Supporting Text

Methods
Bayesianchunk learner (BCL)

Prior distributions An inventoryl was debPnedasthe setof chunks,andfor eachchunkthe shapest
inBuencedreferredto aslinks). The prior probability of aninventory(usedfor computingthe posteriorover
inventoriesin Eq. 7, andalsousedin Eq. 8) dependedn the numberof chunksH andthe total numberof
linksL:

P(1)=PH)P(LIH) (S1)

The prior distribution of |the parameter®f aninventory!, (usedin Egs.6 an'd 8) includedappearancg

probabilityparametersV = ' Wij , Wy, , Wy, , andspatialpositionparameter€ = ' Ci »Cxin Gy i iy
P 1) =PWII)P(CII) (S2)
Theprior distribution of appearancprobabilityparameter$V hada simplefactorizedform
# # $ o #
PWII) = Pw) Pw, P(w; ) (S3)
i i jaitpar(j)
wherepar, (j ) is thesetof chunksthatinBuencehave links to) shapg accordingto inventoryl .
Theprior distribution of spatialpositionparameterfiada similar factorizedform:
# § # $ % $ 0% # §
P(Cll)= P(c)P("x,) Pg, Py P(ci )P("ij ) (S4)

i i juitpar(j)

Table2 shawvs the specibdistributionsusedin Eqs.S1-S4.

Sampling the posterior Computingthe predictive probability of a testsceneP(T) (Eg. 8) requiredinte-
grationover the joint posteriordistribution of inventories and parametrs. This integral was analytically
intractableandwasthusapproximatedy a Monte Carlo integral by summingover sampledrom the pos-
terior distribution. In orderto ensurefair sanpling, a reversible-jumpMarkov-chainMonte Carlo (MCMC)
sampler(1) wasconstructedwhich wassuitablefor samplingsub-spacesf differentdimensionality com-
bined with an extendedensembleapproach(2), in which Markov-chainswererun in parallel at different
Otemperaturef bettermixing. Theintegralswereapproximatedy sumsover 500, 000 samplesollected
after having discardedhe Prst500, 000 samplesto ensurethat the Markov-chain had alreadyattainedits
stationarydistribution.

' Equation8 formally assumeshat participantso not selecta singleinventory but ratherkeeptrack of the posteriorprobabilitiesof
all possibleinventories(Eg. 7) andintegrateover this distribution to computethe familiarity (predictve probability) of a scengmodel
avemaging). Another computationallyessextensie alternatve would beto concentrat@n asingleinventory theonewith themaximum
aposteriori(MAP) probabilityByap = argmax P(1 |D), or theonewith maximalmamginallikelihoodqy. = agmay P(D|l) (model
selection. We appliedthe model averagingvariant becausethat gives strictly optimal performance. However, this issuehad little
practicalrelevancein our simulationsbecauséehe posteriorover inventoriesvasoverwhelminglydominatedby the maginal lik elihood
of asingleinventory in which casetheseapproachegyield identicalresults(seealsoSupportingText, andFigs.7-9).



In eachiterationof theMCMC sampletthelik elihoodof aninventoryneededo becomputedhatrequired
computinga sumover x andanintegral over u for eachscengEgs.4-5). The sumover x wascomputedoy
extensiely sweepingthroughall possible2" conbguration®f x, whereH is the numberof chunksin the
inventory Theintegral over u wascalculatedanalytically for eachconbguratiorof x, by makinguseof the
factthatthe joint distribution of u andv wasGaussiarconditionedon x andy dueto the modelassuming
a productsof Gaussiangorm for the procesgyeneratingspatialpositions (Egs. 2-3). This ensuredhatthe
exactvalueof thelikelihoodcouldbe calculated.

TheMATLAB codeimplementinghe sampletis availablefrom the authorsuponrequest.

Associative learner (AL)

Prior distributions The prior distribution of modelparameters (usedfor computingthe posteriorover
parametersaccordingto Eq. 7, with | being substitutedby !) wasthe productof the priors of individual
parametersincluding appearancand co-appearancparametersvy, andw;, absoluteandrelative spatial
positionparameters,, andc;, andthecorrespondingpatialvarianceparametersy, and"j:

# $ %% %NS %

Pl)= Pw, Pg, P"y P(wik) P(Gi) P("jx) (S5)
j ki

Table3 shavs the specibdistributionsusedin Eq. S5.

Samplingthe posterior JustastheBCL, the AL alsorequiredsamplingof the posterior(of modelparam-
eters!). Sincethe numberof parameterslid not vary, a simpler Metropolis-HastingsMCMC sampler(3)
was constructedcombinedwith extendedensemblgechniqueg2) for bettermixing. The integralswere
approximatedy sumsover 400, 000 samplescollectedafter having discardedhe brst700, 000 samplego
ensurghatthe Markov-chainhadalreadyattainedits stationarydistribution.

The MATLAB codeimplementingthe sampletris availablefrom theauthorsuponrequest.

Statistically naéwe models(FL, JFL, CPL)

Learningin thefrequeny learner(FL) amountedo storingthe occurrencdrequencie®f individual shapes
during the familiarizationphase(seealso Table 4). Choice probabilty of a testscenewas calculatedby
summingthestoredfrequencie®f shapesppearingn thesceneandreplacingthelog predictive probabilities
with thesesumsin Equation9. This modelcapturedthe patternsof experimentaldataextremely poorly;
even the qualitative trendswere oppositeto thoseseenin humanperformancegFig. 4). Therefore,btting

Althoughthesemodelsdo not debnean actualprobability distribution over sceneghencetheir nameQOstatisticallpadeO)onecan
think of the (co)occurrencérequenciedearnedby the FL (JFL) asplayingtherole of the canonicaparametepf anexponential-amily
model(suchasthatusedby the AL) thatweresetto be equalto the sufbcientstatisticof the model(which is incorrect,in general).In
anexponentiaffamily model, the probability of a datapoint (in our casea scenejs directly relatedthroughan exponentialfunction to
the negative OengyCof the datapoint, P(x) ! € E(X), andthenegative enegy hastheform® E (x) = = ; !ifi (x), where{!;} is
the canonicalparameterandf; (x) aresomefunctionsof x (in o case gachgneis a binaryindicatorof a speciPcshape(pairpeing
presentin the scene).The sufbcientstatisticof sucha modelis o fi (xn)  wherexy is thenth training datapoint, which in our
caseis justthe countsof (co)occurrenceef shapesn thefamiliarizationscenesChoiceprobabilitiesarerelatedto thelog probabilities
of thetestscenegEg. 9), which in this casearetheir negative enegies (up to an additive constanthat cancelsout) thatturn out to be
justthe summedrequenciesve usedto determinechoiceprobabilities. This givesa formal motivationfor the way choiceprobabilities
werecomputedor thesemodels.A furthermotivationwasdirectcomparabilityto previously publishedresults(e.g.see(4,5)) obtained
by computingchoiceprobabilitiesin this way.



paramete# (Eq.9) would have resultedin uninformative plots (# = 0 wasthetrivial solutionto minimize
squarecerror)andthusit wasbxedat# = 1 acrossall experiments.

In thecaseof thejoint frequeny learner(JFL) andconditiond probabilitylearner(CPL) histogramswvere
built basednthefamiliarizationscenesOneentryof the histogranrepresentetheco-occurrencérequenyg
(JFL) or conditionaloccurrencdrequeng (CPL) of a pair of shapesn a givenrelative spatal position(see
alsoTable4). Choiceprobability of a testscenewas calculatedby summingthe entriesof the histogram
correspondingo all shapepairspresenin the sceneandreplacingthe log predictive probabilitieswith these
sumsin Equation9. (Notethatthe CPL andthe AL differ in onecrucialaspectin the CPL, the familiarity
of atestscends only determinedy theshapeshatarepresentn it, while in the AL, theabsencef shapess
alsoconsideed.) In eachmodel,paramete# (seeEq. 9) wasbttedfor eachexperimentindividually, except
for the baselineandfrequeng-balancedxperimentswhich were bttedtogether(so thattherewereat least
two datapointsto be bttedin eachcase).A summaryof modeldescriptionsanbefoundin Table4.

Results
Model btsto human performance

The four experimentsof Fig. 2 were bttedwith all Pve modelsin orderto quantitatvely evaluatetheir per
formance.The summaryof the btsof the threestatisticallynad\e modelstogethermwith the AL andthe BCL
is shavn in Fig. 4. In the baseine experimentwhenall combosappearedvith equalfrequeng, all models,
exceptthe FL, could reproducethe resultsobtainedwith humanparticipants(Fig. 4A). In the frequeng-
balancedexperiment,humanslearnedthe right inventory even thoughin the familiarizationscenessome
combogpairsof shapesyverepresentedanorefrequentlythanothersandparticularjuxtapositionsof two fre-
guentpairsappearegust asoftenasoneof therarepairs. Theseresultsruled outthe FL andJFL, whichrely
onfrequeny counting,while correlation-basethodels(CPL andAL) andthe BCL shavedthesamepattern
of performancashumanlearnersin theexperimentsvith comboscomposeaf morethantwo shapesnadwe
statisticallearnergFL, JFL, CPL) could only predictidenticalperformanceon all test-typeswhile boththe
AL andtheBCL couldwell bthumanperformancéFigs.4C andD).

Figures5 and6 shav quantitatvely how well the BCL andthe AL bttedhumanperformancevhenboth
werebtwith the sameprocedureln eachmodel,paramete# wasbttedto datafrom Experimentsl-4 (red,
orange,yellow, and greensymbols),andthe # value thus obtainedwasthen usedto predict experimental
percentcorrectvalues(usingagain Eq. 9) in the correlaton-balancedxperiment(blue symbols).(Note that
for Figs. 2-3, the AL, but not the BCL, was bt individually for eachexperiment,seealso Methodsof the
Main Text.) The adwvantageof the BCL wassubstantia(compareFigs.5 and6) andit wasalsorobustto the
particularchoiceof hyperparameter&omparerigs.5A andB).

Maximum a posteriori inventories

Learningin the BCL amountedo inferring the posteriorprobability distribution of inventories(Eq. 7, see
alsofootnoteon p.1). However, our numericakimulationsshaovedthatfamiliarizationin theexperimentsvas
extensve enoughsothatfor eachexperimentmorethan99% of this distribution wasconcentrateavithin one
inventory(for a formal depPnitionof whatconstitutesaaninventoryseeSupportingMethods) the maximuma



posteriori(MAP) inventory Sincethe prior usedfor inventorieswasfairly broad(Table2), this shovedthat
the posteriowasdominatedoy the mamginal likelihoods(Eq. 6).

Analyzingthe MAP inventoriesalso gave intuitionsasto why theobseredpatterngemepgedin thechoice
probabilitiesin thedifferentexperimentqFigs.7-9). In the brstfour experimentgFig. 2) the chunkslearned
by the modelcorrespondedirectly to thecombosusedfor constructinghe familiarizationscenes.

In the frequeng-balancedexperiment(Figs. 2B and 7B) the chunks@ppearanc@arameterswy, (red
numbersin Fig. 7B), re3ectedhe differencedn the frequenciesf differentcombos. Therefore oncetwo
chunksfor the two frequentpairshadbeenlearnedit wasnot parsimoniougo assumean extra combofor
their combinationif, asin the experimentsgachof themalsooccurredin the absencef the othera number
of times. This resultedin low predictive probabilitiesfor mixture pairs composedf shapedelongingto
differentfrequentpairs.

In the triplet and quadrupletexperiments(Figs. 2C-D and 8A-B), similar to humanperformancethe
recognitionof embeddegbairsdroppedo closeto chancdevel from thesignibcantlyabore-chanceecogni-
tion of truetripletsandquadruplet@ndembeddedriplets. This happenedbecausein the model,the overall
predictive probability of anembeddeadombowaseffectively asumof two terms(the othertermsin thesum
in Eq.4 werenggligible). Onetermin thesumexpressedheembeddedomboasmereOnoiseecasevhen
no chunksare preentandthuseachindividual elementappearsvith independenkow probabilities(accord-
ing to its spontaneouappearanc@arameterwy, , blue numbersin Fig. 8). This Onoise-baseddplanation
becaméancreasinglyunlikely asthe size of the embeddeadombogrewn: shapesappearedndependentlythe
appearanc@robability of any single onewaslow, andthus mary of themappearinchad an exponentially
diminishing chance. The otherterm in the sumexpressedhe embeddedomboasa chunkfailing to ap-
pearfully. This chunk-baseexplanationwasrelatively unlikely sinceduring training comboshad always
appearedhn full, with all of their constituenshapegpresent(This almog deterministiaelationshipvaswell
capturedby the high chunk-dependersppearancparametersf the shapedearnedn the model,w;; , black
numberdn Fig. 8). Becausehelimiting factorin thechunk-base@xplanationwastheprobabilty of ashape
not appearingthe predictive probability of anembeddedombodid not dependon the sizeof theembedded
combo(the numberof shapeghatdid appear)pnly onthe numberof shape®f thetruecombonotincluded
in theembedded¢ombo.Thus,in effect, thenoise-basedccountunderwhichary two comboshadthesame
probability dominatedover the chunk-base@ccountwhich coulddistinguishbetweeratrueembeddecnd
amixtureembeddedombo,for smallerbut notfor largerembeddeadombos.

In the last, correlation-balancedxperiment(Figs. 3 and 9), all shapesn the secondgroup-of-4,that
wereusuallyshavn separatelywereassignedo a singlecommonchunkaccountingor the scenesn which
they wereall shavn together Shapesppearingndividually wereeasilyaccountedor by their spontaneous
appearanc@robabilities(note relatively higherwy, values,blue numbers,in Fig. 9), thereforeit was not
parsimoniougo introduceextra chunksfor eachof themseparately
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Sigmoid(x) =1/ (1 +exp(! X))
Bernoulli(x; q) =q< (1! q***
Geometric(X; Q) =q(1! g
TruncGeom(x;q,N) = B as VT (1$1q)N —q(1! )

Exponential(x;$) = $e¥

Laplace(x; W, b) = Lefl xsulb

Normal(X; 14, ) = Weﬂi Txs )T (x$ )

&
Dirac-delta(x; 1) = iN:1 %xi ! W)

{0,...N}

R,x# 0

RN

RN

Tablel: Functionsanddistributionsusedin thetext.




. S Hyperparameters
Parameter Prior distrib ution Set1’ Set2
H Geometric(H ; q) q 0.1 0.2
L TruncGeom(L;q,H &N) q 0.1 0.2 a
Wy, Laplace(wy; ; I, b) H $O 2
b 2 1
$ % [ !
Wy, Laplace wy, ; 4, b H 8 0
b 1 %
Wi Exponential (wj ; $) $ z 3 °
Cx; Dirac-delta(cy, ; 1) o [0,0] [0, 0] l
$ % .
Gy, Dirac-delta ¢y, ; U no[0,0] [0,0] '
GCij Normal(cij T K Z) H [0' 0] g)’ 0] I
¥ 24 2 24 | &
. $_
"X Dirac-delta(" x, ; M) M 4 4 2
. ] L) % $_
i Dirac-delta "y, ;4 K 4 4 2
. $_
i Dirac-delta("j ; 1) H 2 2

Table2: Parametepriorsfor theideallearner For dePnitionof probability distributionsseeTablel.

Notes:
"Valuesusedfor simulationsplottedin Figures2-3,and5A.
Valuesusedfor simulationsplottedin Figure5B.
2N is the numberof shapes.
"Non-nagativity of link weightswasmotivatedby Ref. 6.
' Theorigin [0, 0] wasdebPnechsthe geometricatenterof thegrid in which the shapesverepresented.
& isthe(2 %2) identity matrix.
Theunit of spatialcoordinatesvasthelengthof theedgeof a cell in thegrid.



Parameter Prior distribution
Wi k NOI‘mal(Wj k; 0, 16)
$ %
Wy, Normal Wy, ;0,4
Gk Normal(Gjk; [0,0],4l) ta
$ % |. .,
o Normal ¢y, ; [0,0],4l a
"ii Exponential("jj ;5) a
.. R
yi Exponential "y ;1/ 2

Table3: Parametepriorsfor theassociatie learner For dePnitionsof probability distributionsseeTablel.

Notes:
" Theorigin [0, 0] wasdePnedasthe geometricatenterof thegrid in which the shapesverepresented.
L is the (2 % 2) identity matrix.
aTheunit of spatialcoordinatesvasthelengthof theedgeof acell in thegrid.



FAMILIARIZATION TEST

FL fre(t]slijréqgsc%fﬁing freq(P4). frea( 3 ), freq( Jm) ! ! for all shapes present frea(shape)

JFL freql%agyegoirrting freq( P4 ), freq( 4 W), freq( JmPp4) ! ! for all shape-pairs present fred(shapey, shapep)
cPL Condiig‘rgjp&;)r%i;m,m% freq( P4 ) / freq( P, freq( P4 ) / freq( ) ! f!r efg(gc;\!psél?aepars present freq(shepey, shepe) /
AL assg:jqatzﬁl)gilseté\(r:na' Prob(par-wise corrdations | familiarization scenes) Prob(test scene | pair-wise correlations)
BCL mocg%ﬁ;?gi son Prob(inventory of independent churks | familiarization scenes)  Prob(test scene | inventory of independent chunkg

Table4: Summaryof alternatve modelsusedto explain humanbehaior in visual chunklearningexper
iments. For eachmodelthe quantitiesextractedfrom familiarization scenesand thoseusedto judge the
familiarity of ascendn thetestphaseof theexperimentsareshovn. Thefrequeny learner(FL) storessingle
shapeoccurrencdrequenciesluring familiarizationandaddsup thesefrequenciedor eachshapepresenin
atestscene.Thejoint frequeng learner(JFL) storesco-occurrencdrequencief all possibleshape-pairs
andaddsup thesefrequenciesor eachshape-paipresenin atestscene.The conditionalprobabilitylearner
(CPL) storesconditionalprobabilities(co-occurrencdrequenciesiormalizedby individual shapefrequen-
cies)of all possible(ordered)shape-pairandaddsup thesefor eachshapepair presenin atestscene.The
associatielearner(AL) infersthestrengthof associationbetweerall possiblepairsof shapesrom thefamil-
iarizationscenesandbasedon thesecomputeghe probability of atestscene.The Bayesianchunklearner
(BCL) infers the probabilitiesof possiblechunkinventoriesfrom the familiarizationscenesand basedon
thesecomputeghe probability of atestscene.
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Figure4: Summaryof the performanceof the bve differentmodels(coloredsymbols)comparedo human
performancégraybars)for a seriesof experimentsfrom Refs.(4) and(5) usingincreasinglycomples inven-
tories. Modelsshawvn arethe frequeng learner(FL), joint frequeng learner(JFL), conditionalprobability
learner(CPL), associatie learner(AL), andthe Bayesiarchunklearner(BCL). Barsindicateaveragehuman
performancdz 1 standarcerrorof mean,s.e.m.).For a stringentcomparisonparametergor the FL, JFL,
CPL,andAL modelswereadjustedndependentlyfor eachexperimentto obtainbestbts,whereagshe BCL
useda single parameteoptimizationacrossall experiments. A, Inventory containingsix equal-frequeng
pairs. Only the FL failed to predictabose-chancenumanperformanceon the basictestof true pairsvs.
mixture pairs. B, Inventory containingsix pairs of varying frequencies.The FL and JFL failed to predict
abore-chancédhumanperformanceon thetestof truerarepairsvs. frequeng-balancednixture pairs. C, In-
ventorycontainingfour equal-frequengtriplets. Humanperformancevasabove chanceon the basictestof
truetripletsvs. mixturetripletsandatchanceonthetestof embeddegbairsvs. mixturepairs. All the statisti-
cally nade models(FL, JFL, CPL) incorrecty predictedequivalentperformanceon the basicandembedded
tests.D, Inventorycontainingtwo quadruplesindtwo pairs,all with equalfrequeny. Humanperformance
wasabove chanceon the basictestsof true quadruplesr pairsvs. mixture quadruplesr pairs,andon the
testof embeddedripletsvs. mixturetriplets, but it wasat chanceon thetestof embeddegbairsvs. mixture
pairs.Again,theFL, JFL,andthe CPL incorrectlypredictedthe sameperformancen all tests Only the AL
andthe BCL capturedhe overall patternof humanperformancen all theseexperiments.
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Figure5: Summarybt of the Bayesianchunklearner(BCL) to humanperformance A, Simulationresults
showvn in themaintext with hyperparametesetl (seeSupportingVlethodsandTable2). B, Resultsof control
simulationswith hyperparameteset2 (seeSupportingMethodsand Table 2) to demonstrateéobustnesf
model predictionsto changesn hyperparametersEachcolored symbolshavs the averagepercentcorrect
value (x s.e.m.)from experimentaldatafor onetesttype versusthelog probability ratio usedto determine
simulatedchoiceprobabilitiesfor the BCL (Eqg. 9). Colors shawv experimenttype: red Bbaselineexperiment
(Fig. 2A), orange b frequeng-balancedexperiment(Fig. 2B), yellow P triplet experiment(Fig. 2C), green
b quadrupletexperiment(Fig. 2D), blue B correlation-balancedxperiment(Fig. 3). In the quadrupletand
correlation-balanceédxperimentsa group of participantsweretrainedon the prsthalf of the familiarization
scenesandweretestedafter this limited training: dark colors Bmid-familiarizationtestresults light colors
btestresultsafter completionof the familiarizationphase(dataplottedin Figs.2D and3B). Letters denote
testtype (Fig. 2, middle row): B P baselinetest, F b frequeng-balancedest, E b embeddedest; in the
correlation-balancedxperiment: T3M3 btruetriplet versusmixturetriplet test, F3M3 Dfalsetriplet versus
mixture triplet test, T3F3 D true triplet versusfalsetriplet test (seeFig. 3B). Numbes denotesize of test
combo: 2 Bpair, 3 Btriplet, 4 Bquadruplet.Thick bladk line is the predictedchoiceprobability of the BCL
(Eq. 9) after btting# = 0.054 (A) and# = 0.063 (B). The correlation(Pearsorgzorrelationcoebcient)
betweerexperimentaldataandmodelpredictionsisr = 0.88 (p < 0.0002) (A) andr = 0.89 (p < 0.0001)
(B) for datausedfor bttingthe model(red, orange yellow, andgreensymbols),andr = 0.92 (p < 0.006)
(A) andr = 0.92 (p < 0.009) (B) for predicteddata(blue symbols).SeealsoMethodsof the Main Text and
SupportingText for detailsof the bttingprocedure.
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Figure6: Summarybtof theassociatie learner(AL) to humanperformanceEachcoloredsymbolshaovsthe

averagepercentcorrectvalue (= s.e.m.)from experimentaldatafor onetesttype versusthe log probability
ratio usedto determinesimulatedchoiceprobabilitiesfor the AL (Eg. 9). Insetshavs magnibedareaof the

graph. Colors shov experimenttype: red b baselineexperiment(Fig. 2A), orange b frequeng-balanced
experiment(Fig. 2B), yellowDbtriplet experiment(Fig. 2C), greenbquadrupleexperiment(Fig. 2D), blue D
correlation-balanceekperiment(Fig. 3). In thequadrupletindcorrelation-balanceekperimentgarticipants
werealsotestedafter half of the familiarizationsceneshadbeenshawvn: dark colors B mid-familiarization
testresults light colors Btestresultsafter completionof the familiarizationphase(dataplottedin Figs.2D

and3B). Letters denotetesttype (Fig. 2, middle row): B Bbaselinetest, F Bfrequeng balancedest,E b
embeddedest;in the correlation-balancedxperiment: T3M3Dtruetriplet versusmixturetriplet test,F3M3

Dfalsetriplet versusmixture triplet test, T3F3 Dtrue triplet versusfalsetriplet test(seeFig. 3B). Numbes

denotesize of testcombo: 2 P pair, 3 Dtriplet, 4 B quadruplet. Thick blac line is the predictedchoice
probability of the AL (Eq. 9) after btting# = 0.042. The correlation(PearsorgXorrelationcoebcient)
betweerexperimentaldataandmodelpredictionsisr = 0.71 (p < 0.01) for datausedfor pttingthe model
(red,orangeyellow, andgreensymbols),andr = ! 0.23 (p > 0.65) for predicteddata(blue symbols).See
alsoMethodsof the Main Text andSupportingText for detailsof the btting procedure.
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spatialpositionparameterss; , andthebluenumbes andblack numbes shaw their Ospontaneoues@ichunk-
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parametersg; , andthe blue numbes and black numbes shav their Ospontaneouafid chunk-dependent
appearancparametersyy, andw; , respectiely.
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Figure9: Maximum a posteriori(MAP) inventories andposteriormeansof the parametersvithin the MAP
inventories)earnedby theBCL in thecorrelation-balanceekperiment(Fig. 3). Eachpanelshovstheparam-
etersbelongingto a chunk(greenspheie) andto the shapest inBuencesThetilted grid shavs thegrid used
in thevisualscenedor reference The positionof the greensphergalongthegrid) shavs the spatialposition
parametecy, = [0, 0] of the chunk(Pxed without learning),andthe red numbershaws its appearancea-
rameterw,, . The positionsof the shapesn thegrid shaw their relative spatialpositionparametersg; , and
the bluenumbes andbladk numbes shav their Ospontaneouatichunk-dependergppearancparameters,

wy, andw;j , respectiely.
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