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Abstract ' 

This paper describes a connectionist 
implementatio n o f  th e ACT- R productio n 
system .  Declarativ e knov̂ ledg e i s store d a s 
chunk s i n separat e associativ e memorie s fo r 
each type .  Procedura l  knowledg e consist s o f 
th e patter n o f  connection s betwee n th e typ e 
memorie s an d a  centra l  memor y holdin g th e 
curren t  goal .  ACT- R concept s suc h a s adaptiv e 
learnin g an d activation-base d retrieva l  an d 
matchin g naturall y ma p int o connectionis t 
concepts .  Th e implementatio n als o provide s a 
more precis e interpretatio n fo r  issue s i n ACT- R 
suc h a s tim e o f  memor y retrieva l  an d 
productio n firing ,  retrieva l  error s an d partia l 
matching .  Finally ,  th e implementatio n 
suggest s limitation s o n productio n rul e structure . 

Introductio n 

Anderson (1993) describes a production system 
model  o f  cognitio n calle d ACT-R .  ACT-R ,  a s it s 
predecesso r  ACT *  (Anderson ,  1983 )  involve s a 
distinctio n betwee n declarativ e memor y 
(define d b y element s calle d chunks )  an d 
procedura l  memor y (define d b y productions) ,  a 
goal  structur e fo r  coordinatin g productions ,  a n 
activation-base d retrieva l  system ,  an d a 
scheme fo r  learnin g ne w productions .  ACT- R 
differ s fro m ACT *  i n tha t  bot h it s principle s fo r 
activatio n computatio n an d fo r  conflic t 

'Thi s researc h wa s supporte d b y O N R gran t 
number  N(X)014-90-J-1489 . 

resolutio n hav e bee n explicitl y  guide d b y th e 
rationa l  analysi s o f  cognitio n (Anderson ,  1990) . 
It  als o differ s i n tha t  i t  i s  a  full y  implemente d 
compute r  simulation . 

As ACT* ,  ACT- R claim s t o b e a  theor y o f  bot h 
th e symboli c leve l  o f  cognitio n an d o f  a  neural -
lik e implementatio n o f  tha t  symboli c level . 
Whil e ther e ar e som e thing s wit h clea r  neura l 
interpretation ,  suc h a s th e activation-base d 
computation ,  th e clai m o f  neura l 
implementatio n i s mor e promissor y tha n real . 
We hav e no w begu n wha t  woul d b e involve d i n 
developin g a  detaile d connectionis t 
implementatio n o f  th e ACT- R theory . 

The syste m w e describ e her e ca n b e viewe d a s 
one o f  a  numbe r  o f  ne w hybri d model s tha t  hav e 
been describe d whic h involv e bot h 
connectionis t  an d symboli c components .  Thes e 
system s hav e attempte d t o combin e th e 
modularit y an d generalit y o f  symboli c system s 
wit h th e generalizatio n capabilitie s an d 
homogeneit y o f  representatio n an d learnin g o f 
neura l  networks .  Ther e hav e bee n a  numbe r  o f 
attempt s t o specificall y implemen t  productio n 
system s i n connectionis t  term s (e.g .  Touretzk y & 
Hinton ,  1988 ;  Dola n &  Smolensky ,  1989) . 
Thes e hav e basicall y starte d wit h 
connectionis t  principle s an d trie d t o deriv e 
symboli c capabilities .  Ou r  attemp t  i s differen t 
i n tha t  w e ar e startin g wit h a n existin g 
symboli c syste m (wit h a  grea t  man y 
correspondence s establishe d wit h behaviora l 
data )  an d explorin g ho w i t  migh t  b e 
implemented . 

We d o no t  expec t  tha t  ACT- R wil l  remai n 
totall y unchange d i n thi s effort .  W e hav e 
alread y foun d som e aspect s o f  th e ACT- R 
theor y whic h ar e bot h unnecessar y an d 
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difficul t  t o translate .  I n genera l  on e migh t  sa y 

tha t  th e ACT- R theor y ha s to o man y degree s o f 

freedom ,  an d on e consequenc e o f  thi s effor t  wil l 

be a  reduce d an d mor e constraine d versio n o f 

tha t  theory . 

I t  i s  als o th e cas e tha t  th e ACT- R theor y 

lack s a n adequat e theor y o f  partia l  matchin g 

an d s o ha s difficult y i n emulatin g certai n 

aspect s o f  h u m a n behavior ,  particularl y thos e 

concerne d wit h slip s tha t  involv e error s o f 

commission .  Partia l  matchin g i s somethin g 

tha t  connectionis t  network s d o particularl y 

well . 
The syste m whic h w e ar e buildin g i s 

tentativel y calle d ACT-RN ,  fo r  ACT- R i n a 
Neura l  network .  W e wil l  describ e i n thi s 
pape r  it s curren t  stat e o f  development .  I n 

summary ,  th e motivation s fo r  developin g ACT -

R N ar e t o increas e th e plausibilit y  o f  ACT- R 

by showin g h o w i t  nnigh t  b e mappe d i n detai l 

ont o a  neura l  implementation ,  t o explor e h o w 

connectionis t  system s ca n achiev e symboli c 

capabilities ,  t o fin d furthe r  constraint s o n ACT -

R,  an d t o provid e ACT- R wit h a  theor y o f 

partia l  matching . 

Declarativ e M e m o r y 

The fundamental distinction in ACT-R is 

betwee n declarativ e an d procedura l 

knowledge .  Declarativ e knowledg e i s 

represente d b y mean s o f  structure s calle d 

chunks .  A  chun k consist s o f  a  uniqu e identifier , 

togethe r  wit h a  numbe r  o f  slot s eac h containin g 

a value ,  whic h ca n b e eithe r  anothe r  chunk ,  o r 

an externa l  objec t  o r  a  list .  Sinc e th e powe r  an d 

generalit y o f  lis t  structure s an d Lis p function s 

migh t  b e excessive ,  an d fo r  th e sak e o f 

simplicit y an d uniformity ,  i n A C T - R N w e wil l 

constrai n th e slo t  value s t o b e chunks . 

Each chun k i s o f  a  particula r  type .  A  typ e i s 

define d b y it s nam e an d lis t  o f  slots .  Wherea s 

i n ACT- R al l  chunk s wer e store d i n a  c o m m o n 

declarativ e memory ,  fo r  a  numbe r  o f  reason s w e 

decide d her e t o defin e a  separat e memor y fo r 

eac h type . 

The firs t  consideration s regar d neura l  networ k 

capacity .  I t  i s  widel y believe d tha t  th e 

capacit y o f  associativ e memorie s grow s 

linearl y wit h thei r  size .  (Hopfield ,  1982 )  I f 

ful l  connectivit y i s used ,  however ,  th e numbe r 

of  connection s grow s wit h th e squar e o f  th e 
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Figur e 1 :  Typ e Memorie s 

number  o f  units .  B y breakin g u p declarativ e 
memory int o typ e memories ,  w e preserv e 
capacit y whil e considerabl y decreasin g th e 
number  o f  connection s necessary .  Separat e typ e 

memorie s ca n als o lear n bette r  th e 

representationa l  structur e o f  eac h chun k typ e 

withou t  bein g perturbe d b y th e othe r  types . 

Finally ,  sinc e variou s type s hav e differen t 

number s o f  slot s an d therefor e differen t  lengths , 

havin g separat e memorie s fo r  eac h typ e 

improve s memor y efficiency . 

An associativ e memor y fo r  chunk s should , 

give n a  chun k nam e o r  som e slo t  values ,  retriev e 

th e correspondin g chunk .  T o implemen t 

associativ e memories ,  w e us e a  simplifie d 

versio n o f  real-value d Hopfiel d network s 

(Hopfield ,  1984) .  Eac h slo t  a s wel l  a s th e 

chun k nam e i s represente d b y a  poo l  o f  units . 

The uni t  poo l  fo r  th e chun k nam e i s calle d th e 

header .  Instea d o f  havin g complet e 

connectivit y betwee n al l  pools ,  th e slot s ar e 

onl y connecte d t o th e heade r  an d vic e versa . 

Therefor e retrieva l  work s no t  b y energ y 

minimizatio n o n a  recurren t  networ k bu t 

throug h a  forward-backwar d mappin g 

mechanis m (Figur e 1) .  First ,  th e slo t  value s ar e 

mapped t o th e heade r  unit s t o retriev e th e 

chun k identifie r  whic h mos t  closel y matche s 

thes e content s (1) .  Then ,  th e heade r  i s mappe d 

bac k t o th e slot s t o fil l  th e remainin g value s 

(5) .  I f  th e heade r  i s specifie d the n ste p (1 )  i s 

omitted . 

To insur e optima l  retrieval ,  w e foun d i t 

necessar y t o "clean "  th e header .  Thi s ca n b e 

achieve d i n a  numbe r  o f  ways .  On e woul d b e t o 
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implemen t  th e heade r  itsel f  a s a n associativ e 

memory.  W e hav e chose n instea d t o connec t  th e 

heade r  t o a  poo l  o f  unit s i n whic h eac h uni t 

represent s a  chun k (2) .  Th e connection s betwee n 

th e heade r  an d a  particula r  uni t  ar e se t  t o tha t 

unit' s  representation .  B y assemblin g these -  unit s 

i n a  winner-take-al l  networ k (3) ,  th e chun k 

wit h th e representatio n closes t  t o th e retrieve d 

heade r  ultimatel y wins .  Tha t  chunk' s 

representatio n i s the n copie d bac k t o th e 

heade r  (4) .  W e als o us e tha t  mechanis m t o 

outpu t  t o th e use r  th e nam e o f  th e chun k whic h 

has bee n retrieved .  A  simila r  mechanis m i s 

describe d i n (Dola n &  Smolensky ,  1989) .  Th e 

initia l  activatio n leve l  o f  th e winning  chun k i s 

relate d t o th e numbe r  o f  iteration s neede d t o 

fin d a  clea r  winner .  Thi s map s ont o retrieva l 

Hme i n ACT-R . 

Currently ,  onl y externa l  event s ca n modif y o r 

creat e memor y chunks .  Thi s i s a  substantia ! 

differenc e fro m ACT- R wher e production s ca n 

directl y chang e declarativ e memory .  S o far , 

we hav e no t  foun d thi s restrictio n t o b e 

seriousl y limitative .  Ever y tim e a  ne w chun k i s 

created ,  a  ne w representatio n appear s i n th e 

heade r  pool ,  an d a  ne w uni t  i s  initialize d i n 

th e localis t  networ k wit h th e prope r 

connections .  Hebbia n learnin g i s the n use d t o 

add th e correlatio n betwee n heade r  unit s an d 

slo t  unit s t o th e connection s betwee n heade r  an d 

slots .  I f  chun k representation s ar e orthogonal , 

suc h one-tim e learnin g shoul d b e sufficient . 

(Hinto n &  Anderson ,  1981 )  A  specia l  cas e o f 

orthogona l  representation s whic h ar e 

particularl y eas y t o generat e ar e localis t 

representations .  I f  rathe r  tha n usin g 

orthogona l  representation s w e us e rando m 

representation s w e wil l  ge t  interferenc e 

betwee n representation s tha t  decrease s wit h 
th e siz e o f  th e representation . 

The othe r  possibilit y  i s  t o allo w 

representation s t o b e correlate d t o th e exten t 

the y ar e similar .  Thi s woul d bot h increas e 

interferenc e an d promot e generalization .  T o 

lear n thi s typ e o f  representation ,  a n iterativ e 

supervise d learnin g algorith m suc h a s th e 

Delt a Rul e (Rumelhar t  &  McClelland ,  1986 )  i s 
necessary . 

For  thos e chunk s whic h w e regar d a s symboli c 

we us e eithe r  rando m o r  orthogona l 

representation s fo r  thei r  identifiers .  Fo r  thos e 

chunk s whic h w e regar d a s analo g w e encod e 

thei r  similarit y i n th e pattern s o f  correlation s 

among thei r  identifiers .  Fo r  instance ,  i n th e 

additio n mode l  describe d below ,  w e hav e 

symboli c chunk s representin g th e additio n 

column s bu t  w e specif y fo r  th e integer s an d th e 

additio n fact s a  representatio n encodin g thei r 

magnitude .  Tha t  allow s th e additio n tabl e t o 

be represente d compactl y an d t o generaliz e 

well .  W e wil l  refe r  t o suc h representation s a s 

semantic . 

Procedura l  M e m o r y 

ACT-R is a goal-oriented system. To implement 

thi s i n A C T - R N w e hav e create d a  centra l 

memory,  whic h a t  al l  time s contain s th e curren t 

goal  (Figur e 2) ,  wit h connection s t o an d fro m 

eac h typ e memory .  Wit h thi s syste m w e ca n 

implemen t  production s whic h retriev e 

informatio n fro m a  typ e memor y an d deposi t  i t 

i n centra l  memory .  Suc h a  productio n migh t 

retriev e fro m a n additio n tabl e th e su m o f  tw o 

digit s hel d i n centra l  memory .  Fo r  example , 

give n th e goa l  o f  addin g 2  an d 3 ,  a  productio n 

woul d cop y t o th e addition-fac t  typ e memor y 

th e chunk s 2  an d 3  i n th e prope r  slots ,  le t  th e 

memory retriev e th e su m (5 )  an d the n transfe r 

tha t  chun k t o th e appropriat e goa l  slot . 

Thi s centra l  memor y syste m allow s al l 

stac k o o  o  o 

centra l 
memory 

resul t 

^ 
o o  o  o 

typ e memori e 

o o 

gate s 

o o  o  o  o  o 

Figur e 2 :  Procedura l  Memor y 
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memory type s t o communicat e wit h eac h othe r 

wit h a  cos t  i n connection s tha t  i s linea r  i n th e 

number  o f  type s rathe r  tha n th e squar e o f  th e 

number  o f  types .  Thes e connection s ca n b e se t  b y 

a productio n compile r  and/o r  learne d wit h a 

Hebbia n learnin g metho d simila r  t o th e on e fo r 

declarativ e knowledge ,  t o recor d th e pattern s 

of  transfe r  betwee n centra l  memor y an d typ e 

memories . 

To provid e a  degre e o f  contro l  ove r  productio n 

firing ,  w e nee d a  wa y t o decid e no t  onl y wha t 

get s transferre d where ,  bu t  als o when .  Tha t  i s 

th e rol e o f  th e productio n evaluatio n an d 

selectio n mechanis m i n ACT-R .  I n ACT-RN , 

tha t  tas k i s achieve d b y gatin g units .  Eac h uni t 

stand s fo r  a  particula r  productio n an d ha s 

incomin g connection s fro m centra l  memor y 

whic h reflec t  th e constraint s o n th e left-han d 

sid e o f  tha t  production .  Fo r  example ,  i f  goa l 

slo t  S  i s require d t o hav e a s valu e chun k C  i n 

productio n P ,  the n th e connection s betwee n S 

an d th e gatin g uni t  fo r  P  wil l  b e th e 

representatio n fo r  C ,  wit h a n appropriat e 

threshold .  A t  eac h epoch ,  al l  th e gatin g unit s 

ar e activate d b y th e curren t  stat e o f  centra l 

memory,  an d a  winner-take-al l  competitio n 

select s th e winner .  Again ,  th e relativ e 

activatio n o f  th e gatin g unit s determine s th e 

number  o f  iterations ,  whic h ca n b e use d a s a 

measur e o f  productio n selectio n time . 

Connection s betwee n centra l  an d typ e 

memorie s describ e th e pattern s o f  transfe r  t o 

and fro m centra l  memory .  Th e winnin g gatin g 

uni t  i s  use d t o selec t  whic h o f  thes e connection s 

ar e use d b y tha t  production .  Eac h gatin g uni t  i s 

restricte d t o a  particula r  typ e memory ,  whic h 

i s necessar y t o linni t  th e numbe r  o f  gatin g 

connection s fo r  eac h productio n t o a  constan t 

independen t  o f  th e numbe r  o f  typ e memories . 

That  leave s tw o fundamenta l  productio n types : 

I 

p lookupfac t 

goa l 

fac t 

goal-

I I 

p loadnewgoa l 

goal 

newgoal 

Typ e I  look s u p som e fac t  an d copie s som e slo t 

value(s )  (o r  header)  bac k int o th e goal .  Typ e I I 

change s th e goa l  t o a  ne w goal .  Tha t  ne w goa l 

i s  a  chun k tha t  i s  retrieve d fro m on e o f  th e typ e 

memories .  Thes e sever e limitation s ove r  th e 

unlimite d complexit y o f  ACT- R production s d o 

not  appea r  t o limi t  th e expressiv e powe r  o f  th e 

language ,  bu t  serv e t o mak e mor e explici t  th e 

cognitiv e step s involved . 

Goal  Stac k 

An important feature for the usability of ACT-

R i s it s goa l  stack .  Althoug h suc h a  featur e 

coul d b e lef t  t o th e use r  t o implemen t  usin g a 

typ e memory ,  it s  importanc e an d specificit y 

warrant s a  specia l  mechanism .  Thi s matche s 

it s specia l  treatmen t  i n ACT-R . 

The goa l  stac k i s implemente d i n ACT-R N b y 

usin g a  dedicate d typ e memory .  Bot h ne w goa l 

G an d paren t  goa l  P C ar e represente d amon g th e 

slots .  Th e heade r  representatio n i s chose n a t 

random .  T o pus h th e ne w subgoal ,  bot h G  an d 

PG ar e copie d i n th e appropriat e slots ,  an d th e 

correlatio n i s memorized .  W h e n G  i s t o b e 

popped ,  i t  i s  copie d t o th e stac k memor y an d P G 

i s retrieved ,  the n restore d bac k t o centra l 

memory.  Th e associatio n betwee n G  an d P G i s 

erase d fro m th e stac k memor y throug h explici t 

unlearning .  Weigh t  deca y woul d b e a  les s exac t 

but  perhap s mor e psychologicall y plausibl e 

techniqu e t o accomplis h this . 

We hav e mad e on e modificatio n t o ho w ACT -

R handle s goals :  W e hav e adde d a  mechanis m 

t o A C T - R N t o retur n a  resul t  fro m a  subgoa l  t o 

it s paren t  goal .  W e hav e lon g fel t  tha t  th e 

inabilit y  t o d o thi s le d t o rathe r  awkwar d 

productio n rule s i n pas t  A C T theories .  I n 

addition ,  thi s facilit y  avoid s a  proble m tha t 

woul d otherwis e aris e i n ACT-RN :  W h e n th e 

goal  ha s bee n restore d t o it s previou s value ,  th e 

productio n whic h initiall y  pushe d th e subgoa l 

woul d fir e agai n an d th e syste m i s caugh t  i n a 

loop .  Th e appearanc e o f  th e resul t  valu e 

change s th e goa l  an d s o naturall y prevent s th e 

ol d productio n fro m firing . 

That  goa l  stac k mechanis m ha s bee n adde d i n 

A C T - RN b y introducin g tw o commands .  Th e 

pus h comman d specifie s a  slo t  o f  th e paren t 

goal  i n whic h th e resul t  returne d b y th e subgoa l 

i s  t o b e copied .  Th e po p c o m m a n d i n tur n 

specifie s a  valu e (chunk )  t o b e returne d whe n 

th e subgoa l  i s  popped .  Tha t  valu e i s copie d t o 

a resul t  memory ,  whic h i s the n restore d i n th e 

prope r  goa l  slo t  afte r  popping .  Thes e 

commands modif y th e secon d productio n typ e 

give n abov e t o ad d th e pus h comman d an d 

introduc e a  thir d typ e fo r  th e po p command : 
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i r 
p pushgoa l 

goal 

==> 
[  pus h goalslo t  ] 

subgoa i 

II I 
p popgoa l 

goal 

==> 
po p valu e 

Tabl e 1 :  Multicolum n Additio n Cod e 

;; Type declarations 

(WMEType colum n to p botto m 

answer  carr y statu s next ) 

;; Working Memory definitions 

( A d d W M 

Applicatio n 

In Table 1 is the ACT-RN code to solve the 

multicolum n additio n problem .  Thi s productio n 

syste m wa s adapte d fo r  A C T - R N fro m th e 

ACT- R productio n syste m publishe d i n 

Anderso n (1993) .  I t  involve s on e significan t 

representationa l  chang e whic h i s tha t  tw o 

digi t  number s lik e 1 2 ar e represente d a s a  1  i n 

th e ten s colum n an d a  2  i n th e unit s colum n 

rathe r  tha n a s a n unanalyze d chunk .  Thi s 

change ,  whic h w e thin k i s a  ste p i n th e 

directio n o f  psychologica l  plausibility , 

eliminate d th e nee d fo r  tw o production s i n th e 

origina l  se t  tha t  extracte d th e one s digi t  fro m 

th e multidigi t  number .  O n th e othe r  han d i t 

require s a  specia l  productio n fo r  carr y whe n a 

nin e i s present .  Thi s mode l  ha s therefor e fou r 

production s instea d o f  five . 

I n additio n t o th e productio n rule s w e hav e 

give n fragment s o f  th e cod e t o se t  th e syste m u p 

t o giv e a  littl e o f  th e flavo r  o f  wha t  i t  i s  lik e t o 

writ e cod e i n ACT-RN .  Al l  th e command s are , 

excep t  fo r  a  fe w modifications ,  identica l  t o 

ACT-R's .  W M E T y p e declare s a  typ e b y 

specifyin g it s nam e an d lis t  o f  slots .  Type s use d 

her e ar e symbo l  (todo) ,  number-integer , 

addition-fac t  an d column .  A d d W M add s a 
Hst  o f  chunk s t o declarativ e memory .  Eac h 

chun k i s define d b y it s name ,  type ,  valu e fo r 

(som e of )  it s  slots ,  an d possibl y th e 

representatio n optio n t o specif y whic h memor y 

representatio n i s t o b e use d fo r  tha t  chunk .  T o 

kee p th e networ k smal l  an d improv e 

generalization ,  w e hav e use d semanti c rathe r 

tha n orthogona l  o r  rando m representation s fo r 

th e integer s an d additio n facts .  Thi s 

representatio n work s becaus e i t  reflect s th e 

semantic s o f  th e number s an d additio n facts . 
The goa l  i s  alway s th e colum n t o b e processed . 

The productio n ad d perform s th e additio n o f 

th e tw o number s =to p an d =botto m b y 

retrievin g th e relevan t  additio n fact ,  the n 

(tw o is a number-intege r 

representatio n ( + +  (-)) ) 

(twothree isa addition-fact 

adden d 1  tw o addend 2 thre e 

sumten s zer o sumunit s fiv e 

representatio n ( + +  +  +  +  (-)) ) 

(columnl isa column 

to p tw o botto m thre e 

carr y zer o statu s tod o 
nex t  colurTm2)... ) 

;;  Production s 

( p ad d 
=goa l 

is a colum n 

to p =to p 

botto m =botto m 

carr y zer o 

statu s tod o 

=fac t 

is a addition-fac t 

addend l  =to p 

addend 2 =botto m 

sumten s =ten s 

sumunit s =unit s 

=goal 

is a colum n 

answer  =unit s 

carr y =ten s 

statu s ( -  todo) ) 

( p nex t 

=goa l 

is a colum n 

statu s ( -  todo ) 
carr y =carr y 

nex t  =nex t 

=next 
is a colum n 

carr y =carry ) 

( p cance l 

=goa l 

is a colum n 

to p =to p 

to p ( -  nine ) 

carr y on e 

statu s tod o 

=fac t 
is a addition-fac t 

addend l  =to p 

addend 2 on e 

sumunit s =unit s 

=goal 

is a colum n 

to p =unit s 

carr y zero ) 

( p nine-carr y 

=goa l 

is a colum n 

to p nin e 
botto m ̂ botto m 

carr y on e 

statu s tod o 

==> 

=goa l 
is a colum n 

to p zer o 

answer  =botto m 
carr y on e 

statu s ( -  todo) ) 
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copyin g th e answer ,  i n th e for m o f  a  unit s digi t 

=unit $ an d a  ten s digi t  =ten s ,  int o th e ansive r 

slo t  an d th e carr y slo t  respectively ,  the n 

markin g th e colum n a s solved .  Th e productio n 

next  focuse s o n th e nex t  colum n b y retrievin g i t 

fro m memor y an d copyin g th e carr y int o it . 

The productio n ad d ha s a  conditio n requirin g 

th e carr y t o b e zer o befor e performin g th e 

addition .  Shoul d th e carr y b e on e ,  th e 

productio n cance l  wil l  firs t  ad d i t  t o th e to p 

number  =to p b y retrievin g th e su m o f  -to p an d 

one an d copyin g i t  bac k an d zeroin g th e carry , 

therefor e enablin g th e ad d productio n t o fire . 

The specia l  cas e whe n th e to p numbe r  i s nin e 

and a  carr y i s presen t  ha s t o b e handle d b y th e 

productio n nine-carr y . 

We als o converte d int o ACT-R N th e mode l  fo r 

th e Towe r  o f  Hano i  problem .  Th e initia l  ACT -

R solutio n (Anderson ,  1993 )  ha d onl y thre e 

larg e production s wher e th e processin g 

complexit y la y i n comple x matche s involvin g 

hst  matchin g an d negatio n clauses .  I n contrast , 

th e A C T - R N mode l  ha s t o decompos e thes e 

production s int o basi c cognitiv e steps ,  whic h 

resul t  i n a  tota l  o f  1 7 productions .  Preliminar y 

result s indicat e tha t  th e mode l  closel y reflect s 

th e latenc y pattern s o f  huma n subjects . 

Conclusion 

In this paper, we demonstrate how neural 

network s ca n b e use d t o implemen t  th e ACT- R 

productio n system .  Declarativ e knowledg e i s 

store d a s chunk s i n a  separat e associativ e 

memory fo r  eac h type . 

To limi t  th e numbe r  o f  connection s necessary , 

we introduc e a  centra l  memor y whic h hold s th e 

curren t  goal .  Procedura l  memor y consist s o f  th e 

patter n o f  connection s betwee n centra l  memor y 

an d th e typ e memories .  Evaluatio n an d 

selectio n o f  production s i s don e throug h a 

winner-take-al l  networ k o f  gatin g unit s 

activate d fro m centra l  memory . 

We ar e encourage d b y th e fac t  tha t  w e hav e 

alread y bee n abl e t o successfull y conver t  int o 

A C T - RN severa l  ACT- R model s suc h a s th e 

multicolum n additio n exampl e an d th e Towe r 

of  Hano i  problem .  Thi s i s evidenc e tha t  th e 

syste m i s succeedin g i n incorporatin g th e 

symboli c powe r  o f  a  rea l  productio n system .  W e 

pla n t o continu e developin g A C T - R N int o a 

genera l  modelin g too l  an d se e ho w wel l  i t  ca n 

accoun t  fo r  a  wid e rang e o f  psychologica l 

phenomena . 
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