
Supporting Text

Methods

Bayesianchunk learner (BCL)

Prior distrib utions An inventory I was deÞnedas the set of chunks,and for eachchunk the shapesit

inßuenced(referredto aslinks). Theprior probabilityof aninventory(usedfor computingtheposteriorover

inventoriesin Eq. 7, andalsousedin Eq. 8) dependedon thenumberof chunksH andthe total numberof

links L :

P(I ) = P(H ) P(L |H ) (S1)

The prior distribution of the parametersof an inventory! I (usedin Eqs.6 and8) includedappearance

probabilityparametersW =
!

wij , wx i , wyj

"
, andspatialpositionparametersC =

!
cij , cx i , cyj , " ij , " x i , " yj

"
:

P(! I |I ) = P(W |I ) P(C|I ) (S2)

Theprior distributionof appearanceprobabilityparametersW hadasimplefactorizedform

P(W |I ) =
#

i

P(wx i )
#

j

P
$
wyj

% #

j ,i ! par I ( j )

P(wij ) (S3)

whereparI (j ) is thesetof chunksthatinßuence(have links to) shapej accordingto inventoryI .

Theprior distributionof spatialpositionparametershadasimilar factorizedform:

P(C|I ) =
#

i

P(cx i ) P(" x i )
#

j

P
$
cyj

%
P

$
" yj

% #

j ,i ! par I ( j )

P(cij ) P(" ij ) (S4)

Table2 shows thespeciÞcdistributionsusedin Eqs.S1-S4.

Sampling the posterior Computingthe predictive probability of a testsceneP(T) (Eq. 8) requiredinte-

grationover the joint posteriordistribution of inventoriesandparameters." This integral wasanalytically

intractableandwasthusapproximatedby a Monte Carlo integral by summingover samplesfrom the pos-

terior distribution. In orderto ensurefair sampling, a reversible-jumpMarkov-chainMonteCarlo(MCMC)

sampler(1) wasconstructed,which wassuitablefor samplingsub-spacesof differentdimensionality, com-

bined with an extendedensembleapproach(2), in which Markov-chainswere run in parallel at different

ÔtemperaturesÕfor bettermixing. Theintegralswereapproximatedby sumsover 500, 000 samplescollected

after having discardedthe Þrst500, 000 samplesto ensurethat the Markov-chainhadalreadyattainedits

stationarydistribution.

! Equation8 formally assumesthatparticipantsdonotselectasingleinventory, but ratherkeeptrackof theposteriorprobabilitiesof
all possibleinventories(Eq.7) andintegrateover this distribution to computethefamiliarity (predictive probability)of a scene(model
averaging). Another, computationallylessextensivealternativewouldbeto concentrateonasingleinventory, theonewith themaximum
aposteriori(MAP) probability öI MAP = argmaxI P(I |D ), or theonewith maximalmarginal likelihoodöI ML = argmaxI P(D |I ) (model
selection). We appliedthe model averagingvariant becausethat gives strictly optimal performance.However, this issuehad little
practicalrelevancein our simulationsbecausetheposteriorover inventorieswasoverwhelminglydominatedby themarginal likelihood
of asingleinventory, in whichcasetheseapproachesyield identicalresults(seealsoSupportingText, andFigs.7-9).
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In eachiterationof theMCMC samplerthelikelihoodof aninventoryneededto becomputedthatrequired

computinga sumover x andanintegral over u for eachscene(Eqs.4-5). Thesumover x wascomputedby

extensively sweepingthroughall possible2H conÞgurationsof x, whereH is thenumberof chunksin the

inventory. Theintegral over u wascalculatedanalytically, for eachconÞgurationof x, by makinguseof the

fact that the joint distribution of u andv wasGaussianconditionedon x andy dueto the modelassuming

a productsof Gaussiansform for the processgeneratingspatialpositions(Eqs.2-3). This ensuredthat the

exactvalueof thelikelihoodcouldbecalculated.

TheMATLAB codeimplementingthesampleris availablefrom theauthorsuponrequest.

Associative learner (AL)

Prior distrib utions The prior distribution of modelparameters! (usedfor computingthe posteriorover

parametersaccordingto Eq. 7, with I beingsubstitutedby ! ) was the productof the priors of individual

parameters,includingappearanceandco-appearanceparameterswyj andwj k , absoluteandrelative spatial

positionparameterscyj andcj k , andthecorrespondingspatialvarianceparameters" yj and" j k :

P(! ) =
#

j

P
$
wyj

%
P

$
cyj

%
P

$
" yj

%#

j ,k # j

P(wj k ) P(cj k ) P(" j k ) (S5)

Table3 shows thespeciÞcdistributionsusedin Eq.S5.

Sampling the posterior JustastheBCL, theAL alsorequiredsamplingof theposterior(of modelparam-

eters! ). Sincethe numberof parametersdid not vary, a simplerMetropolis-HastingsMCMC sampler(3)

wasconstructed,combinedwith extendedensembletechniques(2) for bettermixing. The integralswere

approximatedby sumsover 400, 000 samplescollectedafterhaving discardedtheÞrst700, 000 samplesto

ensurethattheMarkov-chainhadalreadyattainedits stationarydistribution.

TheMATLAB codeimplementingthesampleris availablefrom theauthorsuponrequest.

Statistically na¬õvemodels(FL, JFL, CPL)

Learningin thefrequency learner(FL) amountedto storingtheoccurrencefrequenciesof individual shapes

during the familiarizationphase(seealso Table 4). Choiceprobability of a test scenewas calculatedby

summingthestoredfrequenciesof shapesappearingin thesceneandreplacingthelog predictiveprobabilities

with thesesumsin Equation9.  This modelcapturedthe patternsof experimentaldataextremely poorly;

even the qualitative trendswereoppositeto thoseseenin humanperformance(Fig. 4). Therefore,Þtting

  Althoughthesemodelsdo not deÞneanactualprobabilitydistribution over scenes(hencetheir nameÔstatisticallyna¬õveÕ),onecan
think of the(co)occurrencefrequencieslearnedby theFL (JFL) asplayingtherole of thecanonicalparameterof anexponential-family
model(suchasthatusedby theAL) thatweresetto beequalto thesufÞcientstatisticof themodel(which is incorrect,in general).In
anexponentialfamily model,theprobabilityof a datapoint (in our case,a scene)is directly relatedthroughanexponentialfunction to
thenegative ÔenergyÕof thedatapoint,P(x) ! e" E ( x ) , andthenegative energy hastheform " E (x) =

P
i ! i f i (x), where{ ! i } is

thecanonicalparameter, andf i (x) aresomefunctionsof x (in our case,eachoneis a binary indicatorof a speciÞcshape(pair)being
presentin thescene).ThesufÞcientstatisticof sucha modelis

ùP
n f i (xn )

ø
wherexn is thenth trainingdatapoint, which in our

caseis just thecountsof (co)occurrencesof shapesin thefamiliarizationscenes.Choiceprobabilitiesarerelatedto thelog probabilities
of the testscenes(Eq. 9), which in this casearetheir negative energies(up to anadditive constantthatcancelsout) that turn out to be
just thesummedfrequencieswe usedto determinechoiceprobabilities.This givesa formal motivationfor theway choiceprobabilities
werecomputedfor thesemodels.A furthermotivationwasdirectcomparabilityto previously publishedresults(e.g.see(4,5)) obtained
by computingchoiceprobabilitiesin thisway.
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parameter# (Eq. 9) would have resultedin uninformative plots (# = 0 wasthetrivial solutionto minimize

squarederror)andthusit wasÞxedat# = 1 acrossall experiments.

In thecaseof thejoint frequency learner(JFL)andconditional probabilitylearner(CPL)histogramswere

built basedonthefamiliarizationscenes.Oneentryof thehistogramrepresentedtheco-occurrencefrequency

(JFL) or conditionaloccurrencefrequency (CPL) of a pair of shapesin a givenrelative spatial position(see

alsoTable4). Choiceprobability of a testscenewascalculatedby summingthe entriesof the histogram

correspondingto all shapepairspresentin thesceneandreplacingthelog predictive probabilitieswith these

sumsin Equation9.  (NotethattheCPL andtheAL differ in onecrucialaspect:in theCPL, thefamiliarity

of atestsceneis only determinedby theshapesthatarepresentin it, while in theAL, theabsenceof shapesis

alsoconsidered.) In eachmodel,parameter# (seeEq.9) wasÞttedfor eachexperimentindividually, except

for thebaselineandfrequency-balancedexperiments,which wereÞttedtogether(so that therewereat least

two datapointsto beÞttedin eachcase).A summaryof modeldescriptionscanbefoundin Table4.

Results

Model Þtsto human performance

The four experimentsof Fig. 2 wereÞttedwith all Þve modelsin orderto quantitatively evaluatetheir per-

formance.Thesummaryof theÞtsof thethreestatisticallyna¬õve modelstogetherwith theAL andtheBCL

is shown in Fig. 4. In thebaseline experiment,whenall combosappearedwith equalfrequency, all models,

except the FL, could reproducethe resultsobtainedwith humanparticipants(Fig. 4A). In the frequency-

balancedexperiment,humanslearnedthe right inventory even thoughin the familiarizationscenessome

combos(pairsof shapes)werepresentedmorefrequentlythanothersandparticularjuxtapositionsof two fre-

quentpairsappearedjustasoftenasoneof therarepairs.Theseresultsruledout theFL andJFL,which rely

on frequency counting,while correlation-basedmodels(CPLandAL) andtheBCL showedthesamepattern

of performanceashumanlearners.In theexperimentswith comboscomposedof morethantwo shapes,na¬õve

statisticallearners(FL, JFL,CPL) couldonly predictidenticalperformanceon all test-types,while boththe

AL andtheBCL couldwell Þthumanperformance(Figs.4CandD).

Figures5 and6 show quantitatively how well theBCL andtheAL Þttedhumanperformancewhenboth

wereÞt with thesameprocedure.In eachmodel,parameter# wasÞttedto datafrom Experiments1-4 (red,

orange,yellow, andgreensymbols),andthe # valuethusobtainedwasthenusedto predict experimental

percentcorrectvalues(usingagain Eq.9) in thecorrelation-balancedexperiment(bluesymbols).(Notethat

for Figs. 2-3, the AL, but not the BCL, wasÞt individually for eachexperiment,seealsoMethodsof the

Main Text.) Theadvantageof theBCL wassubstantial(compareFigs.5 and6) andit wasalsorobustto the

particularchoiceof hyperparameters(compareFigs.5A andB).

Maximum a posteriori inventories

Learningin the BCL amountedto inferring the posteriorprobability distribution of inventories(Eq. 7, see

alsofootnoteonp.1).However, ournumericalsimulationsshowedthatfamiliarizationin theexperimentswas

extensiveenoughsothatfor eachexperimentmorethan99% of thisdistributionwasconcentratedwithin one

inventory(for a formal deÞnitionof whatconstitutesaninventoryseeSupportingMethods),themaximuma
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posteriori(MAP) inventory. Sincetheprior usedfor inventorieswasfairly broad(Table2), this showedthat

theposteriorwasdominatedby themarginal likelihoods(Eq.6).

AnalyzingtheMAP inventoriesalsogaveintuitionsasto why theobservedpatternsemergedin thechoice

probabilitiesin thedifferentexperiments(Figs.7-9). In theÞrstfour experiments(Fig. 2) thechunkslearned

by themodelcorrespondeddirectly to thecombosusedfor constructingthefamiliarizationscenes.

In the frequency-balancedexperiment(Figs. 2B and7B) the chunksÕappearanceparameters,wx i (red

numbersin Fig. 7B), reßectedthe differencesin the frequenciesof differentcombos.Therefore,oncetwo

chunksfor the two frequentpairshadbeenlearnedit wasnot parsimoniousto assumean extra combofor

their combinationif, asin theexperiments,eachof themalsooccurredin theabsenceof theothera number

of times. This resultedin low predictive probabilitiesfor mixture pairscomposedof shapesbelongingto

differentfrequentpairs.

In the triplet and quadrupletexperiments(Figs. 2C-D and 8A-B), similar to humanperformance,the

recognitionof embeddedpairsdroppedto closeto chancelevel from thesigniÞcantlyabove-chancerecogni-

tion of truetripletsandquadrupletsandembeddedtriplets.This happenedbecause,in themodel,theoverall

predictiveprobabilityof anembeddedcombowaseffectively asumof two terms(theothertermsin thesum

in Eq.4 werenegligible). Onetermin thesumexpressedtheembeddedcomboasmereÔnoiseÕ,thecasewhen

no chunksarepresentandthuseachindividual elementappearswith independentlow probabilities(accord-

ing to its spontaneousappearanceparameter, wyj , bluenumbersin Fig. 8). This Ônoise-basedÕexplanation

becameincreasinglyunlikely asthesizeof theembeddedcombogrew: shapesappearedindependently, the

appearanceprobability of any singleonewaslow, andthusmany of themappearinghadan exponentially

diminishingchance.The other term in the sumexpressedthe embeddedcomboasa chunkfailing to ap-

pearfully. This chunk-basedexplanationwasrelatively unlikely sinceduring training comboshadalways

appearedin full, with all of their constituentshapespresent.(Thisalmost deterministicrelationshipwaswell

capturedby thehigh chunk-dependentappearanceparametersof theshapeslearnedin themodel,wij , black

numbersin Fig. 8). Becausethelimiting factorin thechunk-basedexplanationwastheprobability of ashape

not appearing,thepredictive probabilityof anembeddedcombodid not dependon thesizeof theembedded

combo(thenumberof shapesthatdid appear),only on thenumberof shapesof thetruecombonot included

in theembeddedcombo.Thus,in effect, thenoise-basedaccount,underwhichany two comboshadthesame

probability, dominatedover thechunk-basedaccount,whichcoulddistinguishbetweena trueembeddedand

amixtureembeddedcombo,for smallerbut not for largerembeddedcombos.

In the last, correlation-balancedexperiment(Figs. 3 and 9), all shapesin the secondgroup-of-4,that

wereusuallyshown separately, wereassignedto a singlecommonchunkaccountingfor thescenesin which

they wereall shown together. Shapesappearingindividually wereeasilyaccountedfor by their spontaneous

appearanceprobabilities(note relatively higherwyj values,blue numbers,in Fig. 9), thereforeit wasnot

parsimoniousto introduceextrachunksfor eachof themseparately.
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Sigmoid(x) = 1/ (1 + exp(! x)) x " R

Bernoulli(x; q) = qx (1 ! q)1$ x x " { 0, 1}

Geometric(x; q) = q(1 ! q)x x " N

TruncGeom(x; q, N ) = 1
1$ (1$ q)N +1 q(1 ! q)x x " { 0, . . . N }

Exponential(x; $) = $e$ !x x " R, x # 0

Laplace(x; µ, b) = 1
2be$| x $ µ |/b x " R

Normal(x; µ, Σ) = 1
(2" )N / 2 |! |1 / 2 e$ 1

2 (x $ µ )T ! ! 1 (x $ µ ) x " RN

Dirac-delta(x; µ) =
& N

i =1 %(xi ! µi ) x " RN

Table1: Functionsanddistributionsusedin thetext.
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Parameter Prior distrib ution
Hyperparameters
Set1" Set2 

H Geometric(H ; q) q 0.1 0.2

L TruncGeom(L ; q, H áN ) q 0.1 0.2 à

wx i Laplace(wx i ; µ, b) µ 0 2

b
$

2 1

wyj Laplace
$
wyj ; µ, b

% µ ! 8 ! 6

b 1 1%
2

wij Exponential(wij ; $) $ 1
6

1
3

¤

cx i Dirac-delta(cx i ; µ) µ [0, 0] [0, 0] ¦

cyj Dirac-delta
$
cyj ; µ

%
µ [0, 0] [0, 0] ¦

cij Normal(cij ; µ, Σ) µ [0, 0] [0, 0] ¦

Σ 2 áI 2
$

2 áI &""

" x i Dirac-delta(" x i ; µ) µ 4 4
$

2 ""

" yj Dirac-delta
$
" yj ; µ

%
µ 4 4

$
2 ""

" ij Dirac-delta(" ij ; µ) µ
$

2 2 ""

Table2: Parameterpriorsfor theideallearner. For deÞnitionsof probabilitydistributionsseeTable1.

Notes:
" Valuesusedfor simulationsplottedin Figures2-3,and5A.
  Valuesusedfor simulationsplottedin Figure5B.
àN is thenumberof shapes.
¤Non-negativity of link weightswasmotivatedby Ref.6.
¦ Theorigin [0, 0] wasdeÞnedasthegeometricalcenterof thegrid in which theshapeswerepresented.
&I is the(2 %2) identitymatrix.

"" Theunit of spatialcoordinateswasthelengthof theedgeof acell in thegrid.
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Parameter Prior distrib ution

wj k Normal(wj k ; 0, 16)

wyj Normal
$
wyj ; 0, 4

%

cj k Normal(cj k ; [0, 0] , 4I ) "   à

cyj Normal
$
cyj ; [0, 0] , 4I

%
"   à

" ij Exponential(" ij ; 5) à

" yj Exponential
$
" yj ; 1/

$
2
%

à

Table3: Parameterpriorsfor theassociative learner. For deÞnitionsof probabilitydistributionsseeTable1.

Notes:
" Theorigin [0, 0] wasdeÞnedasthegeometricalcenterof thegrid in which theshapeswerepresented.
  I is the(2 %2) identitymatrix.
àTheunit of spatialcoordinateswasthelengthof theedgeof acell in thegrid.
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FAMILI ARIZATION TEST

FL single-shape
frequency counting ), freq( !) ! for all shapes present freq(shape)

JFL shape-pair
frequency counting !)  ! for all shape-pairs present  freq(shape1, shape2)

CPL shape-pair
conditional probabilities ) / freq( ) / freq( !)   

! for all shape-pairs present  freq(shape1, shape2) /
freq(shape1)

AL probabilistic
associative learner Prob(pair-wise correlations | familiarization scenes) Prob(test scene | pair-wise correlations)

BCL Bayesian
model comparison Prob(inventory of independent chunks | familiarization scenes) Prob(test scene | inventory of independent chunks)

Table4: Summaryof alternative modelsusedto explain humanbehavior in visual chunk learningexper-
iments. For eachmodel the quantitiesextractedfrom familiarizationscenesand thoseusedto judge the
familiarity of ascenein thetestphaseof theexperimentsareshown. Thefrequency learner(FL) storessingle
shapeoccurrencefrequenciesduringfamiliarizationandaddsup thesefrequenciesfor eachshapepresentin
a testscene.The joint frequency learner(JFL) storesco-occurrencefrequenciesof all possibleshape-pairs
andaddsup thesefrequenciesfor eachshape-pairpresentin a testscene.Theconditionalprobabilitylearner
(CPL) storesconditionalprobabilities(co-occurrencefrequenciesnormalizedby individual shapefrequen-
cies)of all possible(ordered)shape-pairsandaddsup thesefor eachshape-pair presentin a testscene.The
associativelearner(AL) infersthestrengthof associationsbetweenall possiblepairsof shapesfrom thefamil-
iarizationscenes,andbasedon thesecomputestheprobabilityof a testscene.TheBayesianchunklearner
(BCL) infers the probabilitiesof possiblechunkinventoriesfrom the familiarizationscenes,andbasedon
thesecomputestheprobabilityof a testscene.
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A B

C

D

Basic
test

Frequency-balanced
test

Basic
test

Embedded
test

Basic test
PairQuadruple

Embedded test
TripletPair

Human data
FL
JFL
CPL
AL
BCL

Figure4: Summaryof theperformanceof theÞve differentmodels(coloredsymbols)comparedto human
performance(graybars)for aseriesof experimentsfrom Refs.(4) and(5) usingincreasinglycomplex inven-
tories. Modelsshown arethe frequency learner(FL), joint frequency learner(JFL), conditionalprobability
learner(CPL), associative learner(AL), andtheBayesianchunklearner(BCL). Barsindicateaveragehuman
performance(± 1 standarderrorof mean,s.e.m.).For a stringentcomparison,parametersfor theFL, JFL,
CPL,andAL modelswereadjustedindependentlyfor eachexperimentto obtainbestÞts,whereastheBCL
useda singleparameteroptimizationacrossall experiments.A, Inventorycontainingsix equal-frequency
pairs. Only the FL failed to predict above-chancehumanperformanceon the basictest of true pairs vs.
mixture pairs. B, Inventorycontainingsix pairsof varying frequencies.The FL andJFL failed to predict
above-chancehumanperformanceon thetestof truerarepairsvs. frequency-balancedmixturepairs.C, In-
ventorycontainingfour equal-frequency triplets. Humanperformancewasabove chanceon thebasictestof
truetripletsvs. mixturetripletsandatchanceonthetestof embeddedpairsvs. mixturepairs.All thestatisti-
cally na¬õve models(FL, JFL,CPL) incorrectly predictedequivalentperformanceon thebasicandembedded
tests.D, Inventorycontainingtwo quadruplesandtwo pairs,all with equalfrequency. Humanperformance
wasabove chanceon thebasictestsof truequadruplesor pairsvs. mixturequadruplesor pairs,andon the
testof embeddedtripletsvs. mixturetriplets,but it wasat chanceon thetestof embeddedpairsvs. mixture
pairs.Again, theFL, JFL,andtheCPL incorrectlypredictedthesameperformanceonall tests. Only theAL
andtheBCL capturedtheoverall patternof humanperformancein all theseexperiments.
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Figure5: SummaryÞt of the Bayesianchunklearner(BCL) to humanperformance.A, Simulationresults
shown in themaintext with hyperparameterset1 (seeSupportingMethodsandTable2). B, Resultsof control
simulationswith hyperparameterset2 (seeSupportingMethodsandTable2) to demonstraterobustnessof
modelpredictionsto changesin hyperparameters.Eachcolored symbolshows the averagepercentcorrect
value(± s.e.m.) from experimentaldatafor onetesttypeversusthe log probability ratio usedto determine
simulatedchoiceprobabilitiesfor theBCL (Eq.9). Colors show experimenttype: redÐbaselineexperiment
(Fig. 2A), orange Ðfrequency-balancedexperiment(Fig. 2B), yellow Ðtriplet experiment(Fig. 2C), green
Ðquadrupletexperiment(Fig. 2D), blue Ðcorrelation-balancedexperiment(Fig. 3). In the quadrupletand
correlation-balancedexperimentsa groupof participantsweretrainedon theÞrsthalf of the familiarization
scenesandweretestedafter this limited training: dark colors Ðmid-familiarizationtestresults,light colors
Ðtestresultsaftercompletionof the familiarizationphase(dataplottedin Figs.2D and3B). Letters denote
test type (Fig. 2, middle row): B Ðbaselinetest,F Ð frequency-balancedtest,E Ðembeddedtest; in the
correlation-balancedexperiment:T3M3Ðtruetriplet versusmixture triplet test,F3M3 Ðfalsetriplet versus
mixture triplet test,T3F3 Ðtrue triplet versusfalsetriplet test (seeFig. 3B). Numbers denotesizeof test
combo:2 Ðpair, 3 Ðtriplet, 4 Ðquadruplet.Thick black line is thepredictedchoiceprobabilityof theBCL
(Eq. 9) after Þtting # = 0.054 (A) and# = 0.063 (B). The correlation(PearsonÕs correlationcoefÞcient)
betweenexperimentaldataandmodelpredictionsis r = 0.88 (p < 0.0002) (A) andr = 0.89 (p < 0.0001)
(B) for datausedfor Þtting themodel(red,orange,yellow, andgreensymbols),andr = 0.92 (p < 0.006)
(A) andr = 0.92 (p < 0.009) (B) for predicteddata(bluesymbols).SeealsoMethodsof theMain Text and
SupportingText for detailsof theÞttingprocedure.
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Figure6: SummaryÞtof theassociative learner(AL) to humanperformance.Eachcoloredsymbolshowsthe
averagepercentcorrectvalue(± s.e.m.)from experimentaldatafor onetesttypeversusthe log probability
ratio usedto determinesimulatedchoiceprobabilitiesfor theAL (Eq.9). Insetshows magniÞedareaof the
graph. Colors show experimenttype: red Ðbaselineexperiment(Fig. 2A), orange Ðfrequency-balanced
experiment(Fig. 2B), yellowÐtriplet experiment(Fig. 2C),greenÐquadrupletexperiment(Fig. 2D), blueÐ
correlation-balancedexperiment(Fig.3). In thequadrupletandcorrelation-balancedexperimentsparticipants
werealsotestedafter half of the familiarizationsceneshadbeenshown: dark colors Ðmid-familiarization
testresults,light colors Ðtestresultsaftercompletionof the familiarizationphase(dataplottedin Figs.2D
and3B). Letters denotetesttype (Fig. 2, middle row): B Ðbaselinetest,F Ðfrequency balancedtest,E Ð
embeddedtest;in thecorrelation-balancedexperiment:T3M3Ðtruetriplet versusmixturetriplet test,F3M3
Ðfalsetriplet versusmixture triplet test,T3F3 Ðtrue triplet versusfalsetriplet test(seeFig. 3B). Numbers
denotesize of test combo: 2 Ð pair, 3 Ð triplet, 4 Ð quadruplet. Thick black line is the predictedchoice
probability of the AL (Eq. 9) after Þtting # = 0.042. The correlation(PearsonÕs correlationcoefÞcient)
betweenexperimentaldataandmodelpredictionsis r = 0.71 (p < 0.01) for datausedfor Þttingthemodel
(red,orange,yellow, andgreensymbols),andr = ! 0.23 (p > 0.65) for predicteddata(bluesymbols).See
alsoMethodsof theMain Text andSupportingText for detailsof theÞttingprocedure.
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A

B

Figure7: Maximuma posteriori(MAP) inventories,andposteriormeansof theparameterswithin theMAP
inventories,learnedby theBCL in thebaseline(A, Fig.2A) andfrequency-balancedexperiments(B, Fig.2B).
Eachpanelshows theparametersbelongingto a chunk(greensphere) andto theshapesit inßuences.The
tilted grid shows the grid usedin the visual scenes for reference.The positionof the greensphere(along
the grid) shows the spatialpositionparametercx i = [0, 0] of the chunk(Þxed without learning),and the
rednumbershows its appearanceparameter, wx i . Thepositionsof theshapesin thegrid show their relative
spatialpositionparameters,cij , andthebluenumbersandblacknumbersshow theirÔspontaneousÕandchunk-
dependentappearanceparameters,wyj andwij , respectively.
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A

B

Figure8: Maximuma posteriori(MAP) inventories,andposteriormeansof theparameterswithin theMAP
inventories,learnedby the BCL in the triplet (A, Fig. 2C) andquadrupletexperiments(B, Fig. 2D). Each
panelshowstheparametersbelongingto achunk(greensphere) andto theshapesit inßuences.Thetilted grid
showsthegrid usedin thevisualscenesfor reference.Thepositionof thegreensphere(alongthegrid) shows
thespatialpositionparameter cx i = [0, 0] of thechunk(Þxedwithout learning),andtherednumbershows
its appearanceparameter, wx i . The positions of the shapesin the grid show their relative spatialposition
parameters,cij , and the blue numbers andblack numbers show their ÔspontaneousÕandchunk-dependent
appearanceparameters,wyj andwij , respectively.
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Figure9: Maximuma posteriori(MAP) inventories,andposteriormeansof theparameterswithin theMAP
inventories,learnedby theBCL in thecorrelation-balancedexperiment(Fig.3). Eachpanelshowstheparam-
etersbelongingto a chunk(greensphere) andto theshapesit inßuences.Thetilted grid shows thegrid used
in thevisualscenesfor reference.Thepositionof thegreensphere(alongthegrid) showsthespatialposition
parametercx i = [0, 0] of thechunk(Þxedwithout learning),andthe rednumbershows its appearancepa-
rameter, wx i . Thepositionsof theshapesin thegrid show their relative spatialpositionparameters,cij , and
thebluenumbersandblack numbersshow theirÔspontaneousÕandchunk-dependentappearanceparameters,
wyj andwij , respectively.
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