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タヘSummary
Onemajordefectinneuralnetworkmodelsinearlierresearchisnonclarityol.computational

semantics.

Thispaperdescribesaneuralnetworksystemforthouthtprocesssimulationcalled"Repe-

titionofAssociationandConcentrationModel"､Repetitionofconceptassociationissimulatedby

aneuralnetworkmodelwithafeedbackloop.Howeversuchaloopresultsinastablestatewhich

iscontradictorytothedynamicsofthethoughtprocess.Inthismodel,dynamicsaremaintained

bynonlinearitytosimulateconsciousness,thatis,thoughtenergydistributionisenhancedto

facilitateconceptrecollection.

Computationalsemanticsofthismodelaredel.inedasaparallelproductionsystembycorre-

spondenceofthesynapticconnectionsbetweenneuronstoproductionrules.Threetypesoflearning

facilitiesaredescribedasautomaticknowledgeacquisition.Therelevanceofthismodelissug-

gestedbysimulatingthelearningproceduresforrecognitionofrelationsbetweenconcepts.

11ntroduction

Fol･thepastfewyears,considerableefforts

havebeenspentontheimprovementofneural

networkmodelsanddemonstrationsol.theirap-

plications('6).Aneuralnetworksystemwillbe

abreakthroughincomputingtechnologybecause

itwilleliminatethedefectsofconventionalcom-

puters,whicharenotsuitableforpatternrecog-

nitionandparallelcomputation.

Thebasicneuralnetworkideawasdevelopeda

fewdecadesagolnl943,WS.McCullochand

W.Pittsmodeledaneurallogicelementwitha

lineal・thresholdfunctionbasedonneurophyst

ology(II).Inaboutl960,F.Rosenblattdemon-

stratedthataneuralnetworkcouldrecognize

patternsbyadjustingsynapticconnections(I3)

Inl961,ER.Caianiellodesignedaneuralnet-

workmodelwithaself-organizationfacillty(2)

1n1969,MMinskyandS.Papertdetex､minedthe

abilityandllmitationsofperceptronswithone

layer('2)Inl970,SAmariprovidedanapproach

foramathematicalfoundationol､conceptforma-

tionforself-organizingneuralnetworks(1)

Aroundl980,modelsbasedonpsychological

findmgswereproposed.Forexample,S.Gross-

bergprovidedanapproachtopatternrecognition

withthefocusonpsychologicalstabilityand

plasticity.Healsodevelopedanadaptivereso-

nancetheory,ART,basedonbothshort-term

memoryandlong-termmemory(6).Inthismod-

el,therecognitionabilityofaparticularpattern

wasreinforcedbymatchingtheinputpattern

withanexpectedpatterninthelong-termmem-

ory.JLMcClellandandD.E.Rumelhartalso

providedapatternrecognitionmodelreferred

toasanmteractiveactivationmodelbasedon
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findingsthatwordknowledgehelpedinrecog-

nitionofletterswithinwords(Io)

Bytheearly80's,someofthepracticaluse

problemshadbeensolvedfromtheengineering

viewpoint．J.Hopfieldshowedthatasimple

modelbasedonnonlinearneuronsorganizedinto

networkswithsymmetricconnectionshadthe

capacitytosolveoptimizationproblems(8).D.

Rumelhartdevelopedaneffectivelearningalgo-

rithmonamultilayernetwork,whichwascalled

anerrorbackpropagationalgorithm('4).T.

Kohonendemonstratedthehighlyadaptiveprop-

ertiesofneuralnetworks,whichallowavery

accurate,nonlinearstatisticalanalysisofreal

signals,suchasspeechrecognition(9)

Aroundl970,thisauthoralsoresearchedneu-

ralnetworks.First,anelectroniccircuitwith

alearningfacilitywasdevelopedtoimitate

neuronactivity(3).Thiswascomposedofpnpn

switchelements,registersandaconstantcurrent

source.Thiscircuitwasdescribedasasimple

two-layerperceptron,andhadtheabilityto

learnbooleanlogicbyusinginsulationbreak

comparabletorecentprogramablelogicarray

circuits.Suchamicromodelofaneuralnetwork,

however,hadtwodefects:theabilitywassimple

andonlysmallcircuitscouldbeimplemented.

ThislatterproblemhasbeensolvedbyrecentLSI

technology.Next,amacromodelofaneuralnet-

workwasdevelopedforsimulatingthethought

processbasedonneuronactivity(4)q

Inearlierresearch,however,onemajordefect

inneuralnetworkmodelsencounteredwasun-

clearcomputationalsemantics.Thisproblem

stillexiststoday.Althoughcomputationalse-

manticsofneuralnetworkelementshavebeen

clarified,thetheoreticalfoundationsofthedy-

namicfeaturesforawholeneuralnetworksys-

temarestillweak.Forexample,itisstillnot

clearwhichlearningalgorithmissuitablefora

particularapplicationorinwhichordersample

datashouldbegiventothesystemforefficient

andeffectivelearningresults.Atpresentan

experimentalapproach,ratherthanatheoretical

approach,isbeingadopted.Clarificationof

computationalsemanticstoconstructneural
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networkmodelsshouldbethefirststeptoward

soIvingtheseproblems.

Initiallythispaperdefinesthecomputational

semanticsofaneuralnetworkmodel,calleda

"RepetitionofAssociationandConcentration

Model",asaparallelproductionsystemwith

threecorrespondences:synapticconnection

betweenneuronstoaproductionrule,@connec-

tivitytoacertaintyfactorofthatrule,and@neu-

ronactivitytoacertaintyfactorofafact・The

feedbackloopfortheRACmodelisanalogous

totherecognize-act-cycleofaproductionsys-

tem.Aconcentrationfunctionwithnonlinearity

isusedinsteadofaconflictresolutionstrategy.

Second,learningfacilitiesoftheRACmodel/~、

arepresented・Thelearningabilityofaneural

networkisthembstimportantfactorforapply-

ingit.Thebasiclearningalgorithmisbasedon

Hebb'slaw(7).Threetypesofvariationareintro-

duced,whichcorrespondtodialogueswithboth

ateacherandadialogistaswellasamonologue.

Thesehavedifferentselectionrulesastowhich

synapticconnectionsbetweenneuronsshouldbe

reinforced.Thislearningprocedureisdescribed

asautomaticknowledgeacquisition,anditis

expectedtoreduceFeigenbaum'sbottleneck,

whichstatesthatitisdifficulttoextractknowl-

edgefromadomainexpertwhenconstructingan

expertsystenl.

Finally,therelevanceofthismodelissuggest-

edbysimulatingthelearningprocedurefor

recognitionofrelationsbetweenconcepts. ~

2．ANeuralNetworkModelfor

ThoughtProcessSimulation

2･ITho"9"PI･ocess"ode"ng

Researchonthehumanthoughtprocesshas

beenundertakenfromvariousviewpoints,such

asneurophysiology,neurobiology,psychology,

cognitivescience,artificialintelligenceand

knowledgeengineering.Inthispaper,athought

processmodelisdiscussedforuseindeveloping

anartificialintelligencesystem.Sincehuman

thoughtabilityhasacloserelationtonatural

language,itisdesirablethatthethoughtprocess
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modelbemadeonthelanguagelevel.However,

thenaturallanguageprocessingtechniqueisnot

farenoughadvanced・Toovercomethisdiffi-

culty,itisnecessarytodevelopamodelona

basiclanguageconceptlevel.

Memory,learning,associationandconcentra-

tionareconsideredessentialfactorstothought

abilityandaredefinedasfollows:

Memory:Theabilitytorecognizeconcepts.

Learning:Theabilitytorecognizearela-

tionbetweenconcepts.

Association:Recollectionofaconceptby

usinganotherrelatedconcept.

Concentration:Vividrecollectionofone

Aconcept.

Basedonthesedefinitions,thethoughtprocess

isassumedtobeasfollows:

(1)Athoughtprocessisdescribedasase-

quenceofconceptssuccessivelyrecalled.

(2)Conceptsequencecomesfromrepetitionof

associationandconcentration.

Thebasicmodelisconstructedusinganab-

stractideareferredtoasthoughtenergy.

①Concentrationistheoperationconcentrat-

ingthoughtenergy,whichisdistributedin

ahumanbrain．Sufficientconcentrationof

thoughtenergycausesconceptrecollection.

②Associationistheoperationdiffusingcon-

centratedthoughtenergy・Sufficientthought

energydiffusioncausesrecollectionofan-

otherconcept.

へ③Thethoughtprocessisavariationon
thoughtenergydiStributioncausedbythe

constantoperationsofOand@.

④Learningistheoperationfacilitatingthe

diffusionofthoughtenergyinaparticular

direction.Thisoperationcorrespondsto

reinforcingconnectionsbetweenneuronsin

aneuralnetwork.

ThismodeliscalledtheRepetitionofAsso-

ciationandConcentrationModel(RAC).

2．2〃"hemα〃cajFb『m皿α〃onofthe

RACModeJ

TheRACmodelisshowninFig.1.Assuming

thatthenumberofconceptsis",thesymbolsin

InputX
SｰQ

/:Diffusionfunctiong:Concentrationfunction
":LinguiSticfunCtion

Output

O

Fig.1Arepetitionofassociationandconcentrationmodel

forthoughtprocesssimulation.

Fig.lrepresentthefollowing:

X:an"componentrowvectorofinput.Each

componenthasavalueofOorl.Thej-th

componentr[ﾉ]=1impliesthatwordscor-

respondingtotheノ-thconceptareinput.

O:an"componentrowvectoroftheoutput.

EachcomponenthasavalueofOorl.Theノー

thcomponentoU]=1impliesthatwordscor-

respondingtotheノ-thconceptareoutput.

Q:anlzcomponentrowvectorofthestate.

EachcomponenthasavaluerangebetweenO

andl.Thej-thcomponentq[/]represents

thedegreetowhichthe/-thconceptisre-

calledintheRACmodel.Itisassumedthat

Zq[j]=1,thatis,thoughtenergyiscon-
ノ

sideredconstant.

S:an"componentrowvectorofthetransient

stateintroducedtofacilitatesequentialcom-

putationof/andg.

/:thediffusionfunctionofthoughtenergy,cor-

respondingtoassociation.

g:theconcentrationfunctionofthoughtenegy.

/Z:thelinguisticfunctioncorrespondingto

spokenlanguage.

B:thedegreeofattentionpaidtoaninputwith

anon-negativevalue.

Inthismodel,assumingthattimeisdiscrete

forConvenience,functions/;g,ノzaredefinedas

follows:

(1)Diffusionfunction(/)Thisfunction

isbasedonaclassicneuralnetworkandisas

S=/(Q,X)=M(Q+6X),

whereMisan"bynconnectionmatrix.Each

componentm[j,"representsconnectivitybe-

tweenthej-thandh-thconcepts,thatis,theh-

thconceptisassociatedwiththej-thconcept.

ThevalueofmU,b]isdeterminedbyaprevious

learningexperiment,describedlater,andisbe-

tweenOandl.ItisassumedthatZmU,b]=1
J
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tomanagerelativeassociativitiesfromtheh-th

conceptto"concepts・TheinitialstateofMisa

unitmatrixwhichimpliesthateachconcepthas

alreadybeencommittedtomemoryandthatno

relationbetweenanyconceptshasyetbeen

learned.

Thisdefinitionof/(Q,X)isderivedfromthe

assumptionthatthoughtenergydistributionat

timetisdeterminedbythepreviousthought

energydistributionandinputattimet-1.Since

theexpression(Q+6X)impliesthateachcom-

ponentofaninputvectorXismultipliedbyat-

tentiondegreeBandaddedtothecorresponding

componentofstatevectorQ,eachcomponent

valueoftransientstateSisobtainedusingthe

followingequation:

s[ノ]=ZmU,h](q[h]+β難["]).
4

(2)Concentrationfunction(9)Thisfunc-

tionisanonlinearfunctiontoenhancethought

energydistributionbyincreasingthelarger

componentvaluesofstatevectorQanddecreas-

ingthesmallercomponentvalues.Thisoperation

isdescribedasconsciousconcentrationinthe

humanbrain,andavoidsastateofnoconcept

recollectionduetoexcessivethoughtenergy

distribution.

Althoughtherearemanyfunctionswithsuch

characteristics,thepowerfunctionisusedfor

simplicity.Concentrationfunctionisdescribed

as

Q=g(S)whereq[j]=s[j]'/Zs["'
A

andp>1,

wherepisthedegreeofconcentrationbacause

thelargerthevalueofp,thestrongerconscious

concentration.TheRACmodelisconsideredto

beageneralizationofCaianiello'smodel(2)be-

causeitactuallybecomesCaianiello'smodelby

usingathresholdfunctionastheconcentration

function・Inotherwords,concentrationoperation

isthemainfeatureoftheRACmodel.

(3)Linguisticfunction(h)Thisfunction

isthefollowingthresholdfunctionwhichoutputs

onlyconceptswithsufficientthoughtenergyas

words:

O=ﾉz(Q)whereoU]=lifq[ﾉ]>7

ando[ノ]=0otherwise.

X

［

#う回-回一・［

［

(a)Aperceptron

27

0

(b)ARACmodel

Fig.2ComparisonbetweenaperceptronandaRAC /へ
model．

7isathresholdvaluebetweenOandl

2．3Compariso〃”〃んPel｡C"tro"

Toclarifytheintuitionalsemanticsforthe

RACmodel,itiscomparedwiththeclassicneu-

ralnetworksystemperceptronshowninFig.2

(a)('2).｡,isafunctionthatrepresentsasensory

neurontransforminginputXtoaninternalsig-

nal.Zandearefunctionsrepresentinginternal

neuronsthatdiscriminateaparticularinput

fromamongtheothers.m[j]isconnectivity

betweentheﾉ-thsensoryneuronandtheinternal

neuronanditcorrespondstoasynapticconnec-

tion.Theperceptronfunctionis

O=lifZm[j]｡,(X)>eand
ノ

ヘ
O=0otherwise.

Zm[ﾉ]',(X)islinearwithrespectto
J

｛｡!,…，｡"}、

TheRACmodelinFig、1isrepresentedasthe

perceptron-likefigureinFig.2(b).Newsymbols

aredefinedasfollows:

｡4:｡&(Q,X)=q["]+β工[b].

Z,:s[ノ]=Z,(M,｡!,…,｡")

=Zm[j,h]｡"(Q,X).
&

Therearefourmaindifferencesbetweenthe

RACmodelandtheperceptron:

(1)Modelinglevels Perceptronsmake

decisions-determinewhetherornotaneventfits

acertain"pattern"-byaddingupevidenceob-

tainedfrommanysmallexperiments.Theyare
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consideredtobeaformofmicro-levelmodeling,

sincetherecognitionprocessofahumanbrain

ismodeledonneurophysiology.TheRACmodel

isconsideredtobeaformofmacro-levelmodel-

ing,sincethethoughtprocessismodeledon

conceptrecollection.

(2)Feedbackloop Althoughoriginalper-

ceptronshavenoloopsorfeedbackpaths,afeed-

backloopisindispensabletotheRACmodelto

simulatethethoughtprocess・Therearemany

otherneuralnetworkmodelswithloops.Inpar-

ticular,thefeaturethattheRACmodel'sinter-

nalactivationstateinfluencesperceptualprocess-

ingissimilartoGrossberg'sARTmodeland

P,McClelland'sinteractiveactivationmodelmen-

tionedintheintroduction・However,theRAC

modelisbasedonassociationsbetweenconcepts

whereastheirmodelsarebasedonpatternrec-

ognition.

(3)LinearityvS・nonlinearity Perceptron

linearity,thatisZm[/]jj(X),isconvenient
ノ

formathematicalanalysis.Forperceptronswith

loops,iterationoflinearcalculationresultsina

stablestate,whichiscontradictorytothought

Processdynamics.Inthismodel,nonlinearity

isintroducedforsimulationofconsciousconcen-

trationinordertomakethesystemdynamics.

Nonlinearityisusedtorecallvividlyaparticular

conceptbyenhancingthoughtenergydistribu-

tion.

(4)Initiallearningstate Thefinalresults

ノヘoflearninginaperceptronaredependentonthe
initialconnectivitystateamongtheneurons,

namelyinitialvaluesof{m[1],…,m["]}.This

isbecauseitslearningproceduresarebasedon

Hebb'sLawthatsynapticconnectionsbetween

neuronsarereinforcedwhenbothsourceand

destinationneuronsareactive.

IntheRACmodel,thisproblemdoesnotarise

becausetheinitialstateofconnectionmatrixM

isaunitmatrixwhichimpliesnoconnectivity

betweenconcepts.Humanbeingsdevelopthought

abilitiesthroughvariousdialogs.Theirinitial

learningisperformedthroughdialogswithpar-

entsintheirinfancy.Itcorrespondtoinitial

variationofconnectionmatrxM.

3．ComputationalSemanticsforthe

RACModel

Onemaindefectofaneuralnetworkmodelis

unclearcomputationalsemantics.Computa-

tionalsemanticsfortheRACmodelcanbede･

finedbasedonthecomputationalsemanticsfor

aproductionsystem(PS)whichiscommon

knowledgeengineeringmethodology.Regarding

theRACmodelasaparallelproductionsystem,

thesemanticsaredefinedusingcomparisonwith

aPSmodelasfollows:

(1)CognitionmodelTherepetitionofas-

sociationandconcentrationcorrespondstothe

recognize-act-cycleofaPSmodel:

recognizegaact→recognize=Pact→･･･

DuringoperationofaPSmodel,anactionim-

pliesoftenwritingonaninternalworkingmemo-

ryratherthanoutputandrecognitionimplies

oftenreadingaworkingmemoryratherthan

input・Consequently,sincerecognitiondepends

onpreviousrecognitionsviatheiractions,such

asequenceofrecognitionsinaPSmodelcanbe

describedasakindofthoughtprocess.Thisis

thesameasasequenceofconceptrecollectionsin

theRACmodel.

(2)Currentstate Thecurrentstateofthe

PSmodelduringexecutionisstoredinthework-

ingmemory.ThatoftheRACmodelisstoredas

astatevectorwhichrepresentscurrentthought

energydistribution.Thestatevectorcomponents

indicatethedegreeofrecollectionforeachcon-

cept.

(3)Knowledgebase InaPSmodel,knowl-

edgeisstoredinaproductionmemory.Inthe

RACmodel,knowledgeisstoredasaconnection

matrix.

(4)Knowledgerepresentation InaPS

model,knowledgeisrepresentedasaproduction

ruleinthe@4if～then～''form:

ifcondition(Q)thenaction(6)

IntheRACmodel,knowledgeisrepresentedas

connectivitybetweenconceptsintheformofm

[/,h],thatis,aconnectionmatrixcomponent.

Itslogicalmeaningisinterpretedasthefollow-
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ingproductionrule:

ifcondition(conceptbisrecalled)then

action(recallconceptノ）

Inageneralneuralnetworkmodel,connectivi-

tybetweenasourceneuronhandadestination

neuronノisinterpretedasfollows:

ifcondition(neuronhisactivated)then

action(activateneuronノ）

(5)Knowledgeambiguity Knowledge

ambiguityincludesuncertainty,fuzziness,in-

completeness,polymeaningandnon-deter-

minism.Uncertaintyisacommonambiguityof

knowledgeintheformofproductionrulesfora

PSmodel・Thereforeacertaintyfactor(CF)

wasintroducedforthefirsttimeinMYCIN(35)

andhassincebeenusedinmanyPSmodels.

Fortherule"ifathenb",CF(a,6)andCF

(a)representcertaintyfactorsoftheruleand

itscondition,respectively.Thevaluerangeof

CFisbetween-1.0andl.0wherel.0implies

thattheruleisalwaystrueand-1.0impliesthat

theruleisalwaysfalse.

IntheRACmodel,connectivitybetweencon-

cepts,m[/,h],correspondstoCF(Q,6)andis

representedasCF(h,ノ).Thedegreeofconcept

recollection,q["],coresspondstoCF(a)and

isrepresentedasCF(h).However,CF(h,ノ）

andCF")oftheRACmodeldifferfromCF

(Q,b)andCF(a)ofthePSmodelasfollows:

①ThevaluerangesofCF(",ノ)andCF(h)

arebetweenO.0andl．0.

②ZCF(",j)=Zm[ﾉ,h]=1.
ノ ノ

③¥CF(た)＝尋q[ん]＝1．
Itispossibletoextendthelowerlimitofthe

valuerange@to-1.0byassumingthatanega-

tivevalueimpliesnegation.Inageneralneural

networkmodel,negativeconnectionsbetween

neuronsimplyinhibitorysynapsesbasedon

neurophysiology.

Thenormalizationsof@and@areassump-

tionsmentionedpreviously.CF(h)shouldbe

calledaconsciousnessfactorratherthanacer-

taintyfactorbecauseCF(h)impliesarelative

degreeofconceptrecollection.

(6)AmbiguitycomputationmethodMY-

CINgivesthefollowingcertaintyfactorcomputa-

29

tionmethod:

①Aftertherule"ifathenb''isexecuted,the

certaintyfactorofaction(6)istheproduct

ofCF(Q,b)andCF(a):

CF(6)=CF(a,6)･CF(a).

②Afterdifferentruleswiththesameaction

(b)areexecuted,thefinalcertaintyfactor

forbiscaluculatedbyusingtheproductsof

theuncertaintyfactors(1-CF):

CF(6)=1-n(1-CF,(b))
』

whereCF,(b)isthenon-negativecertainty

factorofbobtainedbyexecutionofthej-th

rule.

Ifi=2in@,theequationisthefamiliar

CF(b)=CF!(b)+CF2(6) ‐1

-CFI(6)・CF2(6).

IntheRACmodel,thecorrespondingcomputa-

tionmethodisdefinedinaccordancewiththe

previousmathematicalformulationasfollows:

③Afterthe"-thconceptisassociatedwith

thej-thconceptviaconnectivitym[j,"],

whichimplies"ifthenノ",aconsciousness

factorforthej-thconcept,CF"(j),isthe

productofCF(",j)andCF(")asfollows:

CF&(j)=CF(h,ノ)･CF(h)

=m[j,"]．q[".

⑥After@iscalculatedforallconceptsas-

sociatedwiththej-thconceptbyusing{m

[j,1],…,m[/,"]},thefinalconsciousness

factorfortheﾉ-thconceptisthesummation

ofresults:

へ
CF(j)=ZCF"(j)=Zm[j,"]･9["].

身上

Although@isthesameasforMYCIN,Ois

different.ThisisbecauseCF(/)isnotacer-

taintyfactorbutaconsciousnessfactorandthe

associationmechanismoftheRACmodelissim-

ilartoasynapticconnectionbasedonneurophy-

siology.

(7)Sequencialityvs・paralleliSm Inthe

PSmodel,ifthereismorethanoneexecutable

ruleinarecognize-act-cycle,onlyoneruleis

selectedbasedonaconflictresolutionstrategy.

IntheRACmodel,parallelismisadoptedin-

steadofsequencialitybecauseitisessentialfor

aneuralnetworksystemtocomputeinparallel.

Theproductofaconnectionmatrixandastate
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vectorinthediffusionfunction,MQ,implies

thatall"2rulescorresponington2connection

matrixcomponentsareexecutedinparallel.

Concentrationfunctiongisakindofaconflict

resolutionstrategyforconceptrecollectionbe-

causethefunctionoperatessoastofindaconcept

withaconcentrationdegreelargerthanthreshold

value7oflinguisticfunctionノlasfastaspossi-

ble.Thisoperationissimilartobest-firstsearch

forsearchspacereductioninproblemsolving

technology,assumingthatcomponentvaluesof

transientstatevectorScorrespondtoevaluation

criterionforbest-firstsearch.

(8)KnowledgeacquiSition InthePS

Rmodel,suchknowledgeacquisitionasruleaddi-
tion,deletionandmodification,certaintyfactor

adjustment,andconflictresolutionstrategy

selectionareindependentofinferenceengine

implementationandknowledgerepresentation.

Knowledgeacquisitionthroughthebuildingof

anexpertsystemiscalledFeigenbaum'sbottle-

neck,whichstatesthatitisdifficulttoextract

expertisefromadomainexpert.Alotofresearch

projectshavealreadycontributedtowardauto-

maticknowledgeacquisition,butresultsare

insufficientforpracticalapplication.

IntheRACmodel,however,automaticknowl-

edgeacquisitionisrealizedbyautomaticmodi-

ficationofconnectionmatrixcomponentvalues

basedonlearningfacilities,asinotherneural

networkmodels.Theself-organizationmecha-

/へnismoftheRACmodelusinglearningproce-
duresisdescribedinthenextchapter.

4．LearningFacilities

4・ILear"mgProcedures

Themostattractivefeatureofneuralnetworks

istheirself-organizationabilitybasedonlearn-

ing.FortheRACmodel,learningmeanstobe

capableofassociatingoneconceptwithanother

byadjustingconnectionmatrixcomponent

values.TheRACmodelprovidesthefollowin9

threetypesoflearningprocedures:

(1)learning-by-teacher:mU,h]→m[ﾉ,"]+

61ifx[h]=1atfand"U]=1att+1.

(2)learning-by-dialog:mU,"→mU,h]+

62ifo["=1attandx[j]=1att+1.

(3)learning-by-monolog:mU,h]→mU,"]

+63ifo["]=1attandoU]=latt+1.

Here,fistimeand6,isvariationinconnec-

tivity.AftermU,"]increasesby6,,the"th

columnofMisnormalizedasZmU,"]=1.
ノ

Learning-by-teacherisusedfordirectly

memorizingasequenceofinputs.Learning-by-

dialogisusedforobtainingknowledgefroma

dialogist.Learning-by-monologisusedfor

strengtheningone'sownknowledgeandissimi-

lartothecommonlearningprocedurefora

neuralnetwork.

‘・2Measz"･e"Te"Zo′肋eLearni"9Res皿〃s

Thissectionintroducesthefollowingthree

measurementsofthelearningresults.Thefirst

ismeasuredbyoutsideobservation.Theothers

arebasedonanalysisoftheinternalstateofa

modelrepresentedbyM.

(1)Same-answerrate Thismeasurement

indicatesthesimilaritybetweentwomodels,

whichisdefinedasfollows:

Same-answerrate:

A=thenumberofsameanswersinthetest

cases/thenumberoftestcases

(2)Degreeoflearning Thismeasurement

indicatestheabilitytoassociateoneconcept

withanotherandisdefinedas

Learningdegree:L=VE｡'"[ﾉ,雛
LisOintheinitialstateoftheconnectionma-

trix,sinceallmU,h]whereノ≠虎areO．Lbe-

comes、/"ofthemaximumwheneveryconnec-

tionmatrixcolumnhasacomponentwithl,ex-

ceptforthediagonalcomponents.

(3)DegreeOfdifference Thismeasure-

mentindicatesthedifferencebetweentwomodels

asdefinedbythefollowingdistancefunctionon

M:

Differencedegree:

D=退弓(m![j,"]-m2[ﾉ,h])2
wherem,andm2aretheconnectionmatricesfor

twomodels.DisOifM,isequaltoM2.Dbe-

comes、/2"intheworstpossiblecase.
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5．RACModelApplications

RACmodellearningfacilityfeaturesarecon-

firmedbythefollowingsimulationprograms:

5．ILeQJQ"加g-bg-leac"r

Thislearningprocedureisusedforteaching

knownknowledgetoasystemfromtheoutside.

Sincechangingconnectivitydependsonlyonin-

putsandnotonthestateoroutputsofthesys-

tem,systembehavioriseasilyadjusted.

5．2Leqr"加9-6"-dialog

Thislearningprocedureisusedbyasystem

toobtainknowledgethroughdialog.Sincechang-

ingconnectivitydependsonboththeinputand

outputofthesystem,learningresultsarein-

fluencedbythestateofMatthebeginningof

learningandbysuchparametersasattention

degreeBofthediffusionfunction,concentration

degreepoftheconcentrationfunction,threshold

value7ofthelinguisticfunction,andvariation

6inconnectivity.Thispapersupposesstandard

parameterstobe

p=2.0

β＝1.0

7=0.5

6＝0．02

Thenumberofconceptsissupposedtobeten,

therefore,

凡＝10

Twotypesoflearningbydialogaresimulated

usingtwoRACmodelscoupledtoeachotheras

showninFi9.3．Oneislearningbyquestionand

answer.Theotherislearningthroughdebate.

(1)Learningbyquestionandanswer Of

thetwomodelsinFig.3,itisassumedthatone

isastudent,withalearning-by-dialogfacility,

andtheotherisateacher,withnolearning

facility・Thatis,thestudentacquiresteacher's

knowledgebyquestionandanswerwiththe

teacher・Apartofthesimulationresultsare

showninFig、4.Atthebeginningoftheseex-

periments,componentvaluesofMfortheteacher

aresetasL=､/10sinceitisassumedthatthe

31

Fig.3SimulationoflearningbydialogusingtwoRAC
model県．

teacherhasalreadyfinishedlearning.Compo-

nentvaluesofMforthestudentaresetasL=1.66

sinceitisassumedthatthestudenthasalready

learnedalittle・Ifitisassumedthatthestudent

hasnotlearnedanythinglikeababyandthena

unitmatrixisusedasM,learningresultsbe-/一、
comesimilartoresultsobtainedbyusingthe

procedureoflearning-by-teacher・InFig.4,(a)

isthestandardparameterresultsand(b)to(f)

areresultsobtainedbychangingonedifferent

parameterfromamongthestandardparame-

ters.

Ther-axisrepresentsthenumberofdiscussion

rounds,F･.Oneroundimpliesthattenfg-cycles

areexecutedforeachoneoftenquestions,thatis,

atotaloflOOfg-cycles.They-axisrepresents

theresultsoflearningbyA,LandD,asdefined

inthepreviouschapter.

Thefollowingfeaturesareconfirmedbysimu-

lation:

①Thelargertheconcentrationdegreep,the

betterthelearningresults.

②Thegreaterorlessertheattentiondegree'一､
isfroml,thebetterthelearningresults.

③Thesmallerthethresholdvalue7,the

betterthelearningresults.

④Thegreaterthechangeinvarient6for

connectivity,thebetterthelearningresults.

Thesereasonableresultsareobtainedthrough

varyingvaluesofstandardparametersinthe

rangeshowninFig．4,althoughtrivialresults

areobtainedthroughreplacingvaluesofstan-

dardparametersbyextremeparametervalues.

In@,B=1impliesthattheinputofthediffusion

functionbecomesQ+Xandthenenhancesdiffu-

sion,sothatoutputdecreases,sinceinmost

casesQandXaredifferent.ln@,alargethresh-

s印と7990Cり抑”"伽"/Sど加α〃jtsq/α脆脚mIMj加油Sys舵加允γ7物0JE"日りcEssSj"""伽〃555
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oflearningbyquestionandanswer.

10

(d)8=1/3(e

Fig.4Simulationresultsof

oldvaluefor7,inhibitslearning-by-dialog,

sinceoutputdecreases.

(2)Learningthroughdebate Bothmod-

elsinFig.3havethesamelearningprocedures.

Learning-by-monologisappliedtoonemodelif

theothermodeldoesnotanswertheformer's

question・Learning-by-teacherisappliedtothe

formeriftheformerdoesnotanswerthelatter's

Aquestion・Inthisprocedure,learning-by-mono-

logisusedforreinforcingone'sownknowledge.

Learning-by-teacherisusedforacquiringthe

debater'sknowledge.

Twosimulationresultswithvariationsinthe

initialdegreeofdifferenceareshowninFig.5.

Thefollowingfeaturesareconfirmedbythese

results:

(1)IfdifferencedegreeDbetweentwomodels

islarge,theonewiththelesserdegreeof

learninglearnsfromandcomesequaltothe

onehavingthegreaterdegreeoflearning.

(2)IfdifferencedegreeDissmall,thenumber

ofsameanswersincreasesrapidlyduring

learning.

3

１
２

Ｌ
Ｌ

2

、
ノ 、

1

Ａ
γ｜

峨

一

(b)Smallinitialdifference

degreeD

ofleamingthroughdebate.

(a)Largeinitialdifference
degreeD

Fig.5Simulationresults

6.Conclusion

Aneuralnetworksystemforthoughtprocess

simulationwhichisreferredtoasarepetitionof

associationandconcentrationmodelisproposed.

Associationsbetweenconceptsweresimulatedby

connectivitybetweentheneurons.Furthermore,

actualconsciousconcentrationwassimulatedby

addingnonlinearitytoaneuralnetworkmodel.

Computationalsemanticsforthismodelarede-

人工知能学会誌 比15岬.5556



finedasaparallelproductionsystembasedon

threecorrespondences:synapticconnection

betweenneuronstoaproductionrule,@connec-

tivitytoacertaintyfactorofthatrule,andO

activityoftheneurontoacertaintyfactorofa

fact.

Threetypesoflearningfacilitiesaredescribed

asautomaticknowledgeacquisition.Therele

vanceofthismodelwasconfirmedbycomputer

simulationoflearnmgproceduresforrecognition

ofrelationsbetweenconcepts.Furtherstudies

鵬

aresuggestedonthestablestateanalysisofthis

modelandtheconvergenceproblemsoflearning

procedures.
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