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S t r u c t u r e d R e p r e s e n t a t i o n s a n d C o n n e c t i o n i s t  M o d e l s 

Jeffre y L .  E l m a n 

Departmen t  o f  Cognitiv e Scienc e 

Universit y o f  California ,  S a n Dieg o 

ABSTRACT 
Recent  description s o f  connectionis t  model s 

hav e argue d tha t  connectionis t  representa -

tion s ar e unstructured ,  atomic ,  an d bounde d 

(e.g. ,  Fodo r  &  Pylyshyn ,  1988) .  Thi s pape r 

describe s result s wit h recurren t  network s an d 

distribute d representation s whic h contes t 

thes e claims .  Simulatio n result s ar e describe d 

whic h demonstrat e tha t  connectionis t  net -

work s ar e abl e t o lear n representation s whic h 

ar e richl y structure d an d open-ended .  Thes e 

representation s mak e us e bot h o f  th e hig h 

dimensiona l  spac e describe d b y hidde n uni t 

patterns ,  a s wel l  a s trajectorie s throug h thi s 

spac e i n time ,  an d posse s a  ric h structur e 

whic h reflect s regularitie s i n th e input . 

Specifi c  proposal s ar e advance d whic h addres s 

th e type/toke n distinction ,  th e representatio n 

of  hierarchica l  categorie s i n language ,  an d th e 

representatio n o f  grammatica l  structure . 

INTRODUCTION 

I t  seem s clea r  tha t  t o b e viable ,  a  mode l 

of  cognitio n shoul d b e abl e t o represen t  infor -

matio n i n a  wa y whic h capture s th e structur e 

of  tha t  information .  Give n th e recen t 

interes t  i n connectionis t  models ,  i t  i s  natura l 

t o wonde r  whethe r  suc h model s ca n suppor t 

structure d representation s o f  th e sor t  tha t 

migh t  b e neede d (fo r  example )  i n th e servic e 

of  languag e processing . 

Fodor  an d Pylyshy n (1988 )  hav e i n fac t 

recentl y argue d tha t  Classica l  theories ,  bu t 

not  connectionis t  theories ,  (1 )  ar e "committe d 

t o 'complex '  menta l  representations "  ,  an d (2 ) 

hav e representation s tha t  reflec t  combina -

toria l  structure ,  suc h tha t  the y enabl e 

structure-sensitiv e menta l  processe s (p .  13) . 

Thes e ar e th e principl e differences .  I n addi -

tion ,  Fodo r  an d Pylyshy n describ e connection -

is t  representation s a s (3 )  atomic ,  an d there -

for e (give n th e limite d resource s availabl e t o 

suppor t  them )  (4 )  finite  i n numbe r  (pp .  22-24) . 

Thes e ar e stron g claims .  Fodo r  an d 

Pylyshy n ar e quit e righ t  tha t  an y cognitiv e 

theor y wort h it s sal t  wil l  suppor t  comple x 

menta l  representations ,  wil l  reflec t  bot h th e 

combinatoric s an d componentialit y  o f 

thought ,  an d wil l  enabl e a n open-ende d 

number  o f  representations .  Wha t  i s no t  self -

eviden t  i s tha t  thes e desiderat a ca n onl y b e 

achieve d b y th e so-calle d Classica l  theories , 

or  b y connectionis t  model s whic h ar e simpl y 

implementationa l  variants .  I n thi s paper ,  I 

presen t  result s whic h sugges t  tha t  connection -

is t  representation s ca n exhibi t  ric h structure ; 

tha t  th e representation s ma y b e comple x (i.e. , 

not  atomic )  an d capabl e o f  reflectin g bot h 

genera l  pattern s an d ideosyncrati c differences . 

Furthermore ,  thes e representation s ma y i n 

principl e open-ended . 

I  begi n wit h a  brie f  descriptio n o f  th e 

networ k architectur e employed .  I  wil l  the n 

repor t  result s o f  tw o set s o f  simulations .  Th e 

first  explore s th e developmen t  o f  lexica l 

categories ;  th e secon d demonstrate s th e abil -

it y  t o encod e syntacti c information ,  includin g 

agreemen t  an d embedding . 

ARCHITECTURE 

The wor k whic h follow s utilize s a n 

architectur e inspire d b y a  mode l  studie d b y 

Jorda n (1986) .  Jorda n demonstrate d th e util -

it y  o f  allowin g recurren t  connection s fro m 

outpu t  units .  I n th e for m o f  th e networ k I 

hav e bee n studying ,  show n i n Figur e 1 ,  i n 

additio n t o th e usua l  inpu t  units ,  outpu t 

units ,  an d hidde n units ,  ther e ar e a  se t  o f 

contex t  unit s whic h hol d a  cop y o f  th e hidde n 

uni t  activation s (o n a  one-to-on e basis )  fro m 

th e prio r  cycle .  Thes e contex t  unit s the n fee d 

bac k int o th e hidde n unit s (o n a  full y  distri -

bute d basis )  o n th e nex t  cycle .  Th e hidde n 

unit s hav e th e tas k o f  mappin g th e inpu t  t o 

th e output ,  an d becaus e th e inpu t  no w 

include s thei r  ow n prio r  states ,  the y mus t 
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Figur e 1 . 

N e t w o r k w i t h recurren t  connection s f ro m h idde n 

unit s t o contex t  units . 

develo p representation s whic h serv e a s 

memory a s well .  Not e tha t  thi s approac h t o 

memory relie s o n distribute d rathe r  tha n 

localb t  representations .  Memor y i s no t  asso -

ciate d wit h individua l  node s bu t  rathe r  wit h 

th e stat e vecto r  o n th e contex t  units .  Furth -

ermore ,  thi s notio n o f  memor y i s highl y tas k 

specific . 

Thi s architecture ,  whic h I  wil l  cal l  a 

Simpl e Recurren t  Networ k (SRN )  ha s bee n stu -

die d i n Elma n (1988 ,  1989) ;  Hare ,  Corina ,  & 

Cottrel l  (1988) ;  an d Servan-Schreiber ,  Cleere -

mans,  &  McClellan d (1988) ,  an d wil l  b e use d 

fo r  th e tw o simulation s I  repor t  here .  I t  i s 

particularl y releven t  i n th e domai n o f 

language ,  sinc e i t  allow s fo r  th e processin g o f 

seria l  inputs .  Thus ,  languag e ca n b e pro -

cesse d naturall y o n a n element-by-elemen t 

basis . 

DISCOVERING LEXICAL CATEGORIES 

One are a o f  languag e whic h exhibit s 

ric h structur e i s lexica l  categorization .  Lexi -

cal  categorizatio n i s manifeste d i n a  numbe r 

of  ways ;  i n English ,  on e o f  thes e manifesta -

tion s i s wor d order .  No t  al l  classe s o f  word s 

may appea r  i n an y position .  Furthermore , 

certai n classe s o f  words ,  e.g ,  transitiv e verbs , 

ten d t o co-occu r  wit h othe r  words ,  e.g. , 

noun s a s direc t  object s (althoug h a s wil l  b e 

relevan t  i n th e nex t  simulation ,  th e co -

occurrenc e fact s ma y b e complex) . 

The goa l  o f  th e first  simulatio n wa s t o 

see i f  a  networ k coul d lear n th e lexica l 

categor y structur e whic h i s implici t  i n a 

languag e corpus .  Th e over t  for m o f  th e lexi -

cal  item s wa s arbitrary ;  however ,  th e 

behavio r  o f  th e lexica l  item s — define d a s 

thei r  co-occurrenc e restriction s — reflecte d 

thei r  membershi p i n implici t  classe s an d sub -

classes .  Th e questio n wa s whethe r  th e net -

wor k coul d induc e thes e classes . 

Stimuli, Task, and Network 

A lexico n o f  2 9 noun s an d verb s wa s 

chosen .  Word s wer e represente d a s 31-bi t 

binar y vector s (tw o extr a bit s wer e reserve d 

fo r  anothe r  purpose) ;  eac h wor d wa s ran -

doml y assigne d a  uniqu e vecto r  i n whic h onl y 

one bi t  wa s turne d on .  A  sentence-generatin g 

progra m wa s the n use d t o creat e a  corpu s o f 

10,00 0 2 -  an d 3-wor d sentences .  Th e sen -

tence s reflecte d certai n propertie s o f  th e 

words ;  fo r  example ,  onl y animat e noun s 

occurre d a s th e subjec t  o f  th e ver b eat . 

Finally ,  th e word s i n successiv e sentence s 

wer e concatenated ,  s o tha t  a  strea m o f  27,35 4 

vector s wa s created .  Thi s wa s th e inpu t  set . 

The tas k wa s simpl y fo r  th e networ k t o 

tak e successiv e word s fro m th e inpu t  strea m 

and t o predic t  th e subsequen t  wor d (b y pro -

ducin g i t  o n th e outpu t  layer) .  Afte r  eac h 

wor d wa s input ,  th e outpu t  wa s compare d 

wit h th e actua l  nex t  word ,  an d th e backpro -

pagatio n o f  erro r  algorith m (Rumelhart ,  Hin -

ton ,  &  Williams ,  1986 )  wa s use d t o adjus t 

weights .  Word s wer e presente d i n order ,  wit h 

no break s betwee n sentences .  Th e networ k 

was traine d o n 6  passe s throug h th e corpus . 

Results 

Becaus e th e sequenc e i s non -

deterministic ,  shor t  o f  memorizin g th e 

sequence ,  th e networ k canno t  succee d i n 

exac t  predictions .  Nonetheless ,  th e networ k 

does lear n t o approximat e th e expecte d fre -

quenc y o f  occurrenc e o f  successo r  words .  Th e 

rms error ,  usin g th e empiricall y derive d 
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probabilit y  o f  occurrenc e o f  successors ,  wa s 

0.053 ;  th e cosin e o f  th e angl e betwee n outpu t 

vecto r  an d likelihoo d vector s (whic h normal -

ize s fo r  lengt h differences )  wa s 0.916 ,  indicat -

in g a  clos e match . 

Discussion 

I  woul d lik e t o focu s o n ho w th e net -

wor k accomplishe s th e task .  On e wa y t o d o 

thi s i s t o se e wha t  sort s o f  interna l  represen -

tation s th e networ k develop s i n th e proces s o f 

tryin g t o carr y ou t  th e predictio n task . 

Thes e representation s ar e capture d b y th e 

patter n o f  hidde n uni t  activation s whic h ar e 

evoke d i n respons e t o eac h wor d i n it s con -

text .  Thes e pattern s wer e save d durin g a 

testin g phase ,  an d the n subjecte d t o hierarch -

ica l  clusterin g analysis .  Figur e 2  show s th e 

tre e constructe d fro m th e hidde n uni t  pat -

tern s fo r  th e 3 0 lexica l  items ,  wher e eac h ite m 

i s th e averag e o f  fo r  a  wor d acros s al l  th e 

context s i n whic h i t  occurr s i n th e testin g 

tMnk 
•  l«« p 

•MALL AN1UALA 

Ufta e ANIMiU t 

Dokl « ED«L£S 

plat e 

NOUNS 

rNANIMATES 

Figur e 2 . 

Hierarchica l  cluste r  analysi s o f  th e a v e r a g e h idde n 

uni t  activatio n pattern s fo r  e a c h o f  th e 2 9 uniqu e 

w o r d s i n th e word-predictio n simulation . 

data . 

The networ k ha s discovere d tha t  ther e 

ar e severa l  majo r  categorie s o f  words .  On e 

larg e categor y correspond s t o verba ;  anothe r 

categor y correspond s t o nouns .  Th e ver b 

categor y i s broke n dow n int o group s whic h 

tak e animat e subjects ;  whic h ar e intransitiv e 

or  tak e optiona l  objects ,  an d whic h requir e 

direc t  objects .  Th e nou n categor y break s 

down int o majo r  group s fo r  inanimate s an d 

animates ;  th e animate s ar e divide d int o larg e 

animal s an d smal l  animals ,  an d humans . 

Inanimate s ar e divide d int o breakables ,  edi -

bles ,  an d miscellaneous . 

Thi s categor y structur e reflect s fact s 

abou t  th e possibl e sequentia l  orderin g o f  th e 

inputs .  Th e networ k i s no t  abl e t o predic t 

th e precis e orde r  o f  words ,  bu t  i t  recognize s 

tha t  (i n thi s corpus )  ther e i s a  clas s o f  input s 

(viz. ,  verbs )  whic h typicall y follo w othe r 

input s (viz. ,  nouns) .  Thi s knowledg e o f  clas s 

behavio r  i s quit e detailed ;  fro m th e fac t  tha t 

ther e i s a  clas s o f  item s whic h alway s pre -

cede s chase ,  break ,  smash ,  i t  infer s a 

categor y w e migh t  cal l  aggressors . 

Severa l  point s shoul d b e emphasized . 

First ,  th e categor y structur e i s hierarchical . 

The hierarchicalit y i s achieve d throug h th e 

organizatio n o f  th e representationa l  spac e 

describe d b y hidde n uni t  patterns ,  wit h 

higher-leve l  categorie s correspondin g t o large r 

and mor e genera l  region s o f  space .  Second , 

th e categorie s ar e no t  discrete .  Categor y 

boundarie s ar e smooth ,  an d categor y 

membershi p ma y b e margina l  o r  ambiguou s 

(althoug h i t  ma y als o b e clea r  an d unambigu -

ous) .  Finally ,  th e conten t  o f  th e categorie s i s 

not  know n t o th e network .  Th e networ k ha s 

no informatio n availabl e whic h woul d 

"ground "  th e structura l  informatio n i n th e 

rea l  world .  I n thi s respect ,  th e simulatio n ha s 

much les s informatio n t o wor k wit h tha n i s 

availabl e t o rea l  languag e learners . 

Type s an d tokens .  Th e tre e show n i n 

Figur e 2  wa s constructe d o f  activatio n pat -

tern s average d acros s context .  W h e n th e 

context-sensitiv e hidde n uni t  pattern s ar e 

clustered ,  i t  i s  foun d tha t  th e large-scal e 

structur e o f  th e tre e i s identica l  t o tha t 

shown i n Figur e 2 .  However ,  eac h termina l 

branc h no w continue s wit h furthe r  arboriza -

tio n fo r  al l  occurrence s o f  th e wor d (n o 
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instanc e o f  an y lexica l  ite m appear s i n th e 

branc h o f  another . 

Thi s i s a n importan t  finding .  I t  verifie s 

tha t  th e representatio n o f  eac h lexica l  item , 

whereve r  i t  occurs ,  reflect s th e constraint s t o 

whic h th e ite m i s subjec t  a s a  lexica l  type . 

The representation s clearl y mar k typehood . 

But  th e pattern s als o individuat e th e 

differen t  token s o f  types .  N o tw o token s ar e 

precisel y identical .  T h e y ar e differen t 

becaus e the y hav e occurre d i n differen t  con -

texts ,  an d th e representation s ar e highl y 

context-sensitive . 

Eve n mor e interestin g i s tha t  ther e i s a 

fin e sub-structur e t o th e variou s token s o f  a 

type .  Fo r  instance ,  token s o f  bo y whic h 

occu r  i n subjec t  positio n ten d t o cluste r 

together ,  an d apar t  fro m token s o f  bo y i n 

objec t  position .  Th e sam e patter n occur s 

among th e representation s o f  token s o f  othe r 

nouns .  Thi s detaile d sub-groupin g make s i t 

possibl e fo r  th e networ k t o distinguis h token s 

of  a  type ,  a s wel l  a s differen t  types .  Usefully , 

th e token s ar e themselve s organize d i n a 

manner  whic h reflect s systemati c fact s abou t 

th e contex t  i n whic h the y occur . 

REPRESENTATION OF SYNTACTIC STRUCTURE 

I n th e previou s simulatio n ther e wa s lit -

tl e interestin g grammatica l  structure .  Sen -

tence s wer e shor t  an d simpl e an d mos t  o f  th e 

patternin g wa s explaine d a t  th e leve l  o f  pro -

pertie s o f  individua l  lexica l  items .  I n th e nex t 

simulatio n w e develo p representation s whic h 

reflec t  mor e comple x syntacti c structure .  A 

phras e structur e grammar ,  show n i n Tabl e 1 , 

was use d t o generat e trainin g corpora .  Eac h 

wor d wa s represente d b y a  localis t  26-bi t  vec -

to r  i n whic h eac h bi t  stoo d fo r  a  differen t 

word .  Trainin g precede d incrementally .  A 

networ k simila r  t o tha t  show n i n Figur e 1 

was traine d o n th e predictio n task .  Th e train -

in g dat a consiste d o f  a n initia l  se t  o f  10,00 0 

sentenc e corpu s o f  simpl e sentences ;  th e per -

centag e o f  comple x sentence s wa s graduall y 

altere d ove r  th e cours e o f  trainin g fro m 0 % 

t o 7 5 % .  Mea n sentenc e lengt h o f  th e final 

trainin g se t  wa s 5. 3 word s (range :  3  t o 1 3 

words) .  Thi s simulatio n superficiall y  resem -

ble s th e previou s one ,  excep t  tha t  th e sen -

tence s wer e mor e comple x an d reflecte d a 

variet y o f  syntacti c constraints .  Specifically , 

'e » 

S - > N P V P ". -
NP - > Prop N j  N  I  N  R C 
VP - > V  (  N P ) 
RC - > wh o N P V P J  wh o V P (  NP ) 
N - > bo y I  gir t  ca t  \  do g j 

boyt  \  girt s cat s \  dog s 
V - > hil \  fetd \  see \  hear' ,  watk \  tive \ 

hit s j  feed s {  see s \  hear s |  walk s j  li v 

Additional restrictions: 
•  numbe r  agreemen t  betwee n N  an d V  withi n 

clause ,  an d (wher e appropriate )  betwee n 
hea d N  an d subordinat e V 

•  ver b arguments : 
hit ,  fee d — > requir e a  D O 
see,  hea r  — > optionall y tak e D O 
walk ,  liv e — > preclud e a  D O 

(observe d als o fo r  head/ver b relation s 
i n relativ e clauses ) 

Table 1 

i t  w a s necessar y tha t  th e networ k t o lear n 

th e following : 

• Agreement. Subject nouns agree in number 

wit h thei r  verbs . 

•  Ver b arguments .  O n e clas s o f  verb s 

require s a  direc t  object ;  a  secon d clas s option -

all y permit s a  direc t  object ;  an d a  thir d clas s 

neve r  occur s wit h a  direc t  object . 

•  Relativ e clauses .  T h e presenc e o f  relativ e 

clause s require s tha t  th e networ k maintai n 

agreemen t  an d ver b argumen t  relation s 

withi n th e appropriat e clause ,  an d despit e th e 

presenc e o f  intervenin g clausa l  material .  I n 

dog s w h o bo y feed s se e cat ,  agreemen t 

occur s betwee n N l  an d V 2 ,  an d betwee n N 2 

an d V I .  Similarly ,  becaus e thi s sentenc e 

involve s a n object-heade d relativ e clause ,  th e 

networ k i s  require d t o lear n tha t  althoug h 

th e ver b feed s normall y i s  followe d b y a 

direc t  object ,  tha t  positio n ha s alread y bee n 

fille d b y th e prio r  wor d dogs . 

•  Sentenc e completion .  T h e networ k i s 

require d t o develo p a  sens e o f  w h a t  ar e candi -

date s fo r  complet e grammatica l  sentences ,  b y 

predictin g w h e n a  sentenc e endin g ( "  ." )  m a y 

occur . 

At  th e conclusio n o f  training ,  networ k 

performanc e w a s measure d b y comparin g th e 
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output s wit h th e empiricall y derive d condi -

tiona l  probabilit y  o f  occuranc e fo r  eac h possi -

bl e word ;  th e mea n cosin e o f  th e angl e 

betwee n th e vector s wa s 0.9 2 (SD :  0.19) . 

Networ k prediction s i n variou s context s ar e 

illustrate d i n Figur e 3 .  A s ca n b e seen ,  th e 

networ k succeed s i n predictin g th e clas s o f 

word s whic h appropriatel y follow s i n eac h 

context .  Thi s i s tru e eve n i n comple x sen -

tence s wher e relativ e clause s rende r  useles s 

any generalizatio n base d o n th e linea r  orde r 

of  word s i n simpl e sentences . 

Again ,  w e ma y as k ho w th e networ k ha s 

achieve d thi s performance .  Fo r  thes e pur -

poses ,  i t  i s  importan t  t o b e abl e t o loo k a t 

th e time-varyin g state s o f  th e networ k a s i t 

processe s variou s sentenc e types .  Thi s infor -

matio n i s no t  easil y reveale d i n hierarchica l 

clustering ,  s o th e followin g procedur e involv -

in g principa l  componen t  analysi s wa s 

developed . 

The fina l  trainin g se t  wa s passe d 

throug h th e networ k a  fina l  time ,  an d hidde n 

uni t  pattern s wer e saved .  Th e covarianc e 

matri x o f  thes e vector s wa s calculated ;  th e 

eigenvector s o f  thi s matri x wer e the n use d a s 

th e basi s fo r  describin g hidde n uni t  vectors . 

Thi s basi s tend s t o provid e a  somewha t  mor e 

interpretabl e (an d localist )  vie w o f  th e hidde n 

units '  distribute d representations .  Further -

more ,  th e dimensio n ar e ordere d (usin g th e 

eigenvalues )  b y decreasin g importanc e i n 

accountin g fo r  variability .  Thus ,  w e ca n 

chos e t o loo k a t  onl y a  fe w o f  th e dimension s 

(th e principa l  components ,  o r  PC's )  an d plo t 

th e movemen t  throug h thi s reduce d spac e a s 

th e networ k processe s sentence s o f  interest . 

Figur e 4  display s stat e trajectorie s 

whic h illustrat e th e representatio n o f  verb -

argumen t  structure .  Trajectectorie s throug h 

PC 1x 3 spac e ar e show n fo r  th e thre e sen -

tenc e fragment s bo y hit s ... .  (hit s require s a 

direc t  object) ,  bo y see s .... ,  (see s optionall y 

take s a  direc t  object )  an d bo y walk s ... . 

(walk s neve r  occur s wit h a  direc t  object) . 

The initia l  stat e afte r  processin g th e firs t 

wor d i s th e sam e fo r  al l  thre e sentences . 

However ,  ther e i s a  systemati c displacemen t 

i n P C 1x 3 spac e whic h correspond s t o th e 

expectatio n o f  a  direc t  object .  Thi s patter n 

hold s tru e ove r  a  wid e variet y o f  context s an d 

more comple x syntacti c structures .  Figur e 5 

shows th e manne r  i n whic h embeddin g i s 

represented .  Ther e i s a  basi c trajector y i n 

P C 1x1 1 spac e whic h i s associate d wit h sim -

pl e sentences ;  thi s trajector y i s replicate d an d 

shifte d i n spac e t o indicat e subordinat e 

clauses . 

CONCLUSIONS 

Severa l  thing s ma y b e sai d abou t  th e 

result s o f  thes e simulations . 

First ,  i t  i s  quit e apparen t  tha t  connec -

tionis t  representation s ma y b e quit e rich . 

They nee d no t  b e atomic ,  bu t  ma y instea d 

posses s structur e whic h reflect s th e systemati c 

pattern s whic h ar e immanen t  i n th e primar y 

data .  Th e representationa l  structur e i s 

embodie d i n th e stat e o f  th e network ; 

differen t  state s ar e associate d wit h differen t 

syntacti c structures . 

Second ,  th e representation s i n thes e 

simulation s ar e highl y context-sensitive .  Thi s 

sensitivit y co-exist s comfortabl y wit h th e 

abilit y  t o captur e systemati c pattern s whic h 

ar e mor e generall y true .  Indeed ,  th e sam e 

mechanis m i s responsibl e fo r  bot h aspect s o f 

representation .  A s a  consequence ,  connec -

tionis t  representation s bin d th e semantic s o f 

referenc e wit h th e synta x o f  representation . 

Classica l  theorie s hav e lon g grapple d ~  wit h 

les s tha n satisfactor y results ,  i n th e vie w o f 

many ~  wit h th e tensio n tha t  i s produce d 

when on e insist s tha t  syntacti c an d semanti c 

representation s b e kep t  distinc t  an d tha t 

ther e b e n o direc t  interactio n betwee n them . 

I t  i s  a  natura l  consequenc e o f  connectionis t 

representation s tha t  ther e b e a  commo n 

languag e whic h simultaneousl y support s syn -

ta x an d semantics .  Thi s suggest s th e distinc -

tion s betwee n th e synta x an d semantic s ma y 

be quantitativ e i n natur e an d d o no t  ste m 

fro m an y dee p distinctions . 

Third ,  w e hav e see n ho w th e distribute d 

representation s whic h ar e develope d a t  th e 

hidde n uni t  leve l  mak e us e o f  stat e spac e an d 

stat e dynamics .  Th e representationa l  spac e 

i s organize d t o reflec t  th e structur e tha t  i s 

implici t  i n th e primar y data .  Th e furthe r 

dimensio n o f  time ,  capture d i n th e notio n o f 

recurrin g trajectorie s throug h space ,  add s t o 

th e representationa l  powe r  an d permit s state -

ment s t o b e mad e abou t  syntagmati c rela -

tions .  Furthermore ,  w e hav e foun d tha t 
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althoug h th e representation s ar e highl y distri -

buted ,  thi s doe s no t  mea n tha t  the y ar e 

unanalyzable .  I t  i s  possibl y t o insightfull y 

characteriz e th e organizatio n o f  th e represen -

tationa l  space ,  an d t o discove r  regularitie s i n 

pattern s o f  tempora l  movemen t  throug h tha t 

space . 

Fourth ,  th e representationa l  syste m ha s 

itsel f  bee n inferre d fro m th e data .  Th e archi -

tectur e ultimatel y limit s th e representationa l 

power  o f  a  network ,  o f  course ,  bu t  i t  doe s no t 

specif y th e representationa l  form .  W e d o no t 

begi n wit h notion s o f  lexica l  categorie s o r 

grammatica l  patterns .  Thes e concept s ar e 

presen t  i n th e dat a an d ar e learne d b y th e 

network .  Thes e result s o f  cours e d o no t  den y 

th e importanc e o f  evolutionar y mechanism s i n 

constrainin g th e mechanism s whic h suppor t 

languag e processing .  Th e finding s her e simpl y 

sugges t  tha t  a  simpl e bu t  powerfu l  learnin g 

algorith m suc h a s backpropagatio n i s capabl e 

of  extractin g rathe r  mor e informatio n fro m 

ra w inpu t  tha n on e migh t  hav e supposed . 

Fifth ,  th e representationa l  syste m i s 

relativel y open-ended .  Jus t  a s i t  wa s no t 

necessar y t o stipulat e categorie s o r  structure s 

prio r  t o learning ,  i t  wa s no t  necessar y t o 

plac e a n uppe r  limit s o n th e numbe r  o f 

categorie s o r  dept h o f  structure . 

We hav e see n ho w thes e characteristic s 

can lea d t o solution s o f  th e type/toke n dis -

tinction ,  t o th e discover y an d representatio n 

of  lexica l  categories ,  an d t o th e representatio n 

of  certai n aspect s o f  syntacti c structure . 

Thes e ar e importan t  problem s i n languag e 

theory ,  an d th e approac h suggeste d her e i s 

highl y encouraging .  However ,  languag e 

present s man y problem s o f  a  highl y comple x 

nature ,  an d th e simpl e successe s obtaine d 

her e shoul d no t  caus e u s t o forge t  jus t  ho w 

difficul t  thos e problem s ca n be . 

Ther e ar e als o seriou s limitation s t o th e 

wor k her e whic h mus t  b e pointe d out .  Th e 

most  basi c ha s t o d o wit h th e natur e o f  th e 

task .  Th e predictio n tas k ha s bee n usefu l  i n 

thes e simulations .  Th e appea l  o f  thi s tas k i s 

tha t  i t  make s minima l  assumption s abou t 

prio r  knowledg e o n th e par t  o f  th e learne r  (o r 

network) .  Bu t  whil e predictio n o r  anticipa -

tio n ma y b e a  plausibl e activit y durin g 

languag e comprehension ,  i t  ca n hardl y b e th e 

primar y basi s fo r  learnin g language . 

I t  i s  no t  clea r  wha t  a n appropriat e tas k 

is ,  bu t  ther e hav e bee n recen t  suggestion s 

whic h g o i n th e righ t  direction .  St .  Joh n an d 

McClellan d (1988 )  hav e describe d a  syste m i n 

whic h sentenc e input s ar e use d t o construc t 

an interpretatio n o f  event s i n th e world .  Thi s 

i s a  fa r  mor e plausibl e vie w o f  wha t  i s 

involve d i n processin g languag e tha n sug -

geste d b y th e predictio n task .  On e questio n 

tha t  remain s unanswere d i n th e St .  Joh n an d 

McClellan d mode l  i s wher e th e primitiv e 

notion s suc h a s patien t  an d agen t  com e fro m 

(thes e figure  importantl y a s built-i n con -

struct s i n thei r  network) ,  an d ho w t o exten d 

th e tas k t o comple x sentences .  Strikingly , 

thes e ar e jus t  th e sort s o f  question s whic h ar e 

addresse d b y th e presen t  approach .  I t  i s 

appealin g t o thin k tha t  th e tw o approache s 

migh t  b e combined . 

I n conclusion ,  th e simulation s describe d 

her e explor e a  ne w approac h t o th e represen -

tatio n o f  language .  Whil e ther e ar e man y 

deep an d importan t  question s t o b e answered , 

thi s approac h provide s a  glimps e o f  th e sor t 

of  representationa l  powe r  whic h a  connection -

is t  theor y o f  languag e coul d have . 

A C K N O W L E D G E M E N TS 

I would like to thank Jay McClelland, David 
Rumelhart ,  an d Mar y Har e fo r  man y usefu l 
discussions .  Thi s wor k wa s supporte d b y con -
trac t  N00014-85-K-007 6 fro m th e Offic e o f 
Naval  Researc h an d contrac t  DAAB-07-87 -
C-H027 fro m Arm y Avionics ,  Ft .  Monmouth . 

REFERENCES 
Elman ,  J.L .  (1988) .  Findin g structur e i n time . 

CRL Technica l  Repor t  8801 .  Cente r  fo r 
Researc h i n Language ,  Universit y o f  California , 
San Diego . 

Elman ,  J.L ,  (1989) .  Structure d representation s an d 
connectionis t  models .  CR L Technica l  Repor t 
8901.  Cente r  fo r  Researc h i n Language ,  Univer -
sit y o f  California ,  Sa n Diego . 

Fodor ,  J. ,  &  Pylyshyn ,  Z .  (1988) .  Connectionis m 
and cognitiv e architecture :  A  critica l  analysis . 
I n S .  Pinke r  &  J .  Mehle r  (Eds) ,  Connection s an d 
Symbol s (pp .  3-71) .  Cambridge ,  Mass. :  MI T 
Press . 

22 



ELMAN 

Hare ,  M. ,  Corina ,  D  ,  &  Cottrell ,  G .  (1988 )  Connec -
tionis t  perspectiv e o n prosodi c structur e C R L 
Newsletter ,  Vol .  3 ,  No .  2  Cente r  fo r  Researc h i n 
Language ,  Universit y o f  California ,  Sa n Diego , 
D.E .  Rumelhar t  &  J.L .  McClellan d (Eds.) .  (1986) , 
Paralle l  distribute d processing :  Exploration s i n th e 
microstructur e o f  cognition .  Volum e II :  Psycholog -
ica l  an d biologica l  model s Cambridge ,  Mass. :  M I T 
Press . 

Rumelhart ,  D.E. ,  Hinton ,  G.E. ,  &  Williams ,  R.J . 
(1986) .  Learnin g interna l  representation s b y 
erro r  propagation .  I n D.E .  Rumelhar t  &  J.L . 
McClellan d (Eds.) ,  Paralle l  distribute d processing : 
Exploration s i n th e microstructur e o f  cognitio n 
(Vol .  I )  (pp .  318-362) .  Cambridge ,  Mass. :  M I T 
Press .  D.E .  Rumelhar t  &  J.L .  McClellan d (Eds) . 
(1986) .  Paralle l  distribute d processing :  Explora -
tion s i n th e microstructur e o f  cognition .  Volum e 
I :  Foundation s Cambridge ,  Mass. ;  M I T Press . 

Servan-Schreiber ,  D. ,  Cleeremans ,  A. ,  &  McClel -
land ,  J.L .  (1988) .  Encodin g sequentia l  structur e 
i n simpl e recurren t  networks ,  C M U Technica l 
Repor t  CMU-CS-88-183 .  Compute r  Scienc e 
Department ,  Carnegie-Mello n University . 

St .  John ,  M. ,  &  McClelland ,  J.L .  (1988) .  Learnin g 
and applyin g contextua l  constraint s i n sentenc e 
comprehension .  Technica l  Report .  Departmen t 
of  Psychology .  Carnegie-Mello n University . 

23 



ELMAN 

bcv s .. . boys vloHii y hit s . 

»<D 
VW-plj/y , 

' I 

Pt- N 

»«9 

0.0 0.2 0. 4 0. 6 
AcUvatlo n 
bci- s i* D .. . 

0.8 1.0 

V i ^ ^ 

0.0 0.2 0. 4 0. 6 
Actlvatlc n 

beys v^DMir y hit s fcod  , 

1.0 

^ ^ P _ H 

0,2 0. 4 0. 6 
A:UvatJc n 

hOi ^  W o Kit /  .. . 

1 0 

\R-tl l 

' ^ M 
^ M . 

^ ^ 

%%§ 

•  '̂' '  ' ^ 

^ 
'" ' 

0.0 0.2 0. « 0. 6 
Actlvatla i 

b c ^  U o >bi y hit s fcc A c 

0.8 
—1 

1. 0 

PWI 

0. 0 0. 2 0  4  0. 6 0  8  1. 0 Figur e 3 . 

•  r™ -

\R-p L 

Pr-N 

0.0 O.J 0. 4 0. 6 
teUvatim 

0.8 
—\ 

1. 0 

24 

file:///R-tll
file:///R-pL


i n 11X3 ] Ko tur n 

1 
1 
1 
i 

1 

i 

i 

Tjn l  U " 1 

lee a 

i 

hrt ^ 

M ViJ^V i 

^ m 113̂ 1 Rl  tlxll l 

Figur e 4 . Figur e 5 . 

25 


	cogsci_1989_17-25



