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Individual Differencesin Exemplar-Based I nterference During
Instructed Category L earning

David C. Noelle
(NOELLE@CNBC.CMU.EDU)
Centerfor the NeuralBasisof Cognition
Carngjie Mellon University
Pittsturgh, PA 15213USA

Abstract

Instructedcategory learning studieshave shavn that catego-

rization practiceon a fixed setof labeledtraining exemplars
cancausdearnergo violateexplicitly providedcategorization
instructions.We have previously proposech connectionistic-

countof this exemplarbasednterferenceeffect— anaccount
which predictsthat individuals who display initial difficulty

in the applicationof a cateyorizationrule will exhibit greater
exemplarbasednterferencehangoodrule-followers. In this

paperwe reportonastudyof humaninstructedcateorylearn-
ing performanceantendedto testthis predictionof the model,
andwe provide theresultsof additionalconnectionissimula-
tionswhich arefit to the humanexperimentaldata.

I ntroduction

Instructedcategory learningstudieshave revealedthat expe-
riencewith labeledexamplescan sometimescauselearners
to deviate from previously provided cateyorizationinstruc-
tions, even when the category labelson the training items
areperfectlyconsistentvith thegiveninstructiongAllen and
Brooks,1991; Brookset al., 1991). Suchexperimentstypi-
cally begin with thepresentatiof anexplicit rulefor cateyo-
rizing stimuli. Thesenitial instructionsarefollowedby a se-
guenceof trials in which stimuli arepresentedo thelearner
one at a time. The learneris asked to make a categyoriza-
tion judgmentfor eachstimulus,andthis judgmentis imme-
diatelyfollowedby performancdeedbackproviding thecor-
rectcategyorylabelfor theobject. After asubstantiaperiodof
suchtraining, thelearneris presentedvith novel stimuli and
is askedto provide catgyory labelsfor thesenovel items.Pre-
vious studieshave discoreredthat learnersmay sometimes
violatetheinstructionsthatthey weregivenwhenfacedwith
a novel stimulus, assigningthe category label of a similar
training setexemplarto the novel item in lieu of accurately
applyingthe givenexplicit rule.

We have previously presenteda connectionistmodel of
instructedcatayory learning which explains this exemplar
basednterferencesffectasemepgingfrom theuseof anerror
correctingearningrulewhenlearningfrom examplegNoelle
and Cottrell, 1996). This model posits the existenceof a
working memory network which actively maintainsa dis-
tributed patternof actity encodingthe explicitly provided
catgyorizationrule. Themodelalsoincludesa categorization
network — a systemwhich assignscategory labelsbasedon
stimulusfeatures Thebehavior of thecategorizationnetwork
is modulatedby actiity in the working memory network,
allowing explicit instructionsto shapecategorizationperfor
mance. Exemplarbasedinterferenceappearsvhenconnec-
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tion weightsin the cateyorizationnetwork are modified, by
anerrorcorrectinglearningrule, astheresultof performance
feedbackon the training exemplars. This mechanisnmmakes
agenerapredictionconcerningexemplarbasednterference:
difficulty in rule-following shouldresultin largeramountsof
interferencelf thenetwork exhibits substantiatesidualerror
when applying a given explicit cateyorizationrule, this er
rorwill producdargeweightchangesiuringexemplarbased
training, andsignificantinterferencewill arise. This predic-
tion hasa numberof corollaries. First, the compleity of
the categorizationrule shouldimpactinterferencewith more
comple rulesproducingmoreinterference Seconda corre-
spondingrendshouldbeseeracrossndividuallearnerswith
individualswho areerrorproneat rule applicationexhibiting
moreinterferenceghanthosewho find rule applicationeasy
In this paper we investigatethesepredictions. We report
on a humaninstructedcategory learningstudywhich inves-
tigatesindividual differencesn exemplarbasednterference,
andwe provide the resultsof detailedconnectionissimula-
tionswhich modeltheobsenedhumanearningperformance.

Individual Differencesin Interference

Method

Undegraduatestudentsvereasledto learnto cateyorizeaset
of simplegeometridine drawingsinto two categories. Each
geometricstimulusinvolveda circle with aradialline, drawn
in greenonablackcomputerscreenThecircle stimulivaried
alongtwo continuousdimensionssizeandorientation.Four
differentsizedcircleswereused with radii of approximately
5.0 mm, 7.0 mm, 10.0 mm, and14.0 mm. The numberof
distinctorientationswvasalsofour, with theradial line of the
circlerotatedcounterclockwisérom theright-pointingvector
by 30°, 60°, 120°, or 150°. Eachof thefour anglesof rotation
could be pairedwith eachof the four sizes,producinga set
of 16 differentstimulusitems. Thesestimuli may be graph-
ically depictedaspointsin atwo dimensionafeaturespace,
as shown on theright side of Figure1. Of the 16 possible
circle stimuli, sevenweredistinguishedastraining setitems.
Thesdtemsaremarkedwith boxesin Figurel. Fourtraining
stimuli wereto be placedin onecatagory, calledthe “black”
categyory herefor corvenienceandthe remainingthreewere
to beplacedin theother, calledthe“white” category.

A typical experimentalrial involvedthe presentatiorof a
circle in the middle of a blank computerscreen. Participants
were expectedto identify the appropriatecateyory for each
stimulus, communicatingtheir judgmentby depressinghe
appropriatekey onthe computetkeyboard.No time pressure



wasplacedon the learnersandaccurag wasstressedn ini-
tially providedtaskinstructions. Oncea categyory judgment
was madefor a given stimulusobject, a messageppeared
abovethecircleindicatingif thegivenclassificationvascor-
rector not. The correctcategory label was also explicitly
providedatthis time. This feedbackemainedn thedisplay
for 2 secondsafterwhich time the next trial began.
Participantswererandomlyassignedo oneof two experi-
mentalconditions:the simplerule conditionor the comple
rule condition. In eachof thesetwo conditions,the experi-
mentalsessiorbeganwith the presentatiorf anexplicit rule
for categyorizing the circle stimuli. The learnersin the sim-
ple rule conditionweretold thatcirclesin the “black” cate-
gory werethoseof the smallestsize, or of the largestsize,
or rotated150°. All other circleswereto be placedin the
“white” cateyory.! Participantsin the complex rule condition
weregivensimilar categyorizationinstructionsonly their rule
includedan “exception” clause. All circles of the smallest
size,thelargestsize,or rotated150° wereto be placedin the
“black” category unless they wererotatedby 60°. All cir-
cleswith radiallinesat60° wereto be placedin the “white”
catgory, evenif they were of the largestor smallestsizes.
Theinstructionswere designedo ensurethatthe ruleswere
clearly understood. The four stimuli sizesandthe four an-
glesof rotationweregraphicallydisplayednthesamescreen
with thetextually presente@ategorizationrule. Therule was
describedn plain English, making referenceto the graphi-
cal examples.Furthermoreparticipantswverenot allowed to
adwanceto thenext stageof the experimentuntil they demon-
stratedan accuratememoryof therule by correctlyidentify-
ing arewordedversionof it in alist of threealternatves. Par
ticipantsalsodemonstratedetentionof therule by describing
it duringaninformal debriefingfollowing the experiment.
Oncecateagorizationinstructionswveregiven,learnersvere
presentedvith 36 blocks of training trials, eachblock con-
sisting of one presentatiorof eachof the seventraining set
items, appearingn a randomorder Eachtrial involved the
display of one of the stimuli, a categorizationjudgmenton
the part of the learner and a period of performancefeed-
backwhich providedthecorrectcategory labelfor theobject.
At the end of this training phase, participantswere given a
short break, during which time they were told that perfor
mancefeedbackwould be suspendedor the remainderof
the experimentalsession. They werethenpresentedvith 8
blocksof trials incorporatingall 16 of the possiblestimulus
objects. The stimuli were presentedn a randomorder, with
thelearnerproviding a category labelfor eachobjectbut re-
ceving no feedbackconcerningthe accurag of suchjudg-
ments. Following this testing phase, the sessiorwaspaused
oncemore,andlearnersveregivenanew categorizationrule
to apply They weretold that they would soonbe asked to
classify circlesaccordingto the new rule without the bene-
fit of performanceeedback. The new rulesinvolved rotat-
ing the structureof the original rulesin featurespace keep-
ing the compleity of the rulesconstant. In the simplerule
condition, the new rule placeditemsin the “black” category
if they were rotatedto 30°, or to 150°, or if they were of
the smallestsize. The new comple rule wasthe same,ex-

Thestimuli usedhereandthe simplecateyorizationrule arede-
rivedfrom the experimentof Nosofsky, Clark, & Shin(1989).

ceptall circlesof the penultimatesize(i.e., 10.0 mm radius)
wereto be placedin the “white” category, regardlessof ori-

entation. Following thesenew classificationinstructions,8

moreblocksof trials weregiven, eachinvolving all 16 stim-

uli, randomlysequencedThe goal of this final collectionof

trials wasto assesshe rule-following ability of eachlearner
whenno exemplarbasedeedbackwvasmadeavailable. This

final rule-following phase was conductedwith new catejo-

rizationinstructiongo avoid transferfrom the earliertraining

phas€e? Thetotal numberof cateyorizationtrials experienced
by eachparticipantwas 508, andtheseweretypically com-
pletedwithin aperiodof 45 to 55 minutes.

Theperformancef participantfrom athird experimental
conditionis alsoreportedhere. The datafor theselearners
were collectedduring a previous experiment(Noelle et al.,
2000). In this third condition, no explicit categorizationin-
structionsweregiven. Participantswereasledto learnto cat-
egorizethecircle stimuli from feedbaclonthetrainingitems
alone.Thesdearnersxperience®52 trainingtrials with the
seventrainingstimuli, astheinstructedearnersdid, andthey
weretestedwithoutfeedbackpnall 16 objectsfor 128 trials,
asbefore. Sinceno explicit instructionsweregivento these
participantsno final rule-following testwasconducted.

All of the participantsin this experimentwereundegrad-
uate studentsenrolled in psychologyor cognitive science
coursestthe University of California, SanDiego duringthe
1996-1997academicyear They receved coursecreditin
exchangefor their participation. Datawere collectedfor 36
uninstructegarticipants28 learnersn thesimplerule condi-
tion, and27 in thecomple rule condition. Somestudentglid
notappearo be engagedy thetask,exhibiting chancdevel
rule-following performanceor chancelevel performanceon
the training setitems even after the 252 training trials. The
datafor theseparticipantsverediscarded|eaving valid data
for 34 uninstructedlearners,27 learnersin the simplerule
condition,and19 learnersn the complex rule condition.

Results

The meanfrequeng of classificationresponsesaveraged
overtheuninstructedearnersaredisplayedn Figurel. The
meanresultsfor theinstructedparticipantsareshown in Fig-
ure 2. The charton the right side of Figure 1 presentghe
letter labelswhich will be usedto referto individual stimu-
lus objectsin the discussionpelon. The otherfeaturespace
graphsin thesetwo figuresshow the frequeng with which
learnersidentified objectsas beingin the “black” cateyory
duringvariousphase®f theexperiment.
Exemplarbasedinterference|f presentshouldbe found
in the testing phasecategorization frequencies. Suchin-
terferenceinvolves a changein categorization performance
away from thatdictatedby the rule instructionsandtowards
thatsuggestedby the distribution of training setitemsalone.
The responsesf the uninstructedearnersmay be taken as
a characterizatiomf the catgyory structuresuggestedolely

2Pravious experimentsattemptedo assessule-following ability
by testingeachparticipanton the original cateyorizationrule, over
all 16 stimuli, without feedbackprior to thetrainingphase.It was
found, however, that suchaninitial rule-following test, even with-
out performanceeedback,impactedperformanceduring the later
trainingandtestingphasesn amannemwhich masledinterference.
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Figurel: UninstructedConditionMeanResponsesCateayo-
rization resultsare shovn asthe percentagdrequeng with
which itemswere placedin the “black” categyory. Training
setitemsaremarkedwith boxes,coloredaccordingto the as-
signedcateyory label. Also shown are letter labelsfor the
stimuli, usedto referencdtemsin this report.

by thetraining exemplars.Performanceluringthefinal rule-
following phasemay be usedto approximatethe accuray,
over all 16 items, with which a learnermight have applied
the original rule prior to the training phase.Thus,exemplar
basednterferencanaybesaidto have beenpresentn agiven
conditionto the degreethat the patternof testingphasere-
spondingdeviated from rule applicationbehaior in the di-
rectionof thatexhibitedby theuninstructedearners.

In order to assessif exemplarbasedinterferencewas
presentin a given experimentalcondition, careful attention
must be given to the amountof error displayedby the par
ticipantswhenthey apply anexplicit rule without the benefit
of exposureto training items. Exemplarbasedinterference
may be saidto exist only if deviation from perfectrule ap-
plication increases as a result of performancefeedbackon
the training set. This characterizatiorsuggestsa quantita-
tive measuref interferencanvolving assessinthedeviation
from the explicit rule in both the rule-following andtesting
phasesandtaking the differencebetweenthesetwo values.
Rule-following phaseaccurag may be usedasan approxi-
mationof how well learnersmight have appliedthe original
explicit categorizationrule prior to exemplarbasedraining.
This estimateis comparedto cateyorization accurag dur-
ing the testingphase after training is complete. Using this
measureevealsthat deviation from therule did not reliably
changen thesimplerule condition(¢(26) = —0.664) but did
increasen the comple rule condition, with maminal relia-
bility (¢(18) = 2.02; p = 0.06).

Comparing deviation from the rule across the rule-
following and testingphasesds not a very powerful test of
interference however. The presenceof exemplarbasedin-
terferencedoesnot entail increasedieviation from the rule
for all stimulusitems. Indeed.,it is reasonabléo expectthat
the classificationperformancefor someof the stimulusob-
jectswill becomemore consistentwith the explicit rule as
a resultof exemplarbasedperformancdeedbacksince,for
someobjectsthe catayory structuresuggestetby thetraining
itemsis consistentwith that specifiedby the rule. A more
sensitve testof interferencewould restrictits consideration
to thosestimulusitemsfor which interferencas reasonably
expected.A simpleoperationabefinition of this expectation
canbebasedipontheuninstructegarticipantdata,expecting
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Figure 2: InstructedConditionsMean ResponsesCateajo-
rization resultsare showvn asthe percentagdrequeng with
whichitemswhereplacedin the “black” category. Explicitly
providedrulesaredisplayedasdashedoundanyines.

interferencdor thoseobjectswhichtheuninstructedearners,
on average placedin the oppositecateyory asthat specified
by the explicit rule. The simple cateyorizationrule conflicts
with meanuninstructedearneiperformancatitems“E”, “I”,
“N”, and“O”. For thecomplex rule, interferencds expected
for items“B”, “E", “I", and“O". Restrictingour attention
to theseitems, our measureof interferencebecomesthein-
creasén meanerror, definedasdeviation from therule,from
the rule-following phaseto the testingphase averagedonly
overthoseitemsfor which interferencevasexpected®
Making useof this more sensitve measuraevealsno re-
liable interferencdn the simplerule condition(M = 0.006;
S = 0.244; MSE = 0.059; F'(1,26) < 1) but substan
tial interferencen the complex rule condition (M = 0.220;
D = 0.244; MSE = 0.060; F(1,18) = 15.478; p < 0.001).
Our previous connectionistmodel of instructedcateyory
learningexplainedexemplarbasednterferenceasthe result
of connectionwveight modificationsmadeduring the training
phasedrivenby anerrorcorrectingearningrule (Noelleand
Cottrell, 1996). Under this view, large residualerrorswill
producdargeweightchangesn thenetwork, producinglarge
amountsof interference. Thus, this model gave rise to the
predictionthat increasecerror during rule application(esti-
matedby rule-following phasesrror) shouldbe accompanied
by increasedxemplarbasedinterference. Supportfor this

*Theremaybe concerrthatthis measuref interferences inap-
propriatesincedifferentrules were usedin the rule-following and
testingphases.Indeed,it may seemoddto comparecateorization
error on a specificstimulus(e.g.,item “O”) acrossthe two phases
when the relationshipof that stimulusto the cateyory boundaries
changedetweenthe phases.Theseconcernanay be partially al-
leviated, however, by noting that none of the significanceresults
reportedherechangef deviation from therule is averagedover all
stimuliin therule-following phaseandthis averagedeviationis then
comparedo theaveragetestingphaseerroron stimuli for whichin-
terferences expected.
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Figure 3: Network Architecture: Each circle representsa
standardsigmoidal processingunit, with the units grouped
into layers. Arrows representonnectiondetweerthe units
in theselayers. Exampleactivationsfor stimulus“J”, being
classifiedaccordingto thecomple rule, arealsoshawn.

predictionmay be seenin the differencebetweenthe sim-
ple rule andthe complex rule conditions. The comple rule
condition, which elicited a greaterdegree of rule-following
phaseerrorthanthe simplerule condition(13.5% averageer-
ror per stimulusobjectversus7.9%), elicited a greaterde-
greeof interferenceduring the testing phase. This predic-
tion mayalsobeinvestigatedatthelevel of individual differ-
ences. Accordingto the model, poor rule-followers should
displaymoreinterferencehangoodrule-followers. In order
to testthis prediction,a correlationwas computedover par
ticipantsin eachcondition betweenthe meanclassification
error during the rule-following phase(averagedover all 16
stimuli) andthe sensitve measureof interference.A statis-
tically significantpositive correlationwould verify the pre-
diction. Whentested,a maminally reliablenegative correla-
tion wasobsenedin the simplerule condition(r = —0.378;
t(25) = —2.041; p = 0.052), but a robust positive corre-
lation wasfoundin the comple rule condition(r = 0.629;
t(17) = 3.340; p < 0.01). In brief, the conditionwhich dis-
playedsignificantinterferenceverall (thecomple< rule con-
dition) alsosupportedheindividual differencegredictionof
the connectionismodel, while the condition which shoved
noreliableinterferencethe simplerule condition)revealeda
tendeng for poor rule-followersto becomemore consistent
with the explicit rule asaresultof training.

A New Connectionist M odel

Simulation Method

Our connectionistmodel of instructedlearning(Noelle and
Cottrell, 1996) has beenaugmentedo provide a detailed
accountof the experimentalresultsreportedhere,and new
model simulationshave beenconducted. The network ar
chitectureusedin thesesimulationsis diagramedin Fig-
ure3. Standardconnectionisprocessinglementaereused,

groupedinto layers,the activation level of eachprocessing
elementbeingtheresultof applyinga logistic sigmoidto the
weightedsum of input activity levels. The actiity of each
unit was,thus,boundedbetweerzeroandone.

The network took a representatiorof cateyorizationin-
structionsand a pair of stimulusfeaturesas input and pro-
duceda catggory judgmentat the outputlayer. Theinputrule
representatiomcludedeightunits correspondingo the four
levels of size and the four levels of angle of rotation used
in the humanlearningexperiments.Activating one of these
unitsindicatedthatall stimuli of thegivensizeor of thegiven
orientationwereto be placedin the“black” cateyory. These
rule input unitsareshavn in Figure3 asthe “RULE (POSI-
TIVE)” layer Alongsidethis layeris a collectionof inputs,
called“RULE (NEGATIVE)”, which encoded‘exceptions”
to the positive rule terms.Activatingoneof theseeight“neg-
ative” unitsindicatedthatall stimuli incorporatingthe given
featurelevel wereto be placedin the “white” cateory, re-
gardlesf the catggory suggestedby the positive terms. As
an example, the input representatiorfor the complex rule
usedin our humanlearningstudyis shovn in Figure3.

Theseexplicit rule inputsfed activity to a 24 unit working
memorylayer Whenmodelinguninstructedearnersthe ac-
tivity levelsof theseworking memoryunitsweresetto zero.
The weights on the connectionsrom the rule inputs were
boundto be non-nayative,forcing theworking memaorylayer
to encodeexplicit rule termsby anincreasan the activation
levelsof its processinglementsTheseweightswereinitially
setto smallrandomvaluessampleduniformly from therange
[0.0,0.4]. Completeconnectvity extendedfrom the work-
ing memorylayer to a pool of 24 instruction-sensitie hid-
denunits,andthesejn turn, providedactiity to the category
outputunits. Therewereno boundson theseweights. The
hiddenlayeralsorecevedcompleteconnectionsrom thede-
gradedstimuluslayer, whichis describedbelow. All of these
unrestrictedveightswereinitialized to smallrandomvalues,
sampleduniformly from the range[—0.5,0.5]. Bias values
on the working memoryandhiddenunits wereinitialized to
—3.0 in orderto encourageparseanternalrepresentations.

Eachstimuluswas encodedby activating exactly one of
thesizeunitsandoneof the angleunits. In orderto incorpo-
rate perceptuakimilarity information into the network, this
“place coded”stimulusrepresentationvas mapped through
connectionsvith fixedweights,to adegradedstimulusrepre-
sentation.In this modifiedstimulusrepresentatioreachunit
respondegbreferentiallyto a particularstimulussizeor stim-
ulusorientation,with partial activity appearingor stimuli of
similar sizesor orientations Levelsof partialactivationwere
setto decayexponentiallywith the numberof featurelevels
separatinghe givenunit from the stimulus.For example,the
actiity of the “size 2" unit whenthe stimuluswas of “size
4" wassetto e=#=2) where wasa gain parametewhich
could be modifiedto fit the modelto data. Eachstimulusdi-
mension,sizeand orientation,hadits own independengain
parametermakingthemanalogougo the dimensionahtten-
tionweightsusedin modeldike ALCOVE (Kruschle, 1992).

The “instances”layer contained16 processingelements,
with eachunit correspondingo one of the possiblestimulus
objects. Eachunit in this layer receved input from exactly
onesizeunitin the degradedstimuluslayerandfrom exactly



oneangleunit. Unlike otherconnectionsn this network, the
activity from thesetwo units was multiplied togethey rather
than summed,to get the resultingactiity of the instances
layer unit. Thus,eachunit in this layerrespondedreferen-
tially to a uniquestimulusobject, and actvity declinedex-
ponentiallywith city-block distancein featurespace. The
weights which gave rise to this patternof activation were
fixed. This representationadchemewasadoptedoecausef
its successn capturingperceved similarity betweenstimuli
in modelssuchasALCOVE (Kruschlke,1992). Theinstances
hiddenlayer provided completeconnectiongo the two cate-
gory outputunits, with theseweightsinitialized to smallran-
dom valuesuniformly sampledfrom the range[—0.5,0.5].
Thebiasesontheoutputunitswereinitialized to —3.0.

In orderto capturehumanperformancethe network had
to be ableto apply cateyorizationinstructionsfrom the very
startof the experimentalsession.Connectionveightswhich
allowedthe network to produceaccuratecateyorizationdeci-
sionsimmediatelyfollowing explicit instructionwerediscov-
eredthrougha training processconductedduring a network
initialization phase. During this phase the network wasit-
eratvely presentedvith a randomlysampledcategorization
rule alongwith a randomlysampledstimulusobject. It was
trainedto activate the rule-determinedtategory unit for the
givenstimulus,modifying weightsbasedon squarecerror at
the outputlayer usingthe generalizedeltarule (Rumelhart
etal., 1986). A learningrateof 0.05 wasused,with no mo-
mentumterm. The gaintermsusedin the degradedstimu-
lus layerwerefixed at 0.8 during this initialization training.
Thisphasecontinuedor 5,000,000 trainingtrials, afterwhich
thenetwork consistentlydemonstratedssentiallyperfectrule
applicationperformance. The distribution of stimuli expe-
riencedby the network during this initial training was uni-
form overthe 16 items,but the distribution of categorization
ruleswasskewedtowardssimplecateyory structuresThisbi-
aseddistribution of rulesproduced network which exhibited
slightly lower residualerrorwhenfollowing a simplerule, as
comparedo acomple<one,andit alsoencouragethework-
ing memorylayerto devote morerepresentationakesources
to the encodingof simple category structures. The skewed
rule distribution alsoreflecteda belief that simplerule struc-
turesaremuch more commonin the rule-driven categyoriza-
tion experienceof mosthumans.

Onceinitialized, the network waspresenteavith the same
sequencef trials thatwas presentedo the humanlearners.
When uninstructed the working memaory units were turned
off andthe network wastrainedon the seven training items
for 252 trials. To measurerule-following performancethe
appropriateule waspresenteattheinput, andcategyory out-
putswererecordedwithout performancdeedback.To mea-
sureperformanceafter both instructionand exemplarbased
training, the network wasgiventhe appropriateule atits in-
putandtrainedonthesevenexemplardor 252 trials. Thenet-
work’s performanceon all 16 stimuli, without feedbackwas
thenrecorded. All exemplarbasedtraining was conducted
usingthe generalizeddeltarule, with a learningrate of 0.5
andno momentum.Only weightsfrom theinstancedayerto
the outputcategory units, andthe biasweightson the output
units,weremodifiedduringthis training process.

To simulatelimitationsin the cognitive resourcespplied

to thetask,randomnoisewasinjectedinto theactivationlev-
elsof the processingelementsn the working memorylayer.
During eachtrial, arandomdeviantwassampledrom azero-
meannormaldistribution independenthfor eachunit in the
working memorylayerandthe absolutevalueof this deviant
was subtractedfrom the actiation level of the unit. This
causeaccomponentsf thedistributedrule representatioheld
in theworking memorylayerto becomewealened.This use
of randomnoisewasintendedasa simple and abstractway
to capturethetemporaryfailure of the working memorysys-
temto actively maintaincompleterepresentationef catejo-
rizationinstructions. Resamplinghe noiseon everytrial was
meantto allow for thepossibilityof refreshingwvorkingmem-
ory content§rom alongertermepisodicmemorystore.

Network simulationswererun 50 timesfor eachexperi-
mentalcondition.Eachnetwork wasinitialized with thesame
setof connectionweights, determinedduring the initializa-
tion phaseput boththeinjectednoiseandthe orderof stim-
ulus presentatiorwas randomizedor eachsimulation. The
resultsof eachcollectionof 50 simulationswereaveragedo
producefiguresto be comparedo meanhumancateyoriza-
tion behaior. Four free parametersvere adjustedto fit the
simulationsto data. Theseincludedthe two gain parameters
onthe exponentialdecayusedin the degradedstimuluslayer
representatiorthegainparameteusedonalucechoiceratio
which corvertedoutput activity valuesto probabilities,and
the varianceof the noiseinjectedinto the working memory
layer A simplegrid searchwasconductedver this parame-
ter spaceo find valuesfor thesefour parametersvhich min-
imized the squareddifferencein the probability of “black”
catgyory assignmenbetweerthehumanlearnersaandthe net-
works,over all experimentakonditions.

Simulation Results

The bestfit of meansimulationresultsto the humandata
washadby sharpeningherepresentatioof stimulusorienta-
tion slightly (gainof 0.9) overtherepresentatioof stimulus
size(gainof 0.8). This meantthatthe angleof rotationwas
slightly more discriminableby the networks thansize. The
bestfit to the meandatarequireda Luce choicegain of 2.6
onthe outputactivationlevelsandworking memoryinjected
noisewith a varianceof 0.3. The resultingprobabilitiesof
“black” catggory membershipaspredictedby the model,are
shavn in Figure4. Thatdiagramalsodisplaysthe variance
accountedor by the model, over stimulusitems, for each
condition. Notice that, like the humansthe network simula-
tions exhibit no interferencan the simplerule caseon aver
age(avalueof —0.017 in theinterferencemeasurgreviously
usedwith thehumandata),but they shaw substantiainterfer
encewhengiventhe complex rule (0.251).
Thesesimulationsinvolved only a single sourceof indi-
vidual variation: the ability to actively maintainanaccurate
representatiomf the categyorizationinstructions. Individual
differencesn exemplarbasednterferencethen,wereto be
explainedin termsof the weight modificationswhich were
drivenby therule applicationerrorintroducedby afailureto
maintainexplicit rulesin working memory Variableworking
memoryability wasreflectedby the noisevarianceparame-
ter in thesenetworks. Thus,in orderto examineindividual
differencesn interferencenetworks with a rangeof values
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Figure 4: Simulation Results: Cateayorization results are
shavn asthe meanprobability with which itemswhereas-
signedto the“black” category. Trainingsetitemsaremarked
with boxes,coloredaccordingto the assignedtateyory label.
Varianceaccountedor is listedfor eachconditionseparately

for this noiseparametehadto be compared Givenacollec-
tion of networkswith avarietyof noiselevels,thecorrelation
betweenrule-following error and interferencemay be mea-
sured.Recallthathumanlearnergdisplayeda positive corre-
lation whenconfrontedwith the complex rule, but shoved a
maminally negative correlationwhengiventhe simplerule.
When the varianceon the noise injectedinto the work-
ing memory units was sampleduniformly from a bound
range,thesesimulationsmatchedthe humanfindings. For
example,if noisevariancewas sampleduniformly from the
set {0.0,0.1,0.2,0.3}, then the correlation betweenrule-
following errorandinterferencevasreliably negative for the
simplerule (r = —0.283; t(198) = —4.15; p < 0.0001) and
reliably positive for the comple< rule (r = 0.412; ¢(198) =
6.37; p < 0.0001). Similarresultswerefoundwhenthenoise
parametewassampledn a mannersensitve to the obsened
distribution of humanrule-following performanceThis sam-
pling wasdoneby findingindividualnetwork simulationghat
matchedascloselyaspossible the rule-following phaseac-
curaciesexhibited by individual humanlearners.Thesebest
matchnetworkswerefoundby varyingthe noisevariancebe-

tween0.0 and0.4. Whencorrelationdbetweernrule-following
error and interferencewere calculatedfor suchparticipant-
matchedsamplesof network simulations,a positive corre-
lation was found for the complex rule case(r = 0.545;
t(17) = 2.68; p < 0.05), and no correlationwasfoundin
thesimplerule case(r = —0.166; £(25) = —0.840).

Conclusions

The magnitudeof exemplarbasednterferencavasfoundto
be sensitve to the complexity of the explicitly provided cat-
egorizationinstructions,with more comple cateyorization
rulesproducingmoreinterference Also, in situationswhich
elicit robust interference a reliable correlationacrossindi-
vidualsis obsened: increasecerror at explicit rule applica-
tion is pairedwith increasedxemplarbasednterference A
connectioniseiccountof theseeffects,in which interference
arisesas the result of an errorcorrectinglearning process,
wasfoundto fit the humanperformancelatafairly closely
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