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Rule-basedExtrapolationn PerceptuaCategorization

JohnK. Kruschlke

IndianaUniversity, Bloomington

Michael A. Erickson
Carngyie Mellon University

EricksonandKruschle (1998) provided a demonstratiorthatin certainsituationspeoplewill
classifynovel stimuli accordingto an extrapolatedrule, even whenthe mostsimilar training
exemplaris anexceptionto therule. Thisresultchallengedxemplarmodels.Nosofsk andJo-
hanser(2000)have calledthisfindinginto questionby offering anexemplarbasedxplanation
for thosedatabasedn the perceptuafeaturesof the stimuli. Here,we describethe resultsof
anew experimenthatyieldsresultssimilar to thosefound previously withoutthe questionable
perceptuafeatures:Participantswho learnto classifyall the training stimuli have patternsof
generalizatiorthat indicatea combinationof rule and exemplarrepresentation ATRIUM, a
hybrid rule andexemplarmodel (Erickson& Kruschle, 1998),is shavn to accountfor these
datamuchbetterthanAL covE, anexemplarmodel(Kruschle, 1992).Moreover, four alternate
exemplarexplanationsincludingonesuggestetty Nosofsk andJohansercannotaccounfor

our new findings.

Perceptuatategorizationis centralto cognition. To gen-
eralizefrom onesituationto thenext, obsenersmustbeable
to recognizeheessentiasimilaritiesbetweerdifferentstim-
uli. As asimple example,althoughthe letters“a” and“a”
have differentperceptuapropertiespeopletreatthe two let-
tersidentically for the purposeof understandinghe mean-
ing of awritten word. Becauseof the fundamentahatureof
this behavior, psychologisthave spenta greatdeal of effort
trying to understandow peoplelearnto cateyorizeitemsin
their ervironment.

Many psychologicabndfolk theorieshold thatrulesplay
a substantiakole in peoples categorizationbehaior (e.g.,
Brooks,Squire-Graydon& Wood, 1998;Bruner, Goodnav,
& Austin, 1956). This belief probablyhasseveral sources.
Among theseis that most peoplehave had the experience
of sortingitemsaccordingto instructions(e.g.,sortinglaun-
dry by color). To the degreethat peopleare successfubat
groupingitems accordingto rule-derived instructions,they
shav evidenceof rule usein categorization(Allen & Brooks,
1991; Nosofsky, Clark, & Shin, 1989). Further mary peo-
ple arefamiliar with puzzlesin which the assignedaskis to
guesgherule (e.g.,is“N” thenext charactein thesequence
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“OTTFFSSEN"?).Basedupontheir successn thesetasks,
peoplemay concludethatthey inducerulesin moregeneral
classificatiorbehavior.

In contrastto theoriespositingrule usein categorization,
othertheorieshold that peoples classificationbehaior can
be explainedby a systemthat generalizedrom previously
seenexemplas (Kruschle, 1992; Medin & Schafer, 1978;
Nosofsky, 1986). Accordingto thesetheories peoplemake
categyorizationdecisionsin two steps: In the first step,the
similarity betweenthe stimulusin questionand exemplars
of previously experiencedstimuli storedin memoryis de-
termined. Thenin the secondstep,the stimulusis assigned
to the category to which it is most similar overall. Ex-
emplarmodelshave provided highly successfuhccountsof
peoples behaior in inductive category-learningtasks(e.g.,
Choi, McDaniel, & Busemger, 1993; Kalish & Kruschle,
1997;Kruschle,1992,1993a,1993b,1996;Medin & Schaf-
fer, 1978;Nosofsky, 1986,1987,1988,1989;Nosofsky etal.,
1989; Nosofsky, Gluck, Palmeri, McKinley, & Glauthier
1994; Nosofsky & Kruschle, 1992; Nosofsky, Kruschle, &
McKinley, 1992;Nosofsk/ & Palmeri,1996;Palmeri,1999).

In fact, exemplartheorieshave beenso successfuthat
sometheoristshave proposedhatthey are sufficient to ac-
count for peoples behaiior acrossa rangeof cateyoriza-
tion tasks. For example, Nosofsky and Johansen(2000)
statedthat“in free-stratgy situationsin which peoplelearn
catgyoriesvia inductionover training exemplars. . a single-
system, exemplarsimilarity approachappearsadequateto
accountfor the major phenomenaf interest”(p. 395). Be-
fore addressinghis claim further, it is importantnot to over
estimatdts scope.lt refersspecificallyto thosesituationsin
which peoplelearnto classify stimuli into categoriesfrom
trial-by-trial experienceandin which they are givenno in-
structionghatsummarizeéhenatureof thecategory structure
(cf. Allen & Brooks, 1991; Grings, Schell,& Caregy, 1973;
Lewandavsky, Kalish, & Griffiths, 2000;Noelle & Cottrell,
1996, 2000; Nosofsky et al., 1989). As will be explained
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in moredetail later, in thesetasks,the participantsjob is to
learna mappingbetweerthe stimuli anda setof labels.On
eachtrial, anindividual stimulusis presentedandthe partic-
ipantis instructedto assignthe correctcategory label. Once
the participantmakesa responsefeedbackis givenindicat-
ing the correctlabel.

In this articlewe arguethatin thesefree-stratgy cateyory
learningsituationswhenpossible peopledo inducerulesto
acceleratdearning. We armguethatalthoughexemplarrepre-
sentationis a very generaland usefullearningstratay, hu-
man learnersrecognizeand take advantageof situationsin
which broadgeneralizationsire possiblein a way that can-
not be accountedor by exemplartheoriesalone. Although
we have previously found supportfor this propositionin per
ceptualcategory learningtasks(Erickson,1999; Erickson&
Kruschle,1998;Kruschle & Erickson,1994),Nosofsk and
Johanself2000) have arguedthattheseresultswerean arti-
factof detailsin the stimulusdisplays(cf. Thomas,1998).In
this article, we demonstratéhatthe stimulusdetailscited by
Nosofsk andJohansemrenot necessaryo find evidenceof
ruleinduction.

EricksonandKruschle (1998, Experimentl) previously
providedevidenceof rule inductionin free-stratgy category
learningtasksby examiningpeoples patternsof generaliza-
tion after training hadbeencompleted. In that experiment,
participantsverepresentedvith rectangulastimuli thatvar
ied alongtwo separablelimensionsthe heightof therectan-
gle andthe horizontalposition of an internalline segment.
Most of the stimuli were membersof two catejoriesthat
couldbedistinguishedy a simplerule on oneof thedimen-
sions.Theremainingtraining stimuli wereeachmemberof
their own cateyories,andthey could be distinguishedfrom
the membersof the two rule cateyoriesby consideringthe
valuesof bothdimensions.

On eachtrial during training, a stimuluswas presented,
andparticipantsvereinstructedto indicatethe correctcate-
gory label. At first, participantgust guessedbut after each
responsethey weretold the correctlabel. Oncetrainingwas
complete EricksonandKruschle (1998)testedparticipants’
generalizatiorby presentinghemwith stimuli not seendur-
ing training. During this phaseof the experiment,no feed-
back was provided. In particular Ericksonand Kruschle
were interestedin how participantsgeneralizedto stimuli
thatweresimilar to the exceptions.They foundthatevenfor
novel stimuli thatwere more similar to the exceptiontrain-
ing instanceghanto therule training instancesparticipants
tendedto make rule-consistentlassifications.Thus, partic-
ipantsappearedo have knowledgeof a rule that could be
distinguishedrom exemplarbasedknowledgeof the excep-
tions.

Although the behaioral dataindicatedthat participants
had inducedknowledge of a rule, Ericksonand Kruschle
(1998) soughtto corroboratethis by fitting two different
catgyory-learningmodelsto thedata.Thefirst, ALCOVE (Kr-
uschle, 1992), utilized exemplarrepresentatiout had no
rule representation.The second ATRIUM (Erickson& Kr-
uschle,1998),combinedheexemplarepresentationsedn
ALCOVE with rule representationlJsingrule representation,

ATRIUM wasableto provide a betteroverall fit to the data
and,moreimportantly it wasableto provide abetteraccount
of participants'generalizatiorto stimuli thatweresimilar to
theexceptions.Thus,EricksonandKruschke concludedhat
participantswere usinga combinationof rule andexemplar
representatioto performthis cateyory learningtask.

A demonstrationthat rule-and-&emplar representation
providesa betteraccountfor the resultsof EricksonandKr-
uschle’s (1998) Experimentl thanan exemplaronly repre-
sentationdoesnot eliminatethe possibility of alternateex-
planationsFor example,in this experimentthe stimuli were
presentedvith tic marksand numericlabelsalong the left
andbottom edgesof the screenso that eachstimuluscould
be uniquely identified by two, ordereddigits (e.g., “height
7, sggmentposition2”). Participantsmight have augmented
their representationsf the stimuli with thesenumericiden-
tifications. To testthis hypothesisNosofsky and Johansen
(2000)performeda variationof this experimentin whichthe
tic marksandnumericlabelswereremovedfrom the stimuli:
therectanglewith its internalline sggmentwaspresentean
an otherwiseempty screen. Whenthey did so, they found
thatthe participants’patternof generalizatiomo longerpro-
vided strongevidenceof rule useby participants.

Although Nosofsky and Johansen2000) were able to
shav that the omissionof tic marksand numericlabelsin
this experimentchangedhe degreeto which rule induction
occurredthey did notshaw thatthetic markswerenecessary
for rule induction. In otherwords,they did notshow thatthe
evidenceof rule inductionfound by EricksonandKruschlke
(1998) was an artifact of thesestimulus details; they only
shaved that in one experiment,the omissionof that infor-
mationreducedhe degreeto which rule inductioncould be
demonstratedThe experimentpresentedn the presentarti-
cle providesevidenceof rule inductionusingstimuli thatdo
not containtic marksor labelsidentifying the valueson the
stimulusdimensions.Thus,the new dataprovide a continu-
ing challengeto exemplaronly theoriesof cateyorization.

This article is organizedas follows. We first presentan
experimentin which participantsshov a patternof gener
alization that we argueis inconsistentwith the predictions
of extantexemplarmodelsof cateyorization. We thenpro-
vide explicit testsof the ability of ATRIUM, a hybrid rule-
and-exemplarmodel,and ALCOVE, an exemplarmodel, to
shawv that, indeed,the addition of rule representatiompro-
videsa qualitative improvement.We concludeby discussing
theimplicationsof thesefindingsfor exemplartheoristsand
consideringvhatmight causdearnergo inducerules.

Experiment:Rule-Based
ExtrapolationBeyond Exceptions

The stimuli were fixed-width rectangleswhose heights
could vary amongeight, equally-spacedalues. Eachrect-
anglewas presentedwith a vertical, interior line segment
whosehorizontal position could vary amongeight equally
spacedralues.Thisyielded8 x 8 = 64 possiblestimuli. No
tic marksor valuelabelswereshown.

The catagyory layoutfor thesestimuli is shawvn in theleft
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Figurel. Categyorystructureandresultsfrom theexperimentfor learnersTheleft panelshavs the category structureandthe proportionof
rule-consistenCategory A andB responsefrom thelastblock of theexperiment.Therows andcolumnsrespectiely representhestimulus
valuesfor the rectangleheightsand segmentpositions. The 33 cells containinga letter A—F weretraining instancedor their respectie
categgories. The emptycells andthe cells containingZ- and 7 indicatethe 31 transferstimuli usedto testgeneralization.The numbers
1-8alongthe axesareusedto label the differentstimulusvaluesfor the purposef this figure only andarenotindicatedin the stimulus
presentationLight cellsindicatea high proportionof rule-consisten€ategory A andB responsesTheright panelshavs the proportionof
learners’rule-consistentppposite-ruleandnearbyexceptionresponse$or the 7 stimuli. Thefirst setof barsshavs the empiricalresults,
followedby ALcovE'sandATRIUM’s predictions Error barsextend1 SE above the mean.

panelof Figure1l. The membersf CateyoriesA andB can
be distinguishedy consideringonly the positionof theline
segment. Giventhat a stimulusis a memberof Cateyory A

or Catgyory B, if the sggmentis in the left half of therect-
anglethe stimulusmustbe a memberof Cateyory A, andif

the segmentis in theright half of the rectanglethe stimulus
mustbe a memberof Categyory B. Thus,mostof the stimuli

couldbedistinguishedy a simpleone-dimensionalule.

Therearefour exceptiongo this rule. Eachexceptionis a
memberof its own cateyory, andhence the exceptionscon-
stitute CategoriesC—F The left panelof Figure 1 shavs the
placemenbf theseexceptiondn this cateyory structure No-
tice thattwo of the exceptions,C andF, lie at the extreme
edgesof the regions with trained rule instances. The re-
maining untrainedstimuli, the transfer stimuli, were avail-
able to test generalization. Theseincludedthe stimuli la-
beled 7. and7-. The 7T stimuli areimportantbecausehey
provide a strongtestof the threetypesof representationin-
der considerationrule representationexemplarrepresenta-
tion, and an augmentedexemplarrepresentatiorsuggested
by Nosofsky andJohanserf2000,p. 386), which positsthat
thevaluealongeachdimensiorfor eachstimulusis storedin
memoryalongwith a standardexemplartrace. This yields
a four-dimensionaktimulusspacewith two dimensiongor
the standardexemplartraceand two additionaldimensions
for the dimensionalvalues. If participantsare extrapolat-
ing their category knowledgeusingrules, they will tendto
classifythe 7. and 7 stimuli asmembersof CategoriesA
andB, respectiely. If they aregeneralizingusingexemplar
knowledge,they will tendto classifythe 7. and 7 stimuli
asmemberof ExceptionCatgyoriesC andF becausef the
high degreeof similarity betweerthe 7 stimuli andtheseex-

ceptions.Finally, if participantsareusinganaugmenteax-
emplamrepresentatiosuchastheonesuggestetty Nosofsky
and Johansenthey will tendto classifythe 7 stimuli more
often asmembersof the oppositerule category. As will be
explainedin moredetail later, this is becausda) underthis
theory the standardexemplarrepresentatiof eachstimu-
lus is augmentedwith its valueon eachdimension,and (b)
each7 stimulusperfectlymatcheghreememberof the op-
positerule category. In particular the 7. stimulusmatches
the augmentecheight value of the three Category B train-
ing instanceswith height 8, and the 7 stimulus matches
the augmentecheight value of the three Category A train-
ing instanceswith height1. It is importantto acknavledge
that accordingto the rationalegiven by Nosofslky and Jo-
hansern(2000),theaugmenteadxemplarmodelwould not be
suitedfor this experimentinasmuchasthe stimuli are pre-
sentedwithout numericlabelsor tic marks. Nevertheless,
this category structureprovidesthe ability to detectwhether
or not participantsarecovertly generatingsucha representa-
tion. In sum,examinationof participants’generalizatiorto
the 7 stimuli provide a qualitative assayfor eachof thethree
representationgnderconsideration.

Method

Participants

Eighty-one Indiana University undegraduate students
volunteeredo participatefor partialcreditin anintroductory
psychologyclass.
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Apparatus

The stimuli were presentedn PC-compatibleeomputers
in individual, sound-dampenedjimly lit booths. Partici-
pantsmaderesponsedby pressingkeys on the standardkey-
board.

Procedue

Participantswere presentedvith 381 consecutie trials.
Thetrial orderwasseparatelyandomizedwithin blocksfor
eachparticipant. The first 112 trials were composecdf 14
blocksof 8 trialsin which eachof thefour exceptiontraining
items(CategoriesC, D, E, andF) werepresentedwice! The
next 138trials werecomposedf two blocksof 69 trials. In
eachof theseblocks,the four exceptiontrainingitemswere
presented .0 timeseach,andthe 29 rule-consistentraining
items (CategoriesA and B) were presentecdbnceeach. In
the last block of the experiment,131 trials, eachexception
training item was presentedLO times, eachrule-consistent
trainingitem waspresenteanetime, andeachtransferitem
waspresentedwo times.

Participantswere given written instructionson the com-
puterscreenindicatingthattheir taskwould be to learnthe
correctlabel for eachfigure presentedo them. They were
alsotold thatnearthe endof the experiment they would see
figuresfor which no labelwould be provided. For thesefig-
ures,participantsvereinstructedo make their besteducated
guess.

On eachtrial, a stimuluswas presentedand participants
were instructedto respondusing one of the keys D, F, G,
H, J,or K. Thesekeys wererandomlymappedo cateyories
A-F for eachparticipant. Participantswere given 30 s to
respond. Oncethey respondedthe correctcateory label
was presentedlongwith feedbackindicatingwhethertheir
responsewas correct, except on a transfertrial, in which
casethe feedbackindicatedmerely that their responsevas
recorded.They werethengivenup to 30 s to studythe cor
rect answer(if presentedandweretold to pressthe space
barto continue.

Results

Beforeproceedingwith otheranalysesparticipants’per
formancewas evaluatedtwice: first, to determinewhether
they learnedto classify the exceptionscorrectly beforethe
Category A andB training itemswereintroduced,and sec-
ond, to determinewhetherthey hadlearnedto classify the
memberof all six cateyoriesin thefinal block of the experi-
ment. Thenull hypothesisisedio determinechanceaespond-
ing for thesecomparisonsvasthat participantshadlearned
torespondy probabilitymatching.Thealphalevel usedwas
.05. For example,chancerespondingor Cateyory A in the
final block of theexperimentwould bedeterminedy finding
the critical value usinga binomial distribution with N = 16
andp = 16/69~ .23 or bingjyg— 05 (N = 16,p = .23) = 8.
Thecritical valuesfor theremainingcategoriesin botheval-
uationswere computedin the sameway. In the first eval-
uation, we computedparticipants’performanceclassifying

eachof the four exceptiontraining items correctly in their

last 10 presentationdeforethe Category A andB training

itemswereintroduced.The criterion usedfor eachcateyory

was 6/10 = .6. Four of the participantsfailed to classify
all of the exceptionsat above chancelevels. In the second
evaluation,we computedhe remaining77 participants’per

formanceclassifyingthe training itemsin all six catgyories
duringthefinal block. The criteriausedwere8/16 = .5 for

Catgory A, 6/13 = .46 for Cateory B, and4/10 = .4 for

CatagyoriesC—F Of the 77 participants40 wereableto clas-
sify themembersf all six cateyoriesbetterthanchanceand
37 werenot.

The40 participantsvhowereableto classifythemembers
of all six catgyoriesbetterthanchancen thefinal block of the
experimentarereferredto aslearners. The 37 participants
wholearnedo classifyall four exceptionshetterthanchance
but wereunableto assimilatethe Category A andB training
itemsarereferredto aspartial learners. Inasmuchasthekey
comparisondor distinguishingbetweerrule representation,
exemplarrepresentatiorandtheaugmentedxemplarrepre-
sentationdependuponparticipantsknowing how to classify
the training stimuli correctly the datafrom the learnersis
mostrelevant for distinguishingbetweenthe theories. The
partiallearners’results therefore arepresentednly briefly
andarenot consideredurther.

Empirical Results

Partial Learnes. As would be expectedfrom the cri-
teria usedto designatethe partial learners,during the last
block, the participantsrespondedcorrectly on 71% of the
trials (SD = 18.9%) in which exceptiontraining itemswere
presentedbhut only 41%of thetrials (SD = 13.1%) in which
rule-consistentrainingitemswerepresented.

The patternof generalizationto the 7 stimuli wasconsid-
erablydifferentfor the partial-learnergshanfor thelearners,
aswill be seen.The modalresponsdor the partiallearners
wasthenearbyexceptioncategory (M = 39%,SD = 34.1%)
althoughthey madea substantiahumberof rule-consistent
(M = 24%,SD = 31.5%)andopposite-ruleesponseaswell
(M = 27%,SD = 32.5%; cf. theright panelof Figurel).

Learnes. The proportionof rule-consistenCateyory A
and B classificationdor the learnersduring the last block
of the experimentis shawn in the left panelof Figure 1,
wherelight squaresndicaterule-consistenCategory A and
B responsesDuring the lastblock, learnersrespondedor-
rectly on 69% of thetrials in which rule-consistentraining
itemswerepresentedSD = 9.9%)andon 82%of thetrialsin
which exceptiontrainingitemswerepresentedSD = 9.6%).

! Pilot studieswere performedin which the numberof initial
exception-onlyblockswerereduced Althoughthe performanceof
participantsin the pilot studieswho learnedto classify the train-
ing stimuli correctly was not qualitatvely differentfrom the par
ticipantswho learnedthe training stimuli in the presentstudy the
presentationf theseadditionalexception-onlyblocksincreasedhe
proportionof participantsvho learnedthetraining stimuli.
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Evidenceof rule representatiotis mostclearly found in
participants’generalizatiorio novel stimuli, especiallythe T
stimuli. Rule-consistentesponseso thesestimuli suggest
rule representatiomwhereasxceptionresponsesuggesex-
emplarrepresentationand opposite-ruleresponsesuggest
theaugmentedxemplarepresentatiodescribegreviously.
Theright panelof Figurel shovstheseproportionsof partic-
ipants’responsed.Thelearnerslearlytendedo classifythe
7 stimuli accordingto the rule. Thus,theseresultsprovide
initial evidencefor rule representatiom this strictly percep-
tual categgory learningexperiment.

In light of this rule-consistentlassificatiorof the 7 stim-
uli, avalid concernmight be thatthis patternwasdrivenby
learnerswho had masteredhe rule at the expenseof cor
rect classificationof the exceptions.Learners’performance
on rule-consistentraining items, however, is positively cor
relatedwith performanceon exceptiontraining items pre-
sentedduring the last block of the experiment,r = .58,
t(38) = 4.364, p < .0001. More importantly, thereare no
outliersthatwould indicatethat somelearnersweretrading
off betweeraccurag on rule-consistenandexceptiontrain-
ing items. Neverthelessit could still be the casethatrule-
consistentclassificationof the 7 stimuli is most prevalent
amongearnersvhowerepooresttclassifyingthe Cateyory
C andF trainingstimuli. Reliableevidenceof atrade-of be-
tweenrule-consistentlassificationof the 7 stimuli andcor-
rect classificationof the Category C and F training stimuli
in the last block could not be found, r = —.07, one-tailed
t(38) = —0.435,p = .33. Hence,t is reasonabléo conclude
thatthelearnersperformanceavassufiiciently homogeneous
to beaggregatedandexaminedjointly.

Model-Basedinalyses

Although the learners’patternof responsess suggestie
of rule-basedespondingit is difficult to predicthow well
an exemplarmodelof categyorizationcanaccountfor a pat-
tern of resultswithout fitting it to the data. To testwhether
theadditionof rule representatioasinstantiatedn ATRIUM
is usefulto accountfor participants’behaior, both an ex-
emplar model, (ALcovE; Kruschle, 1992), and the rule-
and-xemplarmodel(ATRIUM; Erickson& Kruschle, 1998)
werefit to thesedata.

ATRIUM is a hybrid modelcomposedf modules. Each
stimuluspresentedo the modelis processedimultaneously
by all of themodules.Thenumberof moduless determined
by the numberof dimensionsin the category structurebe-
ing learned. Thereis onemoduleperdimensionthatlearns
rulesandoneadditionalmodulethatlearnsexemplarassocia-
tions. Thus,to simulatethedatafrom thepresenexperiment,
threemoduleswere required. The first two were a height-
rule moduleandaposition-rulemodulethatcouldeachlearn
to classifythe stimuli basedon single-dimensiomules. The
third was an exemplar modulethat could learnto classify
eachstimulusby evaluatingits similarity to the membersof
eachof the categories. This exemplarmoduleis identical
to the ALcovE model (Kruschlke, 1992). The modulesin
ATRIUM are controlledby a gating mechanismwhich also

usesexemplarrepresentationlt learnswhich moduleis best
suitedto classify eachstimulusand controlsthe degreeto

which eachmodulecontritutesto eachclassificatiorso that

thethe bestmodulecontributesthe most. The gatingmech-
anismalso controlshow rapidly eachmodulelearnsbased
on feedbackso that the modulethat performsthe beston

eachclassificationalsorecevesthe mostfeedback{Jacobs,
Jordan,& Barto, 1991; JacobsJordan,Nowlan, & Hinton,

1991;Jacobs1997).

Both modelswere presentedvith the exact sequencef
stimuli seenby eachparticipant,andon eachtrial, they pre-
dicted the probability of choosingeachof the six possible
responsesALCOVE makesits responsedy consideringhe
similarity of eachstimulusto the previously presentedtim-
uli in eachof the categyories. For example,if the stimulus
with sggmentposition2 andheightl werepresentedfterall
thetrainingstimuli hadbeenpresentedtleastonce,it would
be highly similar to mary of the Category A stimuli (espe-
cially previous instancesof itself that it would matchper
fectly), lesssimilar to the Category D training stimulus,and
still lesssimilarto theCategyory B, C, E, andF stimuli. Hence
ALCOVE would predictthatthis stimuluswould beclassified
mostoftenasa memberof Cateyory A. Thistheoryof cate-
gorizationhassuccessfullyaccountedor a large numberof
empiricalphenomengChoietal., 1993;Kalish & Kruschle,
1997;Kruschle, 1992,1993a,1993b,1996;Nosofsks et al.,
1994; Nosofsky & Kruschle, 1992; Nosofsly et al., 1992;
Nosofsky & Palmeri,1996;Palmeri,1999).

ATRIUM positsthat in additionto exemplarrepresenta-
tion, peoplemayform dimensionatules.In thisexperiment,
for example,ATRIUM would be expectedto form arule that
classifiesall stimuli whoseseggmentis positionedto the left
in Catggory A andall stimuli whosesggmentis positioned
to theright in Category B. Additionally, becausehe gating
mechanismin ATRIUM learnswhich stimuli are bestclassi-
fied by eachrule andwhich are bestclassifiedusing exem-
plar similarity, it canlearnthatthe Category A andB stim-
uli shouldbe classifiedusingthe sggment-positiorrule and
thatthe Category C, D, E, andF stimuli shouldbe classified
usingexemplarsimilarity. This rule-and-a&emplartheoryof
categyorizationhasproved superiorto ALCOVE in a number
of instanceqErickson,1999; Erickson& Kruschlke, 1998;
Kruschle & Erickson,1994).

ATRIUM is a generalizatiorof ALCOVE. It is morecom-
plex and,therefore shouldbeexpectedo provide aquantita-
tively superioraccountof participants’performanceelative
to ALCOVE. Becauseof this, it is importantto measurehe
quality of eachmodelsfit in a mannerthattakesATRIUM’S
additional compleity into account. Akaike’s information
criterion statistic(AIC, Akaike, 1974) penalizesnodelsfor
compleity asmeasuredy the numberof free parameters.

*The 7 and7- dataare collapsedbecausealthoughlearners
were more likely to give an exceptionresponseo the 7 stimuli
(M =.35,9D = .455)thanto the 7 stimuli (M = .04,SD = .175),
t(39) = 4.41, p < .001, all threeexplanationsunderconsideration
male this sameprediction. The distinction between7. and 7,
thereforedoesnot helpdistinguishbetweerthetheoriesandhence
they have beencombined.
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Modelswith morefree parameterincur a greatempenaltyso
that, ideally, simpler modelsare preferred. Unfortunately
the degreeto which this penaltyis sufficient dependsupon
factorsexternalto the models. In particular asthe number
of datapointsincreasesthe impactof the penaltydecreases
sothatmorecomple< modelstendto befavoredinappropri-
ately(Busemger& Wang,2000;McDonald& Marsh,1990;
Myung & Pitt, 1997).

Becausef the possiblebiasinducedusingthe AIC, it is
beneficialto usecomplementarymethodsof evaluatingthe
modelsto corroborateor refuteits initial indications.In this
article, this is doneusingtwo different methods. The first
methodis simply to supplementhe AIC with otherfit statis-
tics.

The secondmethodis to examinethe models’qualitative
predictionsfor a setof critical data. In this case,the criti-
cal datawere the numberof rule, exception,and opposite-
rule responsegivento thetwo 7 stimuli. Thesecritical data
pointsareimportantbecauseasdescribedgachof threethe-
ories underconsideratiorpredictsa different patternof re-
sponsesAlthoughthesedatapointswereincludedin the set
to which the modelswerefit, the parameteadjustingproce-
durehasno way of “knowing” which of the datapointsare
the critical ones. Thus,aslong asthe proportionof critical
datapointsis small,they areunlikely to have adisproportion-
ateimpacton the estimatedparametewalues. In this case,
thecritical setcomprisedust 6 datapointsout of 155 (about
4%). This methodof examiningqualitative predictionsfor a
setof critical datais, in mary ways, moreinformative than
guantitatve measuresf fit. By examiningthesecritical data,
one can determinein a broadsensethe degreeto which a
modelcanor cannotaccounfor grossaspect®f behaior.

EricksonandKruschlke (1998,seealsoKruschlke & Erick-
son,1994)have alreadyshawn thatit is difficult for ALCOVE
to accountfor someof the detailsof learningin experiments
suchasthe onepresentedhere. Thereforeif ALCOVE were
fit to the learningdatafrom this experiment,its parameter
settingswould reflectan attemptto simultaneouslyaccount
for boththelearningandthetransferdata.Consequentlythe
quality of thefit to the transferdatawould almostcertainly
be diminished. Hence,to maximizethe possibility that AL -
coVvE would be ableto provide a good qualitative account
of thetransferdata,the modelswereonly fit to participants’
patternsof classificatiorfor the 31 transferstimuli in the last
block of the experiment(shovn in theleft panelof Figurel).
Eachof thesestimuli could have beenclassifiedinto one of
six possiblecatagyoriesyielding 31 stimuli x (6 — 1) inde-
pendentcatgyory choices= 155 degreesof freedomin the
data. As statedpreviously, threeof the responseatayories
for the 7 and7- stimuli wereidentifiedasthe critical data.
The correspondingesponse&atayories(i.e., rule, exception,
andoppositerule) for the 7 stimuli werethencollapsedand
theresultingempiricaldataandmodelpredictionsareshavn
in theright panelof Figurel.

The two modelssharedfive commonparameters.These
were the learning rate for exemplar classification,Ae; the
learning rate for dimensionalattention,Ay; a measureof
overall discriminability betweerthe stimuli, ¢; a measurenf

decisioncertainty ¢, anda measureof the relative salience
of the two dimensionsof stimulusvariation,v. This last
parametemwas necessarypecausalthougha previous sim-

ilarity scalingstudy had shovn that the two dimensionsof

stimulusvariationusedin this studywere separabl€Erick-

son& Kruschlke,1998,AppendixC), ascalingstudywasnot

performedwith theseparticular64 stimuli to determinethe
relative salienceof the two dimensions.By includingu as
a free parameterthe bestvaluefor eachfit could be deter

mined, and no fit would be prejudicedby a poor estimate.
Consistentwith the scalingstudyreportedby Ericksonand
Kruschle (1998),in all the fits reported the salienceof the
segmentpositionwasgreaterthanthatof rectangleneight.

ATRIUM’s learningwas governedby five other parame-
ters: the learningrate for rule-basectlassificationA;; the
degreeof rule precision,y;; thelearningrate for the gating
mechanismAg; the relative cost for rules basedon rect-
angle height, c,; and the relative cost of rules basedon
sementposition, ¢,. For a completedescription,seeEr-
ickson (1999). Both modelswerefit to the datafrom the
learnersaandthepartial-learnerseparatelyandtheparameter
spacesveresearchedisinga simulatedannealingalgorithm
(CoranaMarchesiMartini, & Ridella,1987;Goffe, Ferrier,
& Rogers]1994).

ALCOVE’s bestfit yielded AIC = 262446, R?> = .465,
and RMSD = 0.202 (for parametewvaluesof A = 0.309,
Ao =0.001,c=0.736,9= 0.734,andv = 2.283). In con-
trast, ATRIUM’s bestfit yieldedAIC = 145479, R? = .840,
and RMSD = 0.110 (for parametewvaluesof A = 0.026,
Ao =0.148,¢c=4.800,¢0=11.693,v = 1.425,A\, = 0.796,
Yr = 8.594,Ag = 1.493, ¢, = 7.890,andcp = 1.046). Un-
der the AIC and RMSD, lower valuesindicatea betterfit,
whereasunderR?, highervaluesindicatea betterfit. There-
fore, usingthefit statisticsalone,it canbe seenthatthe im-
provementin fit providedby theadditionalprinciplesinstan-
tiatedin ATRIUM beyondthoseinstantiatedn ALCOVE was
substantial. Moreover, examinationof the models’fit to the
critical 7. and 7z stimuli, shavn in the right panelof Fig-
ure 1, indicatesa fundamentaproblemwith the predictions
madeby ALCOVE. ALCOVE predictsthatparticipantshould
tendto classifythe 7 stimuliasmember®f thenearbyexcep-
tion catggorieswhereasaTRIUM, in accordwith the empiri-
cal data,predictsthatthey shouldtendto classifythe 7'stim-
uli asmemberof thesurroundingule cateyories.Therefore,
bothmethodsof evaluatingthe models’fits indicatethat ex-
emplarrepresentatioaloneis insufficient to accountfor the
learners’behaior.

Discussion

This combinationof empirical dataand modeling indi-
categhatparticipantsexhibitedstrongrule-like extrapolation
of catgyorization. They classifiednovel stimuli accordingto
arule, evenwhenthe mostsimilar training exemplarswere
exceptionsto therule. Theseresultswereaccountedor by
ATRIUM (Erickson& Kruschlke, 1998),whichis arule-and-
exemplarmodel, but they could not be fit by ALcovE (Kr-
uschle, 1992),whichis anexemplarmodel.
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AlternateExemplarModels

It is importantto acknavledgethat exemplarmodelsare
quite powerful, andit may be possiblethat a modelin that
classcould provide an alternateexplanationfor thesedata.
Without an exhaustie searchthis resultwould be impossi-
ble to rule out. Neverthelesswe briefly considerfour possi-
ble classeof modificationsthat could be madeto exemplar
modelsand describewhy is seemsaunlikely thatthey could
accounftfor thesedata.

Thefirst classof modificationswe considerarethosesug-
gestedby Nosofsk/ and Johanser{2000) that augmentex-
emplarrepresentationwith value-on-dimensiomepresenta-
tion. Becausef the designof the cateyory structurerelative
to ALCOVE, this type of model predictsan increasein the
proportionof participants’oppositerule cateyory responses
whenpresentedvith the 7 stimuli. ALcovE, however, devi-
atesfrom thedatabecausét predictstoo few rule-consistent
responseshot too few oppositerule responses.Thus, this
classof augmentednodelswould not accountfor partici-
pants’behaior.

The secondclassof exemplarmodelswe considerare
thosethat have alternatemonotonictransformationof the
psychologicaktimulusspace.The versionof ALCOVE that
wasfit to the datafrom the presentstudy allowed for pro-
portional stretchingof the stimulusspacevia the v param-
eter and attentionlearning. Thesemechanismallow each
dimensiorto bestretchedr shrunkuniformly. It is possible,
however, thata versionof ALcoVE couldaccounftfor partic-
ipants’ patternsof generalizatiorif it assumedhatthe par
ticipants’ psychologicarepresentationf the stimulusspace
wastransformedn a more complex manner We testedthis
possibility by allowing the initial positionsof the represen-
tation of eachrectangleheightand sgmentpositionin the
stimulusspaceto be a free parametergiven the constraint
thattheir ordernot changg(i.e., monotonicity),while simul-
taneouslyfitting ALCOVE to the data. This versionof AL-
COVE wasableto provide an overall fit that was compara-
bleto ATRIUM (without freely scaledheightsandpositions).
Whereaghe overall fit asmeasuredy the AIC = 140219
wasslightly superiorto thatof ATRIUM, the othertwo mea-
suresof fit R? = .757,, andRMSD = .136 indicatedan ad-
vantagefor ATRIUM (for parametewaluesof A = 0.258,
Ao = 0.001,c=0.197,and@ = 1.583)3 More importantly
this modelfailed to accountfor the participants’patternof
generalizatiorof the critical 7 stimuli. With this moreflexi-
ble psychologicakpacethis versionof ALCOVE wasableto
increasats predictedoroportionof rule-consistentesponses
anddecreasés opposite-ruleesponse&34and.07,respec-
tively). However, whereaghe learners’modalresponsavas
rule-consistentALCOVE's was still the near exceptioncat-
egory (.54; cf. theright panelof Figure1). Thus,ALCOVE
still tendsto classifythe 7 stimuli asexceptionsevenunder
the bestfitting monotonictransformatiorof the psychologi-
cal space Althoughthefit statisticsaresomavhatequivocal,
examinationof the critical dataindicatesa clear, qualitative
adwantagefor rule representatiom this case.

Thethird classof exemplarmodelswe considerarethose

that add biasesto the outputs. Inasmuchas the different
catgyoriesoccurwith differentfrequenciesit is reasonable
to supposehat participantsmight be sensitve to thesefre-
quenciesandincorporateéheminto theirresponsestratey. If
participantdearnedfor example thatCateyory A responses
occurredl6 timesperblockin thelastseveral blocksof the
experimentwhereasCateyory C responsesccurredonly 10
times per block, that might explain why they tendto clas-
sify the 7;. stimulusasa memberof Catgyory A. To testthis
hypothesis,we extendedALCOVE to incorporateresponse
biaslearning. The bestfit of this extendedversionof AL-
COVE yieldedAIC = 222566,R? = .620,andRMSD=.170
(for parametewraluesof A¢ = 0.782,A¢ = 0.001,c=1.021,
¢ = 0.685,andv = 1.532). Although this extensionof AL-
COVE wasableto improve uponthefit of standardaL COVE,
it wasstill far worsethanthat of ATRIUM. Moreover, even
thoughthis versionof ALcoVE wasableto predictfar fewer
exceptionresponseshanthe standardaLcove (.30), it did
so by augmentingooth rule-consistenand opposite-rulere-
sponseg.27 and.31, respectiely). Thus,underboth meth-
ods of model evaluation, this versionof ALcovE failed to
meetthe standardsetby ATRIUM.

The last classof exemplarmodelswe considerare ones
that might parsethe classificationtaskinto two constituent
parts: a rule-consistenpart and an exceptionpart. For ex-
ample,participantsmight have learnedto recognizethe ex-
ceptionsandto classifythemusingoneexemplarrepresenta-
tion while usinganotherexemplarrepresentatiofor all other
stimuli. This would permit both accurateexception clas-
sification and rule-consistengeneralization.As with other
possibleexemplarmodelswe cannotrule outthe possibility
thatsomesuchmodelcouldaccountor participants’pattern
of generalizationin the presentexperiment. We postulate,
however, thatthe key to suchan accountwould be the co-
ordinationof the two representationsWe have termedthe
principle in ATRIUM that underliesits coordinationof dif-
ferentrepresentationsepresentationalattention The idea
behindthis principleis thatpeoplelearnto usedifferentrep-
resentationsn differentsituations. In ATRIUM, it is imple-
mentedin the exemplarbasedyatingmechanisnthatlearns
which representatioiis bestsuitedto classifyeachstimulus
anddirectscorrective feedbackto this samerepresentation.
This allows rapid specializationof eachof the representa-
tionsandreducesnterferencebetweerthem. It seemdikely
thatary modelthatis ableto accountfor thesedatausing
multiple representationgvenmultiple exemplarrepresenta-
tions, will needto instantiatesomeform of representational
attention. Whetherour hypothesisholds, however, remains
anopenquestionfor exemplartheoriststo explore.

%In this fit, rectangleheight 1 was assignedto location 0.0,

andthe bestfitting locationsof the subsequertheightswere0.289,
0.907,4.872,12.340,19.151,21.592,and 22.312. Without loss
of generality the first andlast segmentpositionswereassignedo
locations0.0 and 7.0, andthe best-fittinglocationsof theinterven-
ing sgmentpositionswere0.993,1.720,2.384,6.174,6.269,and
7.000.
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Whenare rulesinduced?

Themainfocusof thisarticlehasbeento demonstratéhat,
when possible,peopleuserule representatiomvenin free-
stratgyy inductive category learningsituations. Why might
learnersdo this? It seemdikely thata principle benefitof
rule induction is a dramaticaccelerationof learning. Kr-
uschle and Erickson (1994) provided evidencefor this hy-
pothesishy examiningseparatelyhe performanceof partic-
ipantswho learnedto classifyexceptiontraining stimuli be-
fore the rule-consistentraining stimuli (exception-fist par
ticipants)and the performanceof participantswho learned
to classifythe rule-consistentraining stimuli beforethe ex-
ceptiontrainingstimuli (rule-first participants) Whereaghe
rate of learningfor the exception-firstparticipantscould be
well accountedor by ALCOVE, it wasunableto accountfor
the learningperformanceof the rule-first participantsusing
exemplarrepresentatioalone.It wassimply unableto learn
to classify the rule-consistenstimuli as fast asthe human
learners.An extendedversionof ALCoOVE thatincorporated
mary of the principlesof ATRIUM, however, wasableto pro-
vide an excellentaccountof the speedwith which the rule-
first participantdearnedto classifytherule-consistentrain-
ing stimuli.

If rule-inductionaccelerateglassificationlearning,why
is it that evidenceof rule-inductionis not foundin all cat-
egory learningtasksin which a rule exists? In particular
why did Nosofsky and Johanser(2000) not find evidence
of rule representatiom their follow-up of EricksonandKr-
uschle’s (1998) Experimentl? Accordingto ATRIUM, dif-
ferent representationge.g., rules and exemplars)compete
with oneanotherto classify eachstimulus. Learningto use
rules, therefore,reducesthe capacityto learn associations
betweernexemplarsandcateyory labels. Giventhis capacity
constraintjt makessensehatastasksbecomemoredifficult,
participantswill belesslikely to inducerules. It shouldbe
notedthat the difficulty of the task dependsboth uponthe
taskitself aswell astheresourcedearnerdringto it. Thus,
it shouldbe expectedthat for mosttaskstherewill be indi-
vidual differencesn rule induction.

According to the predictionmadeby ATRIUM that rule
induction should occur less as task difficulty increasesa
principle reasonthat Nosofsk/ and Johanser{2000) failed
to find strongevidenceof rule inductionshouldbe thattheir
taskwasmoredifficult. It seemdik ely thatremoving thetic-
marksandthenumericlabelsfrom the stimuluspresentations
in their variationof EricksonandKruschle’s (1998)Experi-
ment1 did make the learningtaskmoredifficult. By reduc-
ing theamountof identifying informationfor eachstimulus,
they increasedhe confusabilityof the stimuli. This, then,
would have madetheformationof clearassociationbetween
stimuli and category labelsmoredifficult. Further thereis
evidencein the datathat suggestshatthe Nosofsky and Jo-
hansenstudy may have beenmore difficult. Despiteoffer-
ing a $25 premiumfor the top threeparticipantswhich was
designedo motivate participantsto performbetter Nosof-
sky and Johanserultimately excludedthe datafrom 39%
of their participants. Ericksonand Kruschle, on the other

hand,offeredno monetaryrewardin their studyand, using
Nosofsky and Johansers criteria for excluding data,would

only have excluded33% of their participant-dueto learning
performance. Unfortunately this sameanalysiscannotbe
appliedto the presentstudydueto differencesn its design.
For example,participantdn the presenstudyweregivensix

possiblecatgyory labelswhereasn the previousstudiesthey

were given only four. Clearly, therefore,the samecriteria
cannotbe applied. Neverthelessmary aspectsof the de-

signof the presenexperimentmay have madeit easierthan
Nosofsky andJohansers study Whereasn their study 100

differentstimuli werepresentedisingthe rangeof rectangle
heightsandandline segmentpositionsavailableonthe com-

puterscreen|n the presentstudy therewereonly 64. This

quitelikely senedto decreaseonfusabilitybetweerstimuli

therebymakingthe formationof associationbetweenstim-

uli and category labelseasier Further the training stimuli

were more denselydistributed acrossstimulusspacein the

presentexperiment. This may have sened to delineatethe

rule moreclearly. Althoughtheseexplanationsareonly sug-
gestve, they do provide a plausibleaccountof the different
resultsobtainedby EricksonandKruschke (1998),by Nosof-

sky and Johanserf2000),andin the presentstudy Thatis,

whena cateyory learningtaskbecomegoo difficult, people
arelesslikely to be ableto afford the costof learningthe

rule. This causeghemto rely on exemplarbasedcateyory

learning.

Summary

ATRIUM (Erickson& Kruschlke, 1998; Erickson, 1999;
Kruschle & Erickson,1994)was ableto provide a signifi-
cantlybetteraccountbof the datafrom the presenexperiment
than ALcoVE (Kruschlke, 1992) and several other possible
exemplarmodels.Thecombinatiorof theempiricaldataand
modelingresultspresentedhereinprovide a continuingchal-
lengeto theoristswho argue that a purely exemplarbased
accountof category learningis suficient.

We argue that ATRIUM is able to accountfor the re-
sults from thesecateyory learning experimentsbecauset
incorporatedoth rule and exemplarrepresentationAs we
have shavn previously (Erickson& Kruschle, 1998,Exper
iment 2), exemplarsmay be usedto represenboth rule and
exceptiontraining instances.Thereforeexemplarrepresen-
tation shouldnot be thoughtof asexceptionrepresentation.
The key psychologicaideaimplementedn ATRIUM is that
peoplehave differentrepresentationavailablefor encoding
categyory structure andthe goalof rapiderrorreductionis an
importantinfluenceon the choiceof representationlf rules
arementally available that canrapidly capturethe structure
of the categories,thenthey will tendto beused.
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