociationbetweenprobeconstituentswasstrengthenedby training in eachof
the four conditions. SPEEDUP wasalsogenerallyhigher for the high suspiciouscoinci-
denceratio case, �

�

�

� ��� , and disproportionatelyhigher for compositeprobesin the
�����
	 


� � , �

� �

�

�

� case,indicating a complicatedsynergy betweenthe two mea-
suresof dependence,�����
	 
 and � . A mixed-effectsrepeatedmeasuresanalysisof vari-
ance(SAS procedureMIXED [10]) for SPEED-UP revealedsigni�cant main effects of
PTYPE ( ���

�

� ! � �

�

�

� ���

��� �

�

�

� ��� ) and � ( ���

�

� ! � �

� �

�

� �

��� �

�

�

� � ), as well as
two signi�cant two-way interactions,� � �����
	 
 ( ���

�

�

� �

�

�

� �

�

�

� �

�

�

�

� ) and � �

PTYPE ( ���

�

� !

�

�

�

� �

�

� ��� �

�

�

�

� ). Therewasalsoa marginal three-way interaction,
� �������
	 
 � PTYPE ( ���

�

�

� �

�

�

� �

���

�����

�

�

�

� ).

The�ndings of thesetwo psychophysicalexperimentscanbesummarizedasfollows: (1)
an individual complex visual shape(a Chinesecharacter)is detectedfasterthana com-
positestimulus(a pair of suchcharacters)whenembeddedin a 3-characterscene,but this
advantageis narrowedwith practice;(2) a compositeattainsan“objecthood”statusto the
extentthat its constituentsarepredictablefrom eachother, asmeasuredeitherby thecon-
ditionalprobability, �����
	 
 , or by thesuspiciouscoincidenceratio, � ; (3) for composites,
thestrongestboosttowardsobjecthood(measuredby responsespeedupfollowing unsuper-
visedlearning)is obtainedwhen �����
	 
 is highand � is low, or viceversa.Thenatureof
this latterinteractionis unclear, andneedsfurtherstudy.

3 An unsupervisedlearning modeland a simulatedexperiment

The ability of our subjectsto constructrepresentationsthat 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 observation:anauto-associationnetwork fedwith a sequenceof compositeimages
in whichsomefragment/locationcombinationsaremorelikely thanothersdevelopsanon-
uniform spatialdistribution of reconstructionerrors.Speci�cally, smallererrorsappearin
thoselocationswherethe imagefragmentsrecur. This informationcanbeusedto form a
spatialreceptive �eld for thelearningmodule,while thereconstructionerrorcansignalits
relevanceto thecurrentinput [11, 12].

In thesimpli�ed pilot model,thespatialreceptive �eld (labeledin Figure5, left, as“rele-
vancemask”)consistsof four weights,oneperquadrant:��� , �	�

�

�

�

�

�

�

�

�

� . During the
unsupervisedtraining, the weightsareupdatedby setting �


���


�

�

�




�

�

�

���

���

�������

�����

� ,
where ��� is the reconstructionerror in trial � , and � and � are learningconstants.In a
simulationof experiment1, a separatemodulewith its own four-weight “receptive �eld”
wastrainedfor eachof thecompositestimuli shown to thehumansubjects.1 TheEuclidean
distancebetweenprobeandtargetrepresentationsat theoutputof themodelservedasthe
analogof responsetime,allowing usto comparethemodel'sperformancewith thatof the
humans.Wefoundthesamedifferentialeffectsof �����
	 
 for Fragment andCompos-
ite probesin the realandsimulatedexperiments;compareFigure3, left (humans)with
Figure3, right (model).

1The full-�edged model,currentlyunderdevelopment,will have a more�e xible receptive �eld
structure,andwill incorporatecompetitive learningamongthemodules.
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Figure5: Left: the functionalarchitectureof a fragmentmodule.Themoduleconsistsof
two adaptive components:a reconstructionnetwork, anda relevancemask,which assigns
differentweightsto differentinput pixels. Themaskmodulatestheinput multiplicatively,
determiningthemodule's receptive �eld. Givena sequenceof images,severalsuchmod-
ulesworkingin parallellearnto representdifferentcategoriesof spatiallylocalizedpatterns
(fragments)that recurin thoseimages.The reconstructionerror servesasan estimateof
themodule'sability to dealwith theinput ([11, 12]; in theerrorimage,shown on theright,
white correspondsto high values). Right: the Chorusof Fragments(CoF) is a bankof
suchfragmentmodules,eachtunedto aparticularshapecategory, appearingin aparticular
location[13, 4].

4 Discussion

Humansubjectshave beenpreviously shown to beableto acquire,throughunsupervised
learning,sensitivity to transitionprobabilitiesbetweensyllablesof nonsensewords[7] and
betweendigits [14], andto co-occurrencestatisticsof simplegeometrical�gures [9]. Our
resultsdemonstratethatsubjectscanalsolearn(presumablywithoutawareness;cf. [14]) to
treatcombinationsof complex visualpatternsdifferentially, dependingon theconditional
probabilitiesof thevariouscombinations,accumulatedduringashortunsupervisedtraining
session.

In our �rst experiment,the criterion of suspiciouscoincidencebetweenthe occurrences
of � and � wasmetin both 
������ � �

���

��� and 
������ ���

��� conditions:in eachcase,we
had�

�


�������� �

�

��
���� � 
���� ���

�

�

� � � . Yet,thesubjects'behavior indicatedasigni�cant
holistic bias: the representationthey form tendsto be monolithic ( �	� ), unlessimperfect
mutualpredictabilityof thepotentialfragments( � and � ) providessupportfor represent-
ing themseparately. We note that a similar holistic bias,operatingin a settingwherea
singleencounterwith a stimuluscanmake a difference,is found in languageacquisition:
aninfantfacedwith anunfamiliarwordwill assumeit refersto theentireshapeof themost
salientobject [15]. In our secondexperiment,both the conditionalprobabilitiesassuch,
andthesuspiciouscoincidenceratio � werefoundto have thepredictedeffects,yet these
two factorsinteractedin acomplicatedmanner, which requiresa furtherinvestigation.



Ourcurrentresearchfocuseson(1) theelucidationof themannerin whichsubjectsprocess
statisticallystructureddata,(2) thedevelopmentof themodelof structurelearningoutlined
in theprecedingsection,and(3) anexplorationof theimplicationsof thisbodyof work for
wider issuesin vision,suchasthecomputationalphenomenologyof sceneperception[16].
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