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A C o n n e c t i o n i s t  A p p r o a c h t o H i g h - L e v e l  C o g n i t i v e M o d e l i n g 

Rajne r  Goebe l 

Departmen t  o f  Psychology ,  Gutenbergstr .  1 8 

3550 Marburg ,  West-German y 

Abstract—In this paper a connectionist framework is outlined which combines the advantages of 

symboli c an d pajalle l  distribute d processing .  Wit h regar d t o th e acquisitio n o f  cognitiv e skill s  o f 

adul t  humans ,  symboli c computatio n i s stronge r  relate d t o th e earl y stage s o f  performanc e wherea s 

paralle l  distribute d processin g i s relate d t o later ,  highl y practiced ,  performance .  I n orde r  t o mode l 

skil l  acquisition ,  tw o interactin g connectionis t  system s ar e developed .  Th e first  syste m i s abl e t o 

implemen t  symboli c dat a structures :  i t  reliabl y store s an d retrieve s distribute d activit y patterns .  I t 

als o ca n b e use d t o matc h i n paralle l  on e activit y patter n t o al l  othe r  store d patterns .  Thi s lead s t o 

an efficien t  solutio n o f  th e variabl e bindin g proble m an d t o paralle l  rul e matching .  A  disadvantag e 

of  thi s syste m i s tha t  i t  ca n onl y focu s o n a  fixed  amoun t  o f  knowledg e a t  eac h moment  i n time . 

Th e secon d syste m -  consistin g o f  recurren t  back-propagatio n network s -  ca n b e traine d t o pro -

ces s an d t o produc e sequence s o f  elements .  Afte r  sufficien t  trainin g wit h example s i t  possesse s 

«dl  advantage s o f  paralle l  distribute d processing ,  e .  g. ,  th e direc t  applicatio n o f  knowledg e with -

out  interpretin g mechanisms .  I n contras t  t o th e first  system ,  thes e network s ca n lear n t o hol d 

sequentiall y  presente d informatio n o f  varyin g lengt h simultaneousl y activ e i n a  highl y distribute d 

(superimposed )  manner .  I n earlie r  system s -  lik e th e mode l  o f  past-tens e learnin g b y Rumelhar t 

and McClellan d -  suc h form s o f  encoding s ha d t o b e don e "b y hand "  wit h muc h huma n effort . 

Thes e network s ar e als o compare d wit h th e tenso r  produc t  representatio n use d b y Smolensky . 

1 Introduction 

Parallel distributed processing seems especially well suited to model automatic, subconscious in-

formatio n processing .  Symboli c computation s fo r  exampl e variabl e binding ,  explici t  rul e followin g 

and deliberat e plannin g ar e muc h harde r  t o achieve . 

I  thin k tha t  fo r  modelin g high-leve l  cognitiv e processin g bot h style s o f  computatio n ar e necessary . 

Considerin g th e tempora l  dimensio n o f  learnin g a  cognitiv e skil l  reveal s tha t  the y ar e eve n intimatel y 

related :  earl y i n acquisition ,  symboli c processin g i s ver y importan t  becaus e instruction s (fact s an d 

rules )  mus t  b e store d an d processe d deliberately .  Th e applicatio n o f  knowledg e durin g thi s stag e 

i s controlled ,  slow ,  effortfu l  an d generall y seria l  bu t  i t  ha s th e grea t  advantag e tha t  approximat e 

performanc e i s achieve d immediatel y throug h genera l  interpretin g procedures . 

I n late r  stage s o f  practic e th e relevanc e o f  connectionis t  computatio n graduall y increases :  th e 

explicit ,  declarativ e knowledg e i s converte d t o mor e flexible,  mor e robus t  an d riche r  procedura l 

knowledge .  Th e applicatio n o f  thi s knowledg e i s fo r  th e mos t  par t  automatic ,  require s fe w atten -

tion ,  i s  fas t  an d mor e parallel :  i t  constitute s "exper t  knowledge" .  Thi s kin d o f  directl y applie d 

knowledg e graduall y emerge s becaus e subskill s  ar e automated :  elementar y processin g step s ar e 

associate d togethe r  an d activate d a s whol e units . 

Accordin g t o thi s view ,  I  propos e a  connectionis t  framewor k whic h consider s th e acquisitio n o f 

cognitiv e skill s  i n term s o f  tw o interactin g component s (simila r  t o Norman ,  1986) :  on e componen t 

-  capabl e o f  symbo l  processin g -  train s o r  'programs '  th e othe r  component .  Th e first  componen t 

consist s of'symbol-modules '  whic h eflficientl y implemen t  essentia l  aspect s o f  conventiona l  (vo n Neu -

mann)  computers .  Th e secon d componen t  consist s o f  'PDP-modules '  -  recurren t  back-propagatio n 

network s -  whic h posses s al l  advantage s o f  paralle l  distribute d processing . 

I  wil l  explai n th e basi c feature s o f  th e propose d syste m usin g a  simpl e illustratio n task . 
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2 T h e Illustratio n Tas k 

The proposed framework addresses skill acquisition of adults or at least older children who suffi-

cientl y maste r  thei r  nativ e language .  T o explai n th e basi c idea s o f  th e approach ,  I  us e a  ver y simpl e 

illustratio n task :  'Pi g Latin '  (Harvey ,  1985) .  Childre n ofte n lear n t o spea k Pi g Lati n a s a  "secret " 

language .  A  wor d i s translate d int o Pi g Lati n accordin g t o th e followin g rule :  tak e an y consonant s 

at  th e beginnin g (u p t o th e first  vowel )  an d mov e the m t o th e end .  The n ad d "ay "  t o th e end . 

So C A T become s A T C A Y ,  T R U S T become s U S T T R A Y an d I S become s I S A Y .  T o mak e thing s a 

littl e bi t  mor e difficult ,  I  adde d th e followin g rule :  i f  th e wor d begin s an d end s wit h a  vowe l  the n 

add "way "  t o th e end .  Thu s E A S Y doesn' t  becom e E A S Y A Y bu t  E A S Y W AY whic h als o sound s 

better .  Not e tha t  Pi g Lati n i s spoken ,  thu s pronounciatio n i s relevan t  fo r  applyin g th e rules .  I n th e 

followin g howeve r  th e rule s ar e applie d t o string s o f  letters .  Despit e th e simplicit y o f  thes e rules ,  i t 

require s som e practic e unti l  on e spea k Pi g Lati n fluently! 

Afte r  genera l  remark s abou t  th e use d network s th e basi c feature s o f  symbol-module s ar e explained . 

Then i t  i s  outline d ho w a  symbo l  modul e ca n explicitl y  follo w th e Pi g Lati n rules .  Thereafte r 

PDP-module s ar e describe d an d i t  i s  show n ho w a  specia l  modul e learn s b y exampl e t o behav e a s 

followin g th e rules .  Finall y i t  i s  outline d ho w bot h module s ar e integrate d i n suc h a  wa y tha t  th e 

symbol  modul e train s th e PDP-modul e t o follo w th e rules . 

3 Recurrent Networks: Handling Temporal Data 

Cognitive processes evolve in time: sequences of elements (for example letters, phonemes or words) 

must  b e processe d an d produce d a s output .  Therefor e bot h module s consis t  o f  (multilayered ) 

recurren t  networks .  Recurren t  network s ar e wel l  suite d t o handl e tempora l  dat a becaus e the y 

provid e a  kin d o f  shor t  ter m memor y fo r  retainin g activit y state s ove r  time .  Th e syste m operate s i n 

discret e tim e steps ;  th e updat e schem e i s a s follows :  layer s ar e update d synchronousl y i n ascendin g 

orde r  (a s i n feedforwar d nets) .  I f  uni t  i  i s  update d a t  tim e ste p t  an d ther e ar e recurren t  connection s 

(fro m th e sam e o r  highe r  layers )  t o uni t  i ,  the n th e activit y o f  th e correspondin g unit s a t  tim e ste p 

i  -  1  i s used .  Bot h module s us e linea r  an d semi-linea r  units . 

PDP-module s ar e traine d usin g th e generalize d delt a rule .  Back-propagatio n allow s network s t o find 

themselve s interestin g interna l  representations ,  bu t  i s  designe d fo r  feedforwar d net s only .  Rumelhar t 

et .  al .  (1986 )  describ e a  techniqu e whic h allow s th e applicatio n o f  back-propagatio n t o arbitrar y 

connecte d networks :  Ever y recurren t  networ k operatin g i n (discrete )  tim e event s ca n b e "unfolde d 

i n time "  t o a  feedforwar d networ k wit h identica l  behavior .  Howeve r  thi s techniqu e ha s som e 

disadvantages .  Therefor e I  mad e som e modification s yieldin g a  syste m wit h hig h efficienc y (se e 

Goebel ,  1990 ) 

4 Symbol-Modules: Explicit Rule Following 

Symbol-modules are special architectures designed to store and retrieve distributed activation pat-

tern s (symbols )  reliabl y an d immediately . 

A basi c assumption ,  als o vali d fo r  PDP-modules ,  i s  tha t  th e activit y o f  som e unit s ca n serv e a s 

targe t  value s fo r  nearb y outpu t  units .  Thi s allow s on e modul e t o sen d teachin g signal s t o othe r 

modules . 

I n it s  simples t  for m a  symbo l  modul e i s compose d o f  tw o part s (se e figure  1) .  On e par t  — consistin g 

of  tw o equa l  widt h layer s — act s a s a  'gate '  fo r  symbols .  Throug h thi s 'symbo l  gate '  th e modul e 

can receiv e symbol s fro m othe r  module s o r  fro m inpu t  units .  I t  als o ca n sen d symbol s throug h thi s 

gat e t o othe r  module s o r  t o outpu t  units .  A t  eac h tim e ste p on e modul e ca n handl e on e symbol . 

The othe r  par t  consist s o f  a  (large )  laye r  tha t  act s a s a  sequenc e o f  'memor y cells' .  Thes e 'loca l 

memory units '  ar e totall y connecte d t o th e outpu t  units . 
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4. 1 Location-Addresse d Retrieva l 

Assume that a sequence of symbols, for example the string TIME is to be stored in the symbol-

modul e o f  figure  1 .  Eac h (linear )  loca l  memor y uni t  ha s a  connectio n t o it s righ t  neighbo r  wit h 

weigh t  1 .  I n thi s exampl e th e numbe r  o f  unit s N ,  tha t  constitut e a  symbo l  i s 5 . 

inpu t  (target )  unit s 

outpu t  unit s 

activatio n patter n o f  symoo l  E 

o # o 
symbol  gat e 

K > 0 
loca l  memor y unit s 

Figur e 1 :  A  simpl e symbo l  modu l e 

At  th e first  t im e ste p th e leftmos t  loca l  m e m o r y uni t  i s  activate d an d th e first  distribute d patter n -

representin g T  -  appear s a t  th e targe t  unit s o f  th e symbo l  gate .  N o w learnin g take s plac e accordin g 

t o th e delt a rule .  T h e resul t  i s  tha t  th e activatio n value s o f  th e targe t  unit s ar e m a p p e d t o th e 

weight s com in g f ro m th e activ e loca l  m e m o r y uni t  t o th e outpu t  units . 

At  th e nex t  t im e ste p th e secon d loca l  m e m o r y uni t  i s  activ e an d th e secon d symbo l  (I )  appear s 

o n th e targe t  units .  N o w thes e activatio n value s ar e m a p p e d t o th e correspondin g weight s etc . 

Conside r  retrievin g th e sequence .  A s s u m e aJ l  loca J m e m o r y unit s ar e turne d off .  N o w th e leftmos t 

loca l  uni t  i s  turne d o n an d activatio n flows  throug h th e learne d weight s t o th e outpu t  unit s evokin g 

th e first  store d symbo l  T .  A t  th e nex t  tim e ste p th e nex t  loca l  uni t  i s  activ e evokin g th e secon d 

store d s y m b o l  I  an d s o on .  Thi s i s location-addresse d retrieval . 

T h e delt a rul e change s th e weight s a. s follows : 

Woi{t + 1) = Woi{t) + eai{at - o,,) 

The value of learning rate e is 1. (The index / stands for a local unit, o for an output unit and t for 

a taxge t  (input )  unit. )  Conside r  th e weight s betwee n a  non-activ e loca l  uni t  an d th e outpu t  units : 

Woi{t + 1) = Woi{t) + 0{at - ao) = Woiit) 

This says that the weights between non-active local units and the output units are not affected by 

th e learnin g process .  Fo r  th e weight s betwee n th e activ e loca l  uni t  an d th e outpu t  unit s results : 

Woi{t +l) = Woi{t) + l{at - Co) = Wot{t) + at-ao 

Note that Cq is the value of a linear output unit: a^ = aiWoi(t). Because in the considered case 

a/  =  1  w e hav e 

Woi{t + 1) = Woi{t) + at- Woi{t) = at 

This means: regardless of the current weight between the active local unit and an output unit, the 

n e w weigh t  equal s exactl y th e activatio n valu e o f  th e correspondin g targe t  unit . 

Accordin g t o thi s learnin g schem e eac h distribute d symbo l  i s  store d a t  a  distinc t  locatio n (ha s it s 

o wn weights )  an d i s  therefor e no t  affecte d b y othe r  symbol s i n m e m o r y .  T h e resul t  i s  a  dualisti c 

representatio n scheme :  eac h symbo l  i s represente d bot h i n a  loca l  an d a  distribute d form . 
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I  hav e improve d thi s simpl e symbo l  modul e i n man y ways ,  fo r  exampl e introducin g 'pointers '  t o 

contro l  th e activatio n o f  loca l  memor y units .  Thi s allow s t o buil d symboli c dat a structure s lik e 

stack s an d lists .  (Th e firs t  large r  syste m I  hav e buil d wih t  symbo l  module s i s a  simpl e LIS P 

interpreter. ) 

4.2 Content-Addressed Retrieval 

Suppose that the layer of local memory units aind the layer of output units are totally connected 

i n bot h directions .  Symbol s consis t  o f  1,- 1 patterns .  Th e storin g mechanis m i s a s befor e bu t 

each dictate d weigh t  chang e no w operate s i n bot h direction s yieldin g symmetrica l  connections : 

W ol  =  tvio . 

Such symbo l  module s ca n b e use d fro m tw o side s t o retriev e store d symbols .  I n additio n t o location -

addresse d retrieva l  (fro m th e loca l  unit s t o th e outpu t  units) ,  content-addresse d retrieva l  fro m th e 

outpu t  unit s (actin g a s inpu t  units )  t o th e loca l  memor y unit s i s possible . 

Content-addresse d retrieva l  work s a s follows :  I f  symbo l  5,- ,  fo r  exampl e M ,  i s presente d t o th e outpu t 

units ,  activatio n flows  dow n t o th e loca l  units .  Becaus e th e weight s t o eac h loca l  uni t  represen t  a 

store d symbol ,  th e curren t  activatio n patter n 5, -  i s  compare d i n paralle l  t o al l  store d symbols !  Th e 

net  inpu t  t o loca l  uni t  I j  reflect s th e strengt h o f  matc h betwee n Si  an d Sj . 

K eac h loca l  uni t  ha s a  threshol d o f  JV ,  -  2  th e symbol(s )  whic h exactl y matche s 5, -  becom e active . 

I f  th e loca l  unit s ar e designe d a s a  Winner-Take-A U ( W T A )  network ,  th e bes t  matchin g symbo l  i s 

retrieved .  Bes t  matc h als o allow s patter n completio n i f  som e outpu t  unit s ar e clampe d t o 0 . 

The combinatio n o f  content -  an d location-addresse d retrieva l  ca n b e use d t o bin d value s t o variables . 

Suppos e th e sequenc e 'X,3,Y,5,Z,7 '  i s  store d i n a  symbo l  module .  N o w t o retriev e th e valu e o f 

variabl e 'Y' ,  on e jus t  ha s t o presen t  it s patter n a t  th e outpu t  units .  Thi s activate s it s correspondin g 

loca l  memor y unit .  A t  th e nex t  tim e ste p it s righ t  neighbo r  i s activ e producin g th e correspondin g 

value .  Thu s retrievin g th e valu e o f  a  variabl e operate s i n constan t  time ,  independen t  o f  th e numbe r 

of  store d variables .  I  hav e enhance d thi s variabl e bindin g mechanis m t o bin d sequence s o f  element s 

and t o allo w t o retriev e th e valu e o f  th e valu e o f  a  variable . 

4.2.1 Parallel Rule Matching 

On the basis of the described features of symbol modules, I have developed a simple production 

syste m whic h processe s th e Pi g Lati n rule s (se e figure  2) . 

lettar-pai r workin g memor y 

lef t  lette r 
• 

rlQh t  lette r 
firs t 
consonan t 

firs t 
vowel 
fla g 

paralle l  rul e 1  matcrilrt g 

rul e 1 rul e 2 rul e 3 rul e 4 rul e 5 

R1:  I F ( # c  0 )  THE N # .  Stor e c 
R2:  I F ( # V  0 )  THE N # ,  v .  Stor e f 
R3:  I F ( x y  • )  THE N y 

R4:  I F ( •  #  c )  THE N c ,  A ,  Y ,  # ,  sto p 

R5:  I F ( C #  1 )  THE N A ,  Y ,  # ,  sto p 
R6:  I F ( V #  f )  THE N W,  A ,  Y .  # ,  sto p 

Figur e 2 :  Th e 'productio n system '  an d th e Pi g Lati n rule s 

Thi s specia l  symbo l  modul e ha s a  large r  symbo l  gat e t o represen t  tw o letter s an d som e furthe r 

informatio n (workin g memory) .  A  conditio n i s represente d throug h on e loca l  unit .  I n thi s versio n 

exac t  matc h i s used .  N o (local )  variable s ar e ye t  established .  I f  a  loca l  uni t  become s active ,  i t 

activate s it s righ t  neigbor s constitutin g th e actio n part .  Action s ca n sen d symbol s t o a  specia l 

outpu t  modul e o r  stor e value s i n workin g memory .  Ther e i s n o conflic t  resolutio n ye t  implemented , 

thu s th e rule s mus t  b e define d suc h tha t  th e condition s exclud e eac h other . 

Ther e ar e severa l  way s t o defin e th e Pi g Lati n rule s withi n th e scop e o f  thi s productio n system . 
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Sinc e n o loca l  variable s ar e ye t  allowed ,  I  hav e restricte d th e rule s i n th e followin g way :  onl y 

thre e consonant s (B ,  M ,  T )  an d tw o vowel s (E ,  I )  ar e used .  Additionally ,  i f  a  wor d begin s wit h 

a consonant ,  th e nex t  lette r  mus t  b e a  vowel .  Fo r  reason s whic h wil l  becom e clea r  i n th e nex t 

sectio n a  strin g i s no t  presente d a s a  sequenc e o f  letters ,  bu t  i n smal l  chunks ,  consistin g o f  letter -

pairs .  Word-edge s ar e indicate d wit h th e specia l  symbo l  'rĵjt' .  Thu s th e strin g # T I M E # i s actuall y 

presente d a s th e followin g sequence :  ̂jĵT ,  TI ,  IM ,  M E ,  E# . 

The rule s fo r  th e productio n syste m ar e show n i n figure  2 .  Th e 'c '  stand s fo r  a  consonant ,  'v '  fo r 

a vowe l  an d 'x '  an d 'y '  fo r  a  vowe l  o r  a  consonan t  bu t  no t  # .  Th e lette r  f  represent s a  flag  i n 

workin g memor y indicatin g tha t  th e first  lette r  wa s a  vowel .  Th e '* '  indicate s tha t  th e shor t  ter m 

memory ma y hav e a n arbitrar y value .  Not e tha t  eac h rul e i s actuall y repeate d severa l  time s wit h 

loca l  variable s replace d wit h letters .  Thu s a n actua l  rul e a s a n instanc e o f  th e first  rul e is :  'I F ( # 

B 0 )  T H E N # ,  stor e B' . 

Conside r  a s a n exampl e ho w th e strin g # T I M E # i s processed .  A t  first,  # T i s presente d t o th e 

outpu t  units .  No w al l  conditon s ar e compare d i n paralle l  agains t  th e data .  Th e first  rul e matches , 

sendin g #  t o th e outpu t  modul e an d store s T  i n th e shor t  ter m memory .  No w th e nex t  pai r  T I 

i s  presente d an d rul e 3  matches ,  sendin g I  t o th e outpu t  module .  Th e nex t  pair s I M an d M E ar e 

treate d th e same .  The n th e las t  pair ,  Eî ,  i s  presented .  Rul e 4  matches ,  finally  sendin g T ,  A ,  Y 

and #  t o th e outpu t  module . 

5 PDP-Modules: Learning by Example 

PDF-modiiles axe ordinary (recurrent) back-propagation networks, thus possessing their main ad-

vantages :  simultaneou s consideratio n o f  man y piece s o f  information ,  learnin g fro m experienc e an d 

generalizatio n t o nove l  situations .  T o exploi t  thes e feature s o f  paralle l  distribute d processing ,  a 

diflFeren t  approac h t o lear n th e Pi g Lati n rule s i s reasonable :  presen t  a  whol e inpu t  strin g a t  onc e 

t o a n inpu t  laye r  an d comput e i n on e step ,  i n parallel ,  th e correc t  outpu t  string . 

But  ther e i s a  problem :  ho w ar e string s -  entitie s o f  varyin g lengt h -  represente d wit h a  fixed  numbe r 

of  units ? On e solutio n migh t  b e t o us e a  buffe r  larg e enoug h t o hol d th e longes t  string :  th e inpu t 

laye r  an d outpu t  laye r  ar e divide d i n man y part s ('slots') ,  eac h representin g on e elemen t  (letter )  i n 

successiv e order .  Bu t  ther e ar e som e problem s wit h thi s positio n dependen t  representatio n (Mozer , 

1988) .  Th e mos t  importan t  proble m wit h regar d t o th e Pi g Lati n tas k i s tha t  thi s representatio n 

does no t  suppor t  prope r  generalizatio n becaus e i t  canno t  handl e wor d edge s -  th e mos t  critica l 

informatio n -  i n isolation ,  independan t  fro m th e lengt h o f  th e string . 
Rumelhar t  an d McClellan d (1986 )  solve d thi s proble m withi n th e scop e o f  th e pas t  tens e mode l 

usin g a  context-sensitiv e representation :  eac h elemen t  (phoneme )  i s represente d togethe r  wit h it s 

predecesso r  an d it s successo r  constitutin g a  "Wickelphone" .  T o represen t  th e wor d 'represent' ,  i t  i s 

decompose d int o th e followin g se t  o f  triplets :  #Re ,  rEp ,  ePr ,  pRe ,  rEs ,  eSe ,  sEn ,  eNt ,  nT# .  No w 

each Wickelphon e represent s a  'slot '  (on e inpu t  unit )  an d al l  word s endin g i n th e sam e phoneme s 

have th e sam e slo t  active !  Thi s allow s t o extrac t  th e relevan t  regularities . 

Accordin g t o thi s representatio n schem e I  hav e implemente d a  simpl e tw o laye r  networ k t o proces s 

string s accordin g t o th e Pi g Lati n rules .  T o kee p thing s simpl e onl y 'Wickel-pairs '  ar e used .  Of 

course ,  letter-pair s aren' t  wel l  suite d t o represen t  string s distinctl y (Als o Wickelphone s canno t 

represen t  ever y strin g distinctly ;  se e Pinke r  &  Princ e (1988 )  fo r  a  thoroug h criticis m o f  th e pas t 

tens e model) .  Therefor e I  hav e define d th e additiona l  constrain t  tha t  n o lette r  ma y appea r  twice . 

Thi s constrain t  togethe r  wit h thos e o f  th e previou s sectio n lea d t o 3 9 letter-pair s (3 9 inpu t  an d 3 9 

outpu t  units )  an d 7 1 distinc t  strings . 

The networ k learn s th e Pi g Lati n tas k quickly .  Afte r  trainin g wit h 50 % o f  th e string s i t  generalize s 
wel l  t o almos t  a U remainin g string s (onl y thre e string s ar e processe d incorrect) . 

Thi s solutio n howeve r  ha s tw o seriou s drawbacks .  First ,  i f  mor e letter s ar e allowe d t o buil d strings , 

ther e ar e quickl y to o man y letter-pair s (thi s wa s th e mai n reaso n t o us e 'Wickelfeatures '  -  a  mor e 

compact ,  distribute d representatio n -  i n th e pas t  tens e model) .  Second ,  a  simpl e feedforwar d 

networ k canno t  handl e sequentiall y  presente d data . 
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What  on e woul d lik e i s a  networ k whic h combine s elegantl y th e strength s o f  bot h paralle l  an d seria l 

processing .  Therefor e I  hav e develope d a  PDP-modul e whic h ca n sequentiall y  proces s letter-pair s 

and ca n hol d th e presente d informatio n simultaneousl y activ e i n a  highl y distribute d (superimposed ) 

manner . 

I n th e following ,  th e basi c ide a i s describe d usin g loca l  representation s o f  th e pair s i n a  pre-wire d 

simpl e network .  The n i t  i s  outline d ho w th e networ k ca n lear n itsel f  prope r  representations . 

Figur e 3  show s a  smal l  iUustratio n network .  Th e inpu t  laye r  an d th e outpu t  laye r  consis t  o f  tw o 

'slots '  eac h representin g on e o f  thre e element s (A ,  B  o r  C) .  Th e hidde n laye r  consist s o f  si x loca l 

unit s representin g letter-pairs .  N o w suppos e th e element s B  an d C  ar e presente d t o th e inpu t  layer . 

They activat e th e pai r  uni t  B C whic h i n tur n activate s th e element s B  an d C  o f  th e outpu t  laye r  (se e 

figur e 3) .  Eac h (linear )  pai r  uni t  i s  sel f  connecte d wit h a  valu e o f  +0.8 .  Thus ,  th e activit y o f  th e 

activ e pai r  uni t  slowl y decay s a s tim e proceed s an d consequentl y th e activit y o f  th e outpu t  units , 

too .  Bu t  thi s doe s no t  reall y happe n becaus e o f  recurren t  connection s fro m th e lef t  thre e outpu t 

unit s t o th e pai r  units .  Thes e outpu t  unit s hav e positiv e connection s t o pair s whic h 'match '  th e 

outpu t  uni t  wit h it s lef t  side .  Th e outpu t  uni t  representin g B ,  fo r  example ,  hji s  positiv e connection s 

t o al l  pair s B x an d zer o weight s t o al l  othe r  pairs . 

o o o 

o O ' & o o 
CA CB 

o « o o o o o 

AB AC B C BA 

O O 

Figur e 3 :  A  simpl e PDP-modul e processin g sequentia l  dat a 

Thus a t  th e nex t  tim e ste p th e activ e outpu t  uni t  B  activate s th e pai r  unit s B A an d B C .  Thi s 

prevent s th e pai r  uni t  B C fro m decayin g t o zer o bu t  B A get s som e activity ,  too .  Howeve r  eac h pai r 

uni t  ha s inhibitor y connection s t o othe r  pai r  unit s wit h th e sam e lef t  element .  Thi s allow s B C t o 

preven t  B A fro m becomin g active .  I n summary ,  th e activit y stat e o f  th e pai r  unit s a t  tim e ste p 

< -I- 1 i s th e sam e a s before .  Th e activ e pai r  uni t  an d th e activ e outpu t  uni t  mutuall y reinforc e eac h 

othe r  a s tim e proceed s creatin g a  stabl e 'resonan t  state '  (Grossberg ,  1987) . 

W hy no t  usin g sel f  connection s o f  valu e -|-1 ? I n thi s cas e n o recurren t  connection s fro m th e lef t 

outpu t  unit s woul d b e necessary .  Th e basi c tric k howeve r  i s tha t  th e sam e lef t  outpu t  uni t  ca n 

activat e differen t  unit s  o f  th e righ t  outpu t  unit s dependin g o n th e store d pai r  units .  Thu s th e syste m 

act s a s a  'dynami c patter n associator' :  th e mappin g functio n fro m lef t  t o righ t  i s  modulate d b y th e 

activit y o f  th e pai r  units ! 

Now suppos e th e nex t  letter s C ,  A  ar e presented ;  the y tur n o n th e C A pai r  uni t  whic h itsel f 

activate s th e correspondin g outpu t  unit s (se e figur e 3) .  Throug h resonanc e bot h pai r  unit s remai n 

active .  Note ,  tha t  fro m lookin g onl y t o th e outpu t  unit s on e canno t  decid e whethe r  B  goe s wit h 

C an d C  wit h A  o r  whethe r  B  goe s wit h A  an d C  wit h C !  Thi s i s essentiall y  th e variabl e bindin g 

proble m (Smolensky ,  1987) .  Th e righ t  informatio n i s presen t  i n th e hidde n laye r  o f  pai r  units . 

Retrievin g tha t  knowledg e operate s a s follows :  al l  lef t  outpu t  unit s ar e clampe d t o 0  excep t  th e 

uni t  i n question .  I f  fo r  exampl e A  an d C  ar e clampe d t o zero ,  onl y th e pai r  B C get s suppor t  fro m 

B,  C A start s t o decay .  Consequentl y th e activit y o f  th e A-uni t  o n th e righ t  sid e als o decreases . 

Thus onl y th e lef t  B  an d th e righ t  C  remain s active ! 

Thi s sma U networ k wa s entirel y "hand-wired "  t o explai n th e basi c idea .  I s i t  possibl e t o mak e 

a networ k lear n th e righ t  weight s o n it s own ? Th e answe r  i s yes ,  i f  th e networ k structur e i s 

restricte d i n som e ways .  P D P network s d o generaliz e t o nove l  input s bu t  ther e ar e ofte n to o man y 

generalizatio n functions .  A  possibl e solutio n t o thi s proble m i s t o buil d som e a  prior i  ('innate' ) 
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knowledg e int o th e network ,  guide d fro m th e solutio n spac e th e networ k migh t  discover . 

I  hav e replace d th e fixed  weight s i n th e describe d networ k wit h rando m weight s bu t  impose d th e 

followin g constraints :  onl y positiv e connection s ar e allowe d fro m lowe r  t o highe r  layer s an d als o 

fro m th e lef t  outpu t  unit s t o th e hidde n layer .  Withi n th e hidde n laye r  onl y inhibitor y connection s 

ar e allowe d excep t  th e self-connection s whic h ar e fixed  a t  0.8 . 

Th e networ k i s traine d wit h al l  pairs .  A t  th e first  tim e step ,  tw o letter s ar e presente d t o th e networ k 

and als o use d a s targe t  value s fo r  th e outpu t  units .  A t  th e nex t  tim e step ,  th e hidde n unit s get s it s 

own previou s activation s a s targe t  values .  Accordin g t o thi s trainin g regime ,  th e networ k trie s t o 

find  distribute d representation s 'rLR '  i n th e hidde n laye r  whic h mus t  suffic e thre e conditions :  L  + 

R -> ^  rL R (inpu t  t o hidden) ;  rL R - > L  +  R  -| -  r'L R (hidde n t o outpu t  an d hidde n t o hidden) ;  L  + 

r'A B -> •  r A B (lef t  outpu t  an d (decayed )  hidde n t o th e sam e hidde n a s before) .  Not e tha t  onl y singl e 

pair s ar e use d t o trai n th e networ k bu t  th e impose d constraint s strongl y sugges t  generalizatio n t o 

hol d mor e tha n on e pai r  active . 

Thi s networ k finds  interestin g distribute d representation s fo r  th e lette r  pairs .  I f  string s ar e presente d 

sequentiall y  th e distribute d representation s o f  th e letter-pair s ar e superimpose d upo n eac h other . 

Th e networ k ha s n o fixed  capacit y t o hol d lette r  pair s bu t  saturate s gracefull y wit h th e numbe r 

of  store d pairs .  Th e capacit y ca n b e determine d throug h th e numbe r  o f  use d hidde n unit s (th e 

capacit y depend s upo n th e alphabe t  siz e an d th e numbe r  o f  units ,  se e Rosenfel d &  Touretzky , 

1988) .  Thi s  i s i n contras t  t o th e variabl e bindin g mechanis m -  th e tenso r  produc t  representatio n -

use d b y Smolensk y (1987 )  whic h ha s a  fixe d capacity . 

I n summary ,  th e final  PDP-modul e processe s sequence s o f  lette r  pair s constructin g a  highl y dis -

tribute d representatio n whic h produce s a  correspondin g representatio n o f  th e outpu t  string .  Thi s 

representatio n i n tur n ca n b e decompose d t o th e elemantar y letters .  Thu s i t  ca n handl e sequentia l 

inpu t  an d outpu t  lik e th e symbo l  module . 

6 The Synthesis: Rules and Practice 

In the last sections it was shown how the Pig Latin rules can be taught to symbol-modules and 

PDP-modules .  Bot h module s solv e th e proble m exploitin g thei r  specia l  advantages .  T o combin e 

th e virtue s o f  eac h m o d u l e ,  the y ar e finally  integrate d int o a  large r  sys te m wh i c h operate s a s follow s 

(se e figure  4 ) : 
targe t 

outpu t 

\ r 
tmtat t 
eolpu l 

»XMmpl0l 
PDP-Module 

practic e 

larflv t 
aaipu i 
ri/te * 

Symbol-Module 

Initructlon t 

Inpu t I  Inpu t 

Inpu t 

Figur e 4 :  T h e Integrate d s y s t e m 

First ,  th e P i g Lati n rule s ar e presente d a n d successivel y store d i n th e s y m b o l  m o d u l e .  T h e sys te m 

i s n o w abl e t o proces s string s accordin g t o th e rules .  T h e resultin g string s obtaine d b y th e s y m b o l 

m o d u l e ar e sen d t o th e targe t  unit s o f  th e P D P - m o d u l e .  Therefor e th e P D P - m o d u l e graduall y 

learn s t o m i m i c th e behavio r  o f  th e s y m b o l  m o d u l e a n d extractin g th e underlyin g regularities . 

Cons ide r  a  m o r e interestin g case :  T h e Pi g Lati n rule s ar e presente d t o th e s y m b o l  m o d u l e bu t  no t 

th e specia l  rul e w h i c h handle s string s bo t h beginnin g an d endin g wit h a  vowel .  Th i s cas e resemble s 
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more closel y t o rea l  lif e situation s wher e instruction s cove r  onl y th e mos t  stron g regularitie s bu t 

not  al l  subtl e details .  N o w th e symbo l  modul e operate s correctl y mos t  o f  th e time .  Onl y i f  a  strin g 

beginnin g an d endin g wit h a  vowe l  i s t o b e processe d th e symbo l  modul e produce s a n incorrec t 

outpu t  string .  I n thi s cas e i t  i s  assume d tha t  th e environmen t  provide s a n externa l  teachin g inpu t 

whic h i s transferre d t o th e PDP-module .  Thu s th e PDP-modul e i s traine d fro m tw o sources :  mos t 

of  th e tim e fro m th e symbo l  modul e (i f  i t  produce s correc t  output )  an d sometime s fro m a n externa l 

teache r  yealdin g finally  t o mor e accurat e an d fluent  performanc e tha n th e symbo l  module . 

7 Conclusions 

This paper presents a suggestive approach to high-level cognitive modeling: a connectionist sys-

te m learnin g bot h lik e traditiona l  Al-systems ,  emphasizin g rule-lik e knowledge ,  an d als o lik e P D P 

models ,  emphasizin g learnin g throug h experience . 

The concret e realizatio n o f  thi s ide a pose s man y ne w question s abou t  th e interaction s o f  th e pro -

pose d modules .  Th e first  result s obtaine d ar e preliminar y i n natur e bu t  the y promis e tha t  mor e 

comple x system s wil l  lea d t o attractiv e psychologica l  model s o f  skil l  acquisitio n an d als o offe r  ne w 

ways t o escap e th e 'brittleness '  o f  man y conventiona l  Al-systems . 
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