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Introduction

Theavailability of powerful learningalgorithmssuchasback-propagationhascreateda

situationin whichwenow know how to teachneuralnetworksmany complex things.Modelsthat

usebackpropagationhavebeenusedto accountfor developmentandlearningin a wide rangeof

tasksituations.For example,therearesuccessfulmodelsof theacquisitionof word readingskill

(Sejnowski & Rosenberg, 1987;Seidenberg & McClelland,1989;Plaut,McClelland,

Seidenberg, & Patterson,1996),of physicalknowledgesuchasobjectpermanence(Munakata,

McClelland,Johnson,& Siegler, 1997),andof conceptualknowledge(Hinton,1989;Rumelhart,

1990)suchaskinshiprelationsandthenaturalkind hierarchy. Thesemodelsraisethequestion,

why is it thatwesometimesfail to learnfrom experience?

Two casesof failureof learningmotivatedthepresentanalysis:

1. Many models,includingthemodelof McClelland,McNaughton,andO'Reilly (1995),

assumethataftertheonsetof amnesia,graduallearningin sparedneocorticalareasis possible.

Thisassumptionis basedon thefactthatamnesicsubjectsshow considerablesparedlearning

ability, particularlywhengivenrepeatedexposureto items,andplaysaprominentrole in most

models of temporallygradedretrogradeamnesiaMcClelland,McNaughton,andO'Reilly (1993;

Alvarez& Squire,1994;Milner, 1989).Yet they arevirtually completelyincapableof learninga

setof arbitrarypairedassociatesusingstandardpaired-associatelearningmethods,evenwith

massiverepetition.This is mentionedin passingin severalcasereports,but detailed

documentationis lacking.However, asimilar failureis reportedby Gabrieli,Cohen,andCorkin

(1988).They tried to teachHM themeaningsof eightnew words,oneof whichhealreadyknew

in advance.Throughhundredsof trialsovermany sessionswith severaltaskvariants,hefailedto

learnthemeaningsof any of thesevenwordshedid notalreadyknow.

2. Evenin normaladults,therecanbecasesof failureof learning.For example,whenJapanese

Adults cometo theUnitedStates,they oftenhavegreatdif�culty discriminatingbetween/r/ and
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/l/; while thereis someevidenceof slight improvementover time, it is verygradual,and

dif�culties canpersistinde�nitely. Yetadultsarecapableof learningmany new skills, andindeed

it seemslikely thatthecorticalmechanismsthoughtto underliesparedlearningin amnesicsare

availablefor skill learningin normalsubjects.Why thenareperceptualdiscriminationsbetween

soundsnotcontrastedin one'sown native languagesodif�cult to acquire?

Oneideathatcouldaccountfor thesedif�culties comesfrom a considerationof theHebbian

learningrule. Accordingto Hebb,if oneneurontakespartin �ring another, thestrengthof the

connectionbetweenthemwill beincreased.Whatthismeansis thatif aninputelicitsapatternof

neuralactivity, Hebbianlearningwill tendto strengthenthetendency to elicit thesamepatternof

activity on subsequentoccasions.Thatis, if learningin thebrainis Hebbian,thenlearningwill

tendto strengthenwhatever responsethebrainmakesto its inputs.If theresponseis usefuland

constructive,thebrainwill learnto reinforceit. If theresponseis inappropriateor undesirable,

Hebbianlearningwill still tendto reinforceit. This leadsto thesuggestionthatmany failuresof

learningin adulthoodmayre�ect aparadoxicaltendency of themechanismsof learningto

reinforceinappropriateor undesirableresponses.

Wecannow examinewhy pairedassociatelearningmaybedif�cult in amnesics.Thesubject

receivesa list of, say, 12 wordpairs(including,for example,LOCOMOTIVE-DISHTOWEL and

TABLE-BANANA, amongothers).After aslight delay, theexperimenterpresentsthe�rst word

in oneof thepairs,andasksthesubjectto recalltheword thatwaspreviouslypairedwith it in the

experiment.Dueto thesubject'samnesia,hemaynot remembereventhattherewasa list of word

pairs.Nevertheless,asis standardin paired-associatelearning,thesubjectis encouragedto guess

a response.Giventhearbitrarypairingof thewords,TABLE is unlikely to cometo mind in the

context of BANANA asacue,andsothestimulusis likely to elicit someotherresponse.If

learningis Hebbian,is this responsethatwill bestrengthened,therebyleadingto interference.
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Thereis experimentalsupportfor theideathatforcingamnesicsto make theirown responses

to itemsleadsto interference.(Baddeley & Wilson,1994)contrastedtwo conditionsfor teaching

subjectsto recalla particularwholeword (e.g.QUOTE) from a part-wordcue(e.g.QU). In the

errorlesscondition,theexperimentersaid:”I'm thinkingof awordbeginningwith QU. Theword

is QUOTE. Pleasewrite it down.” In theerrorful condition,theexperimentersaid.”I amthinking

of awordbeginningwith QU. Canyouguesswhatit is?”. Subjectsgenerallymadeseveral

incorrectguesses,andin facttheexperimentercouldswitchthe”correct” answerto ensurethatno

correctguessesweremadeon the�rst occasion.After theguessingtheexperimentersaid”The

word I wasthinkingof is QUOTE, pleasewrite it down.” Thusin bothconditions,subjectswrote

down theexperimenter'swordat theendof thepresentation.Thisprocedurewasrepeatedthree

timeswith severaldifferentwordsin eachcondition.Subsequently, subjectsweretestedfor their

ability to remembertheexperimenter'swords.Theamnesicsubjectsscoredabout3070themto

guesstheir own responsesproducedmassive interference.Controlsubjectsdid farbetterin both

conditionsandshowedmuchlessinterferencefrom their own guesses.Anotherexperiment

makingsimilarpointswasreportedby Hayman,Macdonald,andTulving (1993).

ModelingStudies

Thefocusof theresearchwereportherehasbeenthefailureof Japaneseadultsto learnthe

discriminationbetween/r/ and/l/. Wehave takena two-prongedattack,combiningcomputational

modelingwith experimentalstudiesonJapaneseadultswhoshow considerabledif�culty

discriminating/r/ and/l/.

InsertFigure1 abouthere.
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Themodelingwork (Thomas& McClelland,1997)beganwith aneffort to demonstratehow a

Hebb-like learningmechanismcouldleadto failureto learnto discriminatetwo similar inputs

(abstractproxiesfor /r/ from /l/), oncethatability hadbeenlostby 'rearing' thenetwork in an

environmentproviding only a singleinput in thatregionof perceptualspace.For thispurposewe

usedavariantof theKohonennetwork architecture(Figure1). Thereweretwo layers,eachwith

49 units,arrangedin a7x7array. Theselayerswerecalledthe'input' andthe'representation'

layer, respectively. Initial randomfeed-forwardprojectswerelooselytopographic.On

presentationof aninput, therepresentationunit receiving thestrongestnetinputwaschosenas

thewinning representationunit, andit andits neighborswereassignedactivationvaluesequalto a

Gaussianfunctionof distancefrom thewinner. Weightscominginto representationunitswere

thenadjustedaccordingto avariantof thecompetitive learningrule:

Dwrs
� ear

�

as �

wrs �

(1)

Herear is theactivationof thereceiving or representationunit, as is theactivationof thesending

or inputunit, andwrs is theweightto theformerfrom thelatter. This rulehasaHebbian

component(theproductaras) togetherwith a tendency for weightsto decayin proportionto the

productof theactivationof thereceiving unit andthecurrentvalueof theweight(theproduct

arwrs).

InsertFigure2 abouthere.

Inputsconsistedof Gaussianblobsof activity. Two trainingconditionswereused.In both,

therewerefour cornerinputs(Figure2A). Theseoccupy thefour cornersof theinput space,and

correspondto backgroundphonemes.In onetrainingcondition(the”English-like” training

condition)thereweretwo additionaloverlappinginputs(Figure2B), proxiesfor /r/ and/l/

respectively. Giventheparametersused,morethan90successfullylearnedto assigndistinct
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representationsto thetwo overlappingstimuli, justasmostchildrenin English-speakingcountries

naturallylearnto discriminatestimuli in their native language.In anothertrainingcondition(the

”initially Japanese-like” trainingcondition),therewasinitially just thefour cornerinputsandjust

oneother, centeredinput (Figure2C) betweenthetwo overlappinginputsusedin theEnglish-like

conditions.After 300epochs,thenetworkswereswitchedfrom theJapanese-like to environment

to theEnglish-likeenvironment.In this case,all networkslearnedinitially to assignasingle

representationto theJapanese-like,centeredinput. Crucially, noneof thesenetworks

subsequentlylearnedto to assigndifferentrepresentationsto thetwo overlappingEnglish-like

inputs.They retainedtheir tendency to treattheseinputsasthesame,eventhoughthe

mechanismsof plasticityoperatewithoutany changesthroughoutthesimulation.

Thusfar ourwork supportstheideathatdiscriminationsthatcanbelearnedif thedistinctionis

presentin anetwork's initial environmentmaynot belearnedwhenthedistinctionis not

introduceduntil afterthenetwork's responsetendenciesbecomeestablished.Thisprovidesone

wayof accountingfor thethelossof plasticityseenin JapaneseAdults. Obviously, otherfactors

couldbeatwork, includingpossiblyageneralreductionin plasticitywith age.

If themechanismsconsideredhereareevenpartof thestory, they predictthatwemaybeable

to induceplasticityin Japaneseadults.First,weconsidertheuseof exaggeratedinputsasa

methodfor inducingplasticity. To illustratethis in thesimulation,weaddedtwo additionalinputs

to theEnglish-likeenvironment.Thesewereexaggeratedversionsof the/r/ and/l/-lik estimuli.

Networksthatfailedto learnto discriminatethe/r/ and/l/-lik estimuli in theinitially Japanese

conditionlearnedto discriminatethesestimuli in only a few epochsaftertheexaggeratedstimuli

wereincludedin thetrainingset((Figure2D).

Theideathattheuseof exaggeratedstimuli couldinduceplasticityis consistentwith the

�ndings reportedby Merzenich,Tallal, andtheir colleaguesMerzenich,Jenkins,Johnson,

Schreiner, Miller, andTallal (1996;Tallal, Miller, Bedi,Byma,Wang,Nagaraja,& others,1996).
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They showedthatthey couldremediatechildrenwith languageimpairmentswhenthey useda

trainingregimethatexaggeratedcontrastsbetweenplosivestopsandothersoundsdifferingby

rapidtransitions(SeealsoAlexander& Frost,1982).Wewantedto show thatplasticitywasstill

presentin adults,andto testtheroleof exaggeration.For thispurpose,McCandliss,Fiez,

Conway, Protopapas,andMcClelland(1998)developedasetof two speechcontinua,one

spanningfrom ”rock” to ”lock” andonespanningfrom ”road” to ”load”. Startingwith natural

speechtokensgeneratedby anativeEnglishspeaker, eighty-itemcontinuawereconstructedfor

eachcontrast,rangingfrom highly exaggeratedtokensof ”lock” or ”load” to highly exaggerated

tokensof ”rock” or ”road”. Universityof PittsburghUndergraduatesshowedveryclean

categorizationof thestimuli on eachcontinuum;in eachcase,only 10 stepson thecontinuumlay

in a grayzone,separatingthoseitemsthenativeEnglishspeakersreliablyheardas/l/ from an

itemthey reliablyheardas/r/.

ExperimentalInvestigations

Eight subjectswhoseinitial discriminationof /r/ and/l/ stimuli wasquitepoorweretestedin

theadaptiveconditionof thisexperiment.Eachsubjectwastrainedononeof thetwo continua.

Highly exaggeratedtokensof /r/ and/l/ stimuli wereusedinitially, neartheextremeendsof the

continuum.Thetwo selectedstimuli werepresentedin randomorder, andthesubjectwassimply

requiredto pressonebuttonif thestimulusbeganwith /r/ andanotherif it beganwith /l/.

Whenever thesubjectmadeanerror, thetaskwasmadeeasier, by replacingthestimuluswith a

thenext moreexaggeratedone,until theextremesof thecontinuumwasreached.Whenever the

subjectperformedcorrectlyoneighttrials in a row, thetaskwasmadeeasier, by replacingthe/r/

or the/l/ with thenext lessexaggerateditem. Half thesubjectsreceivedfeedbackaftereachtrial,

andhalf receivedno feedback.All of thesubjectsshowedsubstantialimprovementwithin three
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twenty-minutesessions,andall showedmarkedimprovementcomparedto pre-testperformance

in a subsequentpost-test.

Eightothersubjectsselectedaccordingto thesamecriteriaparticipatedin thesettraining

conditionof theexperiment.For this condition,the/r/ and/l/ stimuli just at theedgeof thenative

Englishspeaker's grayzonewereusedthroughouttheexperiment.Otherwisetheexperimentwas

identicalto theadaptivecondition,with half of thesubjectsreceiving feedbackandhalf receiving

no feedback.

Wehadinitially expectedthatthesubjectswouldgenerallyfail to learnthediscrimination,but

thisexpectationwasonly partially con�rmed. Thetwo out of thefour subjectsin theno feedback

conditionwhoseperformancewasinitially theworstdid fail to learn.If anything, thesesubjects

becamelessableto distinguishthestimuli over thecourseof theexperiment,in accordancewith

theHebbianhypothesis.However, theothertwo subjectsin theno-feedbackcondition,whose

initial ability to distinguishthe/r/-/l/ stimuli wassomewhatbetter, showedrapidlearning,with

stronggainson thepost-test.These�ndings suggestthataslongasthestimuli areevenonly

partiallydiscriminable,themechanismsof learningwill successfullypull themapart.

Initially, wewerepuzzledby thefactthatthesesubjectscouldlearnsorapidlyusingvery

dif�cult stimuli without feedback.If they couldlearnthis rapidly in ourexperiment,why hadthey

notmasteredthediscriminationfrom exposureto naturalspeech?A possibleexplanationcomes

from anaspectof themodelthatwenow feel maybeat leastasimportantastheuseof Hebbian

learning.This is thefactthat,in aKohonennetwork, patternscompetefor space.Theoutcomeof

thecompetitiondependsonsimilarity, frequency of presentation,andexistingconditions.Under

naturalconditions,wesuggestthat/r/ and/l/ mustcompetefor spacewith many otherstimuli.

Thishappensin oursimulations,wherecornerinputscompetefor spacewith theoverlapping

inputs.Underthesecircumstances,if existingconditionsaresuchthattheoverlappingstimuli are

treatedthesame,thecompetitionfrom thecornerstimuli helpsto maintainthis. However, if
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trainingis focusedonly on theoverlappingstimuli, themodelwill learnto separatethem.Any

initial differencein theresponseto thestimuli will becapitalizedon very rapidly, leadingto a

rapidseparationof theresponseto thesetwo inputs.This is consistentwith theconditionsof our

experiment,in whichsubjectswereallowedto focusonly on thedistinctionbetween/r/ and/l/ in

asinglecontrast.Thosesubjectswhohadsomeinitial ability to discriminatethestimuli rapidly

learnedto distinguishthem.

Conclusions

Theresearchreviewedabovesuggeststhatour initial suggestionthatlearningmayrely ona

Hebbianprocessmayonly bepartof thestory. It appearsthatcompetitionfor spacein

representationsmayalsoberelevantto understandingcasesin which learningfails. To testthis,

wecurrentlyplanadditionalexperimentsin which wewill vary thenumberof differentstimuli

thesubjectsmustdistinguish.Accordingto themodel,if severalotherstimuli endingin say

” ock” areincludedat thesametime in additionto ”rock” and”lock”, thecompetitionfrom the

othersfor representationalspaceshouldgreatlyretardlearningof the/r/-/l/ discrimination.

Thusfar wehaveconsideredonly theresultsfor thesubjectswho receivedno feedbackin the

settrainingconditionof theexperiment.Fourothersubjectsin this conditiondid receive

feedback,andall four of themshowedrapidimprovement.This indicatesthatin fact,outcomes

canmakeadifferenceto learning,andthattheHebbianaccountof learningis atbestincomplete.

Currentwork in ourgroupis exploringwaysin which theexistingmodelmightbeelaboratedto

takeaccountof theseaspectsof the�ndings of thisexperiment.

While feedbackdoesappearto play a role, it is our view thatsuchfeedbackis very rarely

availablein naturallearningsituations.True,aJapaneseadultmaybeableto usecontext to

determinewhetheranEnglishspeaker intendsto referto a rockor a lock. However, suchcontext

cannotunambiguouslytell usthatthewordsfor rocksandlocksaredifferent.Thereareclearly
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wordswithin bothEnglishandJapanesethatsoundthesamebut referto completelydifferent

thingsin differentcontexts (considertheEnglishwords”bat” and”ball”, which eachof which

haveat leasttwo apparentlycompletelyunrelatedmeanings).Thusour futureeffortswill consider

how feedbackmight modulateandenhancelearningthatmight otherwisedependcruciallyon the

competitiveandHebbiancharacteristicsfoundin theKohonennet.
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FigureCaptions

Figure1. A: TheSelf-OrganizingMap network usedin thesimulations,adaptedfrom (Kohonen,

1982,1990)

Figure2. Examplesof theinputpatternsusedin trainingandtestingthenetwork. (B) Thefour

cornerinputs.(C) Thetwo overlappinginputs.(D) Thesinglecentralinput. (E) Exaggerated

versionsof theoverlappinginputsusedin ”remediation”of thenetwork.



Representation
Layer

Input
Layer




