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H e b b i a n - C o m p e t i t i v e N e t w o r k 
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Dir k Arnol d (dirk@cs.sfu.ca ) 

Vla d Carde i  (vcardei@cs.sfu.ca ) 

School  o f  Computin g Scienc e 
Simon Frase r  Universit y 

Burnaby.B.C ,  V5 A 1S6 ,  Canad a 

Abstrac t 

A Hebbiein-inspired ,  competitiv e networ k i s  pre -
sente d whic h learn s t o predic t  th e typica l  semanti c fea -
ture s o f  denotin g term s i n simpl e an d moderatel y com -
ple x sentences .  I n addition ,  th e networ k learn s t o pre -
dic t  th e appearanc e o f  syntacticall y ke y words ,  suc h a s 
preposition s an d relativ e pronouns .  Importantly ,  a s a 
by-produc t  o f  th e network' s semanti c training ,  a  stron g 
for m o f  syntacti c systematicit y emerges .  Moreover ,  th e 
networ k ca n integrat e nove l  noun s an d verb s int o it s 
trainin g process .  Thi s i s achieve d b y assignin g predicte d 
semjinti c feature s a s a  defaul t  meanin g whe n a  nove l 
wor d i s encountered .  Al l  networ k trainin g i s  unsuper -
vise d wit h respec t  t o erro r  feedback .  Issue s addresse d 
her e hav e bee n th e subjec t  o f  debat e b y notabl e psy -
chologists ,  philosophers ,  an d linguist s withi n th e las t 
decade . 

Introduction. 

Betwee n 199 0 an d 1995 ,  substantia l  researc h wei s di -
recte d a t  demonstratin g th e capacit y o f  simpl e recur -
siv e network s (SRNs )  t o predic t  th e syntacti c categor y 
of  th e nex t  wor d i n a  sentence ,  give n som e curren t  wor d 
of  inpu t  (cf .  E lman ,  1990 ,  1993 ;  Christianse n &  Chater , 
1994) .  I n addition ,  sinc e abou t  1990 ,  a  numbe r  o f  publi -
cation s hav e describe d network s whic h achiev e som e de -
gre e o f  syntacti c o r  semanti c systematicit y {cf .  Chalmers , 
1990 ;  Christianse n an d Chater ,  1994 ;  Hadley ,  1994a , 
1994b ;  Hadle y < k Hayward ,  1997 ;  Niklasso n an d va n 
Gelder ,  1994 ,  Phillips ,  1994) .  Overwhelmingly ,  thi s re -
searc h o n systematicit y ha s focuse d o n th e capacit y o f 
connectionis t  network s t o generaliz e th e us e o r  inter -
pretatio n o f  term s t o nove l  syntacti c position s withi n 
sentences .  However ,  a s explaine d i n (Hadley ,  1994 b an d 
Hadle y &  Hayward ,  1997) ,  th e form s o f  systematicit y 
achieve d thu s fa r  b y S R N s lac k robustnes s -  the y displa y 
systematicit y i n ver y limite d contexts ,  an d onl y fo r  a 
smal l  fractio n o f  th e words ,  o r  symbols ,  involved .  More -
over ,  w e kno w o f  n o connectionis t  networ k whic h ha s 
achieve d systematicit y i n a  stron g o r  robus t  for m excep t 
network s whic h emplo y classica l  (explicitl y  combinato -
rial )  semanti c representation s withi n th e outpu t  layer . 
(Se e Hadle y &  Hayward ,  1997 ,  fo r  on e suc h example) . 

Thi s pape r  present s a  connectionis t  syste m whic h sat -
isfie s a  definitio n o f  stron g systematicit y first  offere d i n 
(Hadley ,  1994b) .  Briefl y stated ,  tha t  definitio n require s 
tha t  a n agen t  lear n t o generaliz e th e us e o f  a  significan t 
fractio n o f  it s  vocabular y t o nove l  syntacti c positions .  I n 
thi s context ,  a  wor d o r  symbo l  i s  considere d t o occup y 
a nove l  positio n (e.g. ,  grammatica l  subject )  onl y i f  th e 
agen t  ha s no t  encountere d tha t  wor d i n tha t  syntacti c 

positio n a t  an y leve l  o f  sententia l  embedding .  Signifi -
cantly ,  th e presen t  syste m achieve s thi s propert y withou t 
presupposin g th e existenc e o f  previousl y acquired ,  clas -
sica l  semanti c representations . 

By contras t  wit h th e S R N base d architecture s cite d 
above ,  a  majo r  tas k o f  ou r  networ k i s t o predic t  th e se -
manti c categor y o f  th e nex t  wor d i n a  sentence ,  rathe r 
tha n it s  syntacti c category .  Ou r  workin g assumptio n 
her e i s  that ,  t o a  larg e degree ,  systematicit y a t  th e 
syntacti c leve l  derive s fro m predictabilit y a t  a  seman -
ti c level .  N o w ,  althoug h w e recogniz e tha t  certai n o f  ou r 
strategie s coul d jus t  a s wel l  b e implemente d i n som e ver -
sio n o f  S R N ,  traine d b y th e standar d backpropagatio n 
algorithm ,  w e hav e sough t  t o avoi d al l  form s o f  erro r 
feedback .  Severa l  researcher s hav e remarke d upo n th e 
desirabilit y  o f  replacin g backpropagation-base d network s 
wit h architecture s whic h ar e (a t  least )  close r  t o biolog -
icall y grounde d systems .  Fo r  thi s reason ,  w e hav e em -
ploye d onl y Hebbia n an d self-organizin g form s o f  connec -
tionis t  learnin g (se e Hebb ,  1949 ;  Rumelhar t  an d Zipser , 
1986) . 

I n addition ,  w e hav e take n othe r  step s i n th e directio n 
of  cognitiv e plausibilit y  (thoug h w e ar e wel l  awar e tha t 
m u ch remain s t o b e don e i n thi s regard) .  Fo r  example , 
we hav e employe d comparativel y spars e set s o f  trainin g 
data .  Durin g training ,  th e networ k i s  expose d t o les s 
tha n 400 0 distinc t  sentences ,  whil e th e se t  o f  potentia l 
tes t  sentence s number s ove r  30 0 million .  Also ,  durin g 
training ,  two-third s o f  al l  noun s ar e restricte d t o a  sin -
gl e syntacti c positio n an d clausa l  embeddin g i s restricte d 
t o a  dept h o f  one .  Durin g testing ,  thes e restriction s ar e 
dropped .  Moreover ,  onc e trainin g i s underway ,  th e net -
wor k i s presente d wit h nove l  noun s an d verbs .  Th e net -
work' s learnin g i s no t  deraile d b y exposur e t o thes e nove l 
items ;  rathe r  defaul t  semanti c feature s ar e assigne d t o 
thes e word s an d learnin g progresse s unhindered . 

Task and System Overview. 

The connectionist network presented here is designed to 
proces s words ,  take n i n sequence ,  fro m a  variet y o f  sen -
tence s generate d accordin g t o th e synta x displaye d i n 
Figur e 1 . 

Al l  noun s an d verb s show n i n Fig .  1  hav e previousl y 
bee n assigne d semanti c featur e vectors .  T h e totalit y o f 
possibl e semanti c feature s fo r  noun s an d verb s ar e dis -
playe d i n appendi x A .  Les s tha n hal f  o f  th e possibl e "can -
didate "  feature s ar e assigne d t o an y give n nou n o r  verb , 
sinc e m a n y pair s o f  candidate s ar e semanticall y incon -
sistent .  I n additio n t o th e basi c vocabular y show n i n 
Fig .  1 ,  thre e o f  fou r  distinc t  trainin g set s (corpora )  con -
tai n dozen s o f  sentence s i n whic h nove l  noun s an d verb s 
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Figur e 1 :  Th e gramma r  fo r  generatin g trainin g an d tes t 
sentences . 

appear .  Simila r  t o othe r  trainin g data ,  thes e sentence s 
follo w th e synta x give n i n Fig .  1 .  Th e nove l  word s i n 
questio n hav e n o previousl y assigne d semanti c features . 

Now,  althoug h ther e ar e similaritie s wit h Elman' s wel l 
known model s (1990) ,  th e primar y tas k o f  ou r  networ k 
(show n i n Figur e 2 )  i s no t  t o predic t  word s o r  syntacti c 
categories .  Rather ,  it s  mai n tas k i s t o predic t  typica l 
semanti c feature s fo r  th e nex t  wor d (next )  i n a  sentence , 
when give n semanti c feature s fo r  th e curren t  wor d (cur -
rent) .  However ,  i f  feature s ar e no t  availabl e fo r  nex t  a t 
th e tim e curren t  i s presented ,  a n attemp t  i s soo n mad e t o 
assig n reasonabl e semanti c feature s t o next .  I n certai n 
cases ,  wher e sensibl e semanti c feature s canno t  b e dis -
covered ,  th e networ k ca n lear n t o predic t  th e probabl e 
occurrenc e o f  certai n words .  Fo r  thi s reason ,  th e net -
work' s outpu t  laye r  contain s no t  onl y a  semanti c region , 
but  a  lexica l  region . 

lexica l  par t  :  semanti c par t outpu t  laye r 

competitiv e laye r 

I'll"//,'''/" ' '""///,;''< . 

I  ,  I  /  y  . '  X  ̂̂ '  ̂  \̂ ' 

^»  input layer 

lexica l  par t  semanti c par t 

Figur e 2 :  Overal l  Architectur e o f  th e Hebbian -
Competitiv e network . 

In order to challenge the generalization capacity of our 
network ,  th e variou s trainin g corpor a ar e designe d t o en -
sur e tha t  2/ 3 o f  al l  noun s ar e limite d t o a  singl e syntacti c 
positio n durin g training .  Eac h sentenc e selecte d fro m a 
give n trainin g corpu s i s presented ,  on e wor d a t  a  time , 
t o th e inpu t  laye r  o f  th e network .  A s a  wor d i s provide d 
as input ,  it s lexica l  encodin g i s activate d withi n th e lex -
ica l  regio n o f  th e inpu t  laye r  (se e Fig .  2) .  I n addition , 
i f  th e word' s semanti c feature s ar e alread y known ,  the y 
ar e activate d withi n th e inpu t  layer' s semanti c region . 

To enabl e th e syste m t o lear n t o predic t  <j//?ico/seman -

ti c features ,  an y availabl e semanti c informatio n fo r  th e 
next  wor d i s presente d t o th e outpu t  layer' s semanti c re -
;ion .  Thi s require s tha t  w e assum e tha t  a  learnin g agen t 
la s acces s no t  onl y t o th e curren t  inpu t  word ,  bu t  t o 

th e nex t  wor d t o appear .  Thi s assumptio n i s share d b y 
Elman' s predictio n model s (1990 ,  1993 )  an d b y severa l 
othe r  system s inspire d b y Elman' s work .  On e rational e 
fo r  thi s approac h i s tha t  th e learnin g agen t  coul d wai t  t o 
hear  th e nex t  wor d befor e attemptin g t o lear n anythin g 
fro m th e curren t  word . 

Training Corpora. 

There are four separate training corpora; each containing 
1000 sentences .  Eac h sentenc e i n eac h corpu s employ s 
th e synta x displaye d i n Fig .  1 .  Corpu s 1  contain s onl y 
th e vocabular y presente d i n th e origina l  grammar .  Th e 
remainin g thre e corpor a eac h includ e som e sentence s in -
volvin g nove l  noun s an d verb s whos e semanti c feature s 
ar e initiall y  unknown .  Corpu s 2  contain s jus t  on e nove l 
noun an d a  nove l  ver b i n additio n t o al l  previousl y em -
ploye d vocabulary .  A n additiona l  tw o noun s an d tw o 
verb s ar e adde d whe n corpu s 3  i s generated ;  similarl y 
fo r  corpu s  4 .  Thus ,  a  tota l  o f  te n nove l  noun s an d verb s 
ar e introduced . 

I n al l  fou r  corpora ,  abou t  5 0 % o f  sentence s ar e o f 
th e simples t  for m (nou n ver b noun) .  Th e remainin g 
sentence s al l  contai n eithe r  on e relativ e claus e o r  on e 
prepositiona l  phrase .  Fo r  purpose s o f  testin g syntacti c 
systematicity ,  fou r  o f  th e initia l  noun s wer e permitte d 
t o appea r  onl y a s grammatica l  subject ,  an d anothe r  fou r 
coul d appea r  onl y i n objec t  position .  Th e remainin g fou r 
initia l  noun s wer e no t  restricted .  However ,  o f  th e initia l 
set ,  onl y thes e 'free '  noun s wer e permitte d t o appea r 
immediatel y befor e 'that' ,  whic h introduce s th e relativ e 
clauses . 

I n additio n t o th e above ,  som e semanti c constraint s 
wer e employed .  Onl y on e o f  th e initia l  'inanimat e nouns ' 
i s  eve r  employe d a s grammatica l  subjec t  durin g train -
ing ,  an d thi s occur s onl y i n conjunctio n wit h th e verb s 
'bump'an d 'hit' .  Ever y trainin g sentenc e i s generate d i n 
a fashio n whic h maximize s randomness .  Tha t  is ,  subjec t 
t o al l  constraint s mentione d above ,  wheneve r  a  decisio n 
i s mad e abou t  whic h wor d t o pick ,  o r  whethe r  t o em -
plo y a  simpl e o r  comple x sentence ,  a  rando m selectio n i s 
made. 

Algorithms and Architectural Details. 

As indicated in Fig. 2, there are lexical and semantic 
region s withi n bot h th e inpu t  an d outpu t  layers .  Fo r 
convenience ,  w e refe r  t o thes e a s 'lexical-in' ,  'semantic -
in' ,  'lexical-out '  an d 'semantic-out' .  Bot h lexical-i n an d 
lexical-ou t  emplo y loca l  encodings ,  wher e a  singl e uni t 
(on e o f  36 )  i s  assigne d t o represen t  a  singl e word .  Th e 
end o f  sentenc e marke r  ( a period )  i s als o assigne d a  sin -
gl e uni t  withi n th e lexica l  layers .  Likewise ,  th e repre -
sentatio n o f  a  singl e semanti c featur e i s local ,  bu t  th e 
representatio n o f  a n entir e featur e vector ,  correspondin g 
t o a  word' s meaning ,  i s distribute d acros s severa l  unit s 
withi n bot h semantic-i n an d semantic-out .  Sinc e ther e 
ar e a  tota l  o f  3 5 semanti c features ,  bot h semantic-i n an d 
semantic-ou t  contai n 3 5 units . 

The onl y hidde n laye r  presen t  (middl e o f  Fig .  2 ) 
shoul d b e regarde d a s a  singl e competitiv e cluster .  I t 
contain s 2 0 unit s whic h compet e wit h on e anothe r  t o 
represen t  pattern s o f  semanti c inpu t  values .  Al l  inpu t 
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unit s an d competitiv e unit s produc e onl y binar y (1,0 ) 
output .  B y contrast ,  unit s withi n th e to p outpu t  laye r 
can produc e rea l  value s a s output . 

As indicate d i n Fig .  2 ,  thre e set s o f  link s (a ,  f3 ,  an d 
7)  connec t  variou s regions/layers .  Eac h o f  th e thre e set s 
comprise s a  full y  connecte d lin k configuratio n (al l  pair -
wis e combination s o f  node s selecte d fro m th e adjoinin g 
layer s ar e linked) .  Weight s o n th e a ,  0 ,  an d 7  set s ar e 
initialize d a s follows :  a-links ,  whic h connec t  semantic-i n 
wit h th e competitiv e layer ,  ar e initialize d wit h rando m 
value s fro m th e interva l  [0,1 ]  an d ar e the n normalize d 
suc h tha t  fo r  eac h uni t  j  i n th e competitiv e layer ,  th e 
su m o f  weight s o f  al l  link s feedin g int o th e uni t  equal s 1 . 
Al l  othe r  weight s ar e initialize d t o 0 . 

Training Algorithms. 

The a  links ,  whic h connec t  semantic-i n wit h th e compet -
itiv e layer ,  ar e traine d b y mean s o f  a  familia r  Hebbian -
inspired ,  competitiv e learnin g algorithm ,  develope d b y 
von de r  Malsbur g (1973) .  (Se e Rumelhar t  &  Zipser ,  p . 
164,  fo r  a  concis e explanation) .  Th e network' s learnin g 
rat e i s se t  t o .01 .  However ,  w e d o emplo y on e variatio n 
on th e typica l  us e o f  thi s algorithm .  I n mos t  applica -
tion s (thoug h no t  all )  a  singl e winne r  i s selecte d o n a 
give n iteratio n fro m a  competitiv e cluster .  B y contrast , 
we select ,  o n eac h trainin g iteration ,  th e fiv e mos t  activ e 
node s a s winner s an d updat e weight s o n link s feedin g 
int o eac h o f  thes e nodes .  Onc e a  give n winne r  i s se -
lected ,  i t  fire s an d send s a n outpu t  o f  -f l  toward s th e 
outpu t  layer .  Competitiv e "losers "  transmi t  n o output . 

By contras t  wit h a  links ,  0  an d 7  link s d o no t  en -
te r  a  hidde n layer ,  an d ar e traine d accordin g t o a  simpl e 
Hebbian-base d formula .  O n eac h iteration ,  a n incremen t 
i s applie d t o / ? an d 7  links ,  provide d som e positiv e ac -
tivatio n ha s jus t  passe d throug h tha t  lin k t o a n outpu t 
nod e tha t  wa s alread y active .  Thus ,  increment s ar e ap -
plie d onl y i n case s wher e bot h th e sendin g an d receivin g 
node s begi n wit h positiv e activatio n levels .  Eac h incre -
ment  i s compute d thus : 

increment = 1.25- 10"^ 

The Training Cycle. 

As previousl y mentioned ,  ther e ar e fou r  distinc t  corpora . 
Sentence s fro m a  give n corpu s ar e randoml y selecte d fo r 
training .  O n average ,  eac h sentenc e fro m eac h corpu s 
i s presente d t o th e networ k 1 2 times .  Fo r  eac h selecte d 
sentence ,  th e followin g cycl e i s applied : 

Let  curren t  b e th e firs t  wor d i n th e sentence . 

Repea t  unti l  curren t  =  '. ' 

Let next = the item following current. 
Activat e current' s lexica l  encodin g withi n lexical-in . 
I f  curren t  ha s a n availabl e semanti c featur e 

vector ,  activat e tha t  withi n semantic-in ; 
Else ,  semantic-i n remain s inactiv e an d 

transmit s n o activatio n 
on thi s iteration . 

I f  nex t  ha s a n availabl e semanti c encoding , 
activat e tha t  withi n semantic-out ; 
Else ,  i f  nex t  ha s previousl y bee n 

flagge d a s "meanin g unknown " 
(i t  stil l  lack s a  semanti c encoding) . 
Then activat e th e lexica l  encodin g 
of  nex t  withi n lexical-out . 
Else ,  plac e nex t  o n Hol d an d plac e 

zer o activatio n i n semantic-out . 
Sprea d activatio n upward s fro m al l 

activ e inpu t  units . 
Appl y competitiv e an d Hebbia n trainin g 

t o a  an d 7  link s 
(respectively )  whereve r  possible . 

I f  activatio n di d sprea d fro m semantic-i n 
t o th e competitiv e laye r  the n som e 
winner s emerged .  Le t  thos e winner s fir e 
alon g / ? links .  Appl y Hebbia n training , 
whereve r  appropriate ,  t o / ? links . 

I f  nex t  wa s pu t  o n Hold ,  the n examin e 
curren t  activation s reachin g 
unit s i n semantic-out . 
I f  th e activatio n leve l  o f  an y suc h uni t 
i s  a t  leas t  2 0 % o f  th e maximu m activatio n 
thu s fa r  receive d b y tha t  unit , 
the n a  reasonabl e semanti c featur e wa s 
predicte d fo r  th e wor d i n next . 
So,  assig n eac h suc h semanti c featur e a s 
a defaul t  featur e fo r  tha t  word . 
Defaul t  semanti c feature s fo r  a  give n 
wor d ar e recorde d fo r  late r  use . 

Else ,  n o reasonabl e semanti c predictio n 
was mad e fo r  th e wor d i n next . 
So,  fla g tha t  wor d a s "meanin g unknown" . 

Let  curren t  b e assigne d th e content s o f  next . 

End o f  cycle . 
As a  carefu l  readin g o f  th e abov e outlin e reveals ,  th e 

proces s governin g precisel y ho w defaul t  semanti c fea -
ture s ar e cissigne d t o word s i s implemented ,  i n som e as -
pects ,  b y a  procedur e externa l  t o th e networ k itself .  (Th e 
same ca n b e sai d o f  man y othe r  connectionis t  systems ; 
consider ,  fo r  example ,  th e "probing "  proces s use d i n St . 
John' s an d McClelland' s (1990 )  approac h t o languag e 
learning. )  However ,  th e defaul t  semanti c feature s whic h 
ar e actuall y assigne d t o nove l  word s ar e thos e whic h th e 
networ k actuall y predicts .  Moreover ,  w e se e n o reaso n 
why th e "externa l  processes "  coul d no t  aris e throug h th e 
activit y o f  extern a connectionis t  modules . 

On a  separat e theme ,  i t  i s  noteworth y tha t  nove l  word s 
can b e assigne d defaul t  semanti c conten t  i f  trainin g ha s 
progresse d sufficiently .  However ,  i n ou r  trainin g corpora , 
th e word s 'with' ,  'from '  an d 'that '  ar e encountere d to o 
earl y fo r  reasonabl e semanti c conten t  t o b e assigned .  I n 
suc h cases ,  th e algorith m treat s th e word s merel y a s lex -
ica l  items .  Thi s decisio n i s no t  reverse d unles s th e word s 
ar e late r  assigne d semanti c feature s b y externa l  means . 
Such externa l  mean s migh t  correspon d t o ostensiv e def -
initio n o r  verba l  explanations . 

Althoug h suc h "earl y occurring "  word s ar e neve r  as -
signe d defaul t  semanti c conten t  b y th e network ,  the y stil l 
pla y a  predictiv e role .  Fo r  example ,  a s ou r  tes t  result s re -
veal ,  'that '  consistentl y predict s th e occurrenc e o f  verbs , 
and preposition s overwhelmingl y predic t  th e occurrenc e 
of  nouns .  Moreover ,  becaus e th e lexica l  encoding s o f 
suc h word s ar e frequentl y activate d withi n lexical-out , 
th e networ k learn s t o predic t  thei r  occurrenc e i n a  reli -
abl e fashion .  So ,  althoug h th e network' s primar y tas k 
i s t o predic t  semanti c content ,  i t  als o learn s t o predic t 
th e occurrenc e o f  particula r  word s whos e functio n seem s 
more syntacti c tha n semantic . 

The Test Corpus. 
A singl e 300 0 sentenc e tes t  corpu s wa s generate d usin g 
th e gramma r  previousl y discussed .  I n additio n t o th e ba -
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si c vocabular y (Fig .  1) ,  al l  nove l  noun s an d verb s wer e 
permitte d t o appea r  withi n sentences .  Apar t  fro m se -
manti c sensibilit y  constraints ,  previou s restriction s wer e 
relaxed .  Ever y nou n coul d freel y serv e a s subjec t  o r  ob -
ject ,  an d a s hea d o f  a  relativ e clause .  Withi n th e tes t 
corpus ,  te n percen t  o f  al l  sentence s involve d dee p ciiibed -
din g o f  relativ e clauses ,  t o a  m a x i m u m dept h o f  thre e lev -
els .  A n additiona l  fifteen  percen t  o f  tes t  sentence s con -
taine d eithe r  a  relativ e claus e o r  a  prepositiona l  phrzise . 
As wit h th e trainin g corpora ,  rando m selection s wer e 
made whereve r  possible . 

Test Phase and Analysis of Results. 

The testin g procedur e involve d feedin g eac h o f  th e 300 0 
tes t  sentences ,  wor d b y word ,  throug h th e network .  A s 
eac h wor d wa s processed ,  it s  lexica u encodin g wa s ac -
tivate d withi n lexical-i n and ,  i f  available ,  it s  semanti c 
feature s wer e activate d withi n semantic-in .  Onc e acti -
vatio n ha d propagate d t o th e outpu t  regions ,  activatio n 
vector s appearin g i n lexical-ou t  an d semantic-ou t  wer e 
accumulate d fo r  late r  averaging .  Variou s cosin e compar -
ison s wer e m a d e bot h betwee n particula r  averag e vec -
tor s an d als o betwee n averag e vector s an d th e semanti c 
vector s o f  particula r  words .  Thes e comparison s ar e dis -
cusse d belo w an d ar e displaye d i n Figure s 3 ,  4 ,  5 ,  6 ,  an d 
7. 

As anticipated ,  ou r  analyse s reveale d tha t  th e networ k 
does lear n t o predic t  typica l  semanti c feature s o f  word s 
tha t  immediatel y follo w a  give n wor d o f  input .  I n addi -
tion ,  activation s fo r  th e word s 'with' ,  'from' ,  an d 'that ' 
ar e accuratel y predicte d withi n lexical-out .  Semanti c 
feature s fo r  thes e word s ar e no t  predicte d becaus e th e 
networ k neve r  assign s feature s t o thes e words . 

Significantly ,  abundan t  evidenc e fo r  syntacti c system -
aticit y di d emerg e i n term s o f  th e network' s capacit y t o 
proces s noun s (construe d grammatically )  i n nove l  posi -
tion s bot h with m simpl e sentence s an d a t  nove l  level s o f 
embedding .  Fo r  example ,  durin g th e tes t  phase ,  w e com -
pare d th e averag e o f  semanti c vector s predicte d b y th e 
"restricte d nouns "  (thos e whos e positio n wa s restricte d 
durin g training )  t o th e averag e o f  semanti c vector s tha t 
actuall y belonge d t o word s immediatel y followin g thos e 
give n nouns .  Th e cosin e o f  th e angl e betwee n th e tw o 
averag e vector s wa s abov e .99 ,  indicatin g tha t  th e vec -
tor s wer e ver y clos e t o eac h other .  Th e sam e kin d o f 
compariso n wa s performe d fo r  thos e noun s whos e posi -
tion s wer e unrestricte d durin g training ;  th e resul t  wa s 
virtuall y identical .  I n thi s case ,  th e cosin e wa s abov e 
.993 .  Precisel y simila r  analyse s wer e performe d fo r  out -
)u t  vector s i n lexical-out .  T h e result s her e wer e eve n 
jetter .  Th e cosin e fo r  restricte d noun s wa s nearl y .998 6 

and fo r  unrestricte d nouns ,  th e resul t  wa s abov e .999 . 
Clearly ,  th e predictiv e powe r  o f  bot h restricte d an d un -
restricte d noun s i s ver y goo d an d nearl y equal .  Include d 
i n al l  thes e analyse s ar e thos e "novel "  noun s whos e se -
manti c vector s wer e assigne d b y th e networ k itsel f  durin g 
training . 

Our  remainin g analyse s wer e intende d t o confir m tha t 
word s belongin g t o eac h syntacti c categor y (noun ,  verb , 
preposition ,  an d relativ e pronoun )  m a d e stron g predic -
tion s fo r  semanti c features ,  o r  lexica l  representations , 
belongin g t o word s whic h coul d legall y follo w th e wor d 
makin g th e prediction .  Fo r  example ,  Figur e 3  indicate s 
whic h word s posses s semanti c feature s tha t  ar e strongl y 
predicte d whe n th e inpu t  wor d belong s t o th e categor y 
'noun' .  I n detail ,  th e heigh t  o f  eac h ba r  i n th e grap h 
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Figur e 3 :  Semanti c prediction s whe n th e inpu t  i s a  noun . 

displays ,  i n term s o f  cosines ,  ho w closel y th e seman -
ti c featur e vecto r  o f  eac h vocabular y wor d matche s th e 
averag e vecto r  produce d withi n semantic-ou t  whe n th e 
inpu t  wor d i s a  noun .  A s ca n b e seen ,  onl y th e clas s 
of  verb s possesse s semanti c feature s clos e t o thos e pre -
dicte d b y th e clas s o f  nouns .  Interestingly ,  th e five  verb s 
at  th e righ t  sid e o f  th e graph ,  whos e vector s ar e clos -
est  t o th e averag e predicte d vector ,  ar e 'novel '  verbs , 
whic h wer e assigne d defaul t  feature s durin g th e trainin g 
phase .  T h e strengt h o f  thes e prediction s i s explaine d b y 
th e fac t  tha t  defaul t  feature s ar e th e ver y feature s tha t 
ar e predicte d b y a n inpu t  wor d o n a  give n occasion .  I n 
th e presen t  case ,  al l  th e assigne d defaul t  feature s wer e 
predicte d whe n th e inpu t  wa s a  noun .  Not e als o tha t 
certai n ver y wea k prediction s fo r  specifi c  noun s ca n b e 
discerned .  W e believ e thes e wea k prediction s ar e du e t o 
randomnes s tha t  arise s i n th e earl y stage s o f  th e learnin g 
process . 

Althoug h verb s ar e th e onl y word s whos e semanti c fea -
ture s ar e strongl y predicte d b y nouns ,  othe r  word s can , 
of  course ,  grammaticall y follo w a  nouns .  Withi n ou r 
restricte d language ,  eithe r  o f  tw o preposition s ('with ' 
an d 'from' )  o r  on e relativ e pronou n ('that' )  ca n legall y 
fill  thi s position .  However ,  thes e word s wer e assume d 
not  t o hav e know n semanti c feature s a t  th e onse t  o f 
training ,  an d the y neve r  acquire d feature s durin g th e 
cours e o f  trainin g (du e t o th e fac t  tha t  the y ar e eac h 
first  encountere d befor e an y semanti c prediction s o f  suf -
ficient  strengt h ar e m a d e b y th e network) .  T h e upsho t  i s 
tha t  semanti c feature s fo r  thes e word s ar e no t  predicte d 
withi n semantic-out .  Nevertheless ,  a s reveale d i n Fig -
ur e 4 ,  th e networ k doe s lear n t o predic t  th e appearanc e 
of  eac h o f  thes e thre e word s followin g th e occurrenc e o f 
a noun .  Figur e 4  display s activatio n level s predicte d fo r 
unit s withi n lexical-ou t  whe n th e inpu t  ite m i s a  noun . 
(Cosin e meaisure s woul d hav e bee n inappropriat e i n thi s 
analysi s becaus e eac h word' s lexica l  encodin g contain s 
onl y a  singl e "on "  bit. )  T h e displaye d activatio n lev -
el s reflec t  th e ra w frequenc y o f  occurrenc e o f  particula r 
words .  T h e ver y stron g predictio n fo r  th e perio d arise s 
fro m th e fac t  that ,  withi n ou r  corpora ,  noun s ar e fol -
lowe d b y a  perio d m u c h mor e ofte n tha n b y an y o f  th e 
thre e word s i n question . 

Figur e 5  illustrate s th e strengt h o f  semanti c predic -
tion s fo r  semanticall y know n word s whe n th e inpu t  be -
long s t o th e category ,  'verb' .  A s wit h Fig .  3 ,  th e heigh t 
of  eac h ba r  reflect s th e cosin e betwee n eac h word' s know n 
featur e vecto r  an d th e averag e semanti c vecto r  predicte d 
when th e inpu t  wor d i s a  verb .  Clearly ,  al l  an d onl y th e 
semanti c feature s o f  noun s ar e predicte d wit h an y signif -
ican t  strength . 

Figure s 6  an d 7  ar e precisel y analogou s t o th e preced -
in g graph .  I n Figur e 6  w e se e tha t  onl y semanti c feature s 

463 



n M n i f i | n | j | i i n r i r n ' n f « n t i s 

Figur e 4 :  Lexica l  prediction s whe n th e inpu t  i s a  noun . 
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Figur e 5 :  Semanti c prediction s whe n th e inpu t  i s a  verb . 
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Figur e 6 :  Semanti c prediction s whe n th e inpu t  i s 'that' . 

fo r  verb s ar e strongl y predicte d whe n th e inpu t  i s a  rela -
tiv e pronou n ('that' V Thi s i s jus t  wha t  w e woul d hope , 
give n th e g ramma r  m Fig .  1 .  Likewise ,  Figur e 7  reveal s 
tha t  onl y nou n feature s ar e strongl y activate d whe n th e 
inpu t  wor d i s eithe r  'with '  o r  'from' . 

Summary and Future Directions. 

As the preceding analysis implies, the stated goals for 
our  workin g mode l  hav e bee n attained .  Clearly ,  th e net -
wor k doe s lear n t o m a k e accurat e semanti c predictions , 
when provide d wit h word s take n fro m an y o f  th e syn -
tacti c categorie s liste d i n th e targe t  grammar .  I n addi -
tion ,  th e leve l  o f  accurac y wa s virtuall y identica l  bot h 
fo r  noun s whos e positio n wa s restricte d durin g training , 
an d fo r  unrestricte d nouns .  Thus ,  stron g systematicit y 
i n a  syntacti c dimensio n wa s achieved .  Thi s i s  despit e 
th e fac t  tha t  two-third s o f  al l  noun s wer e presente d i n a 
singl e syntacti c rol e durin g training .  Moreover ,  th e net -
wor k successfull y integrate d nove l  noun s an d verb s int o 
it s trainin g process .  Indeed ,  1 0 o f  3 2 nouns/verb s use d 
i n th e fina l  tes t  corpu s wer e no t  presen t  i n th e firs t  train -
in g corpus .  Significan t  als o i s th e fac t  tha t  al l  networ k 
trainin g wa s unsupervise d wit h respec t  t o erro r  feedback . 

Finally ,  i t  i s  clea r  tha t  th e presenc e o f  deepl y embed -
ded relativ e clause s withi n th e tes t  corpu s di d no t  de -
grad e th e network' s predictiv e accuracy .  Thi s wa s t o b e 
expected ,  o f  course ,  sinc e th e network' s prediction s ar e 
a functio n onl y o f  th e curren t  inpu t  stat e -  n o m e m-
or y o r  contex t  layer s ar e containe d i n th e network .  Th e 
absenc e o f  contex t  layer s doe s presen t  a  limitation ,  how -
ever .  Unlik e Elman' s S R N ,  th e presen t  incarnatio n o f 
our  networ k canno t  detec t  lon g rang e dependencie s be -
twee n predicte d categories .  Nevertheless ,  b y th e tim e 
thi s pape r  appears ,  w e wil l  hav e implemente d a n ex -
tende d versio n o f  th e curren t  model ,  whic h w e expec t 
t o overcom e thi s limitation .  Indeed ,  prior ,  closel y re -
late d researc h (b y Carde i  an d Hadley ,  1996 )  strongl y 
suggest s tha t  context-sensitiv e behavio r  o f  th e require d 
kin d ca n b e achieve d throug h th e inclusio n o f  (a )  addi -
tiona l  "memor y layers" ,  whic h retai n prio r  content s o f 
th e competitiv e layer ,  an d (b )  th e additio n o f  a  higher -
leve l  self-organizin g laye r  whic h receive s inpu t  fro m th e 
firs t  competitiv e laye r  an d al l  m e m o r y layers .  W e wis h t o 
stress ,  moreover ,  tha t  ou r  presen t  result s hav e bee n at -
taine d vi a trainin g algorithm s whic h ar e widel y believe d 
t o b e close r  t o biologica l  realit y tha n th e commonl y use d 
backpropagatio n method . 
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Figur e 7 :  Semanti c prediction s whe n th e inpu t  i s  a 
preposition . 

A p p e n d i x A . 

Features assigned to words in our implementation are 
admittedl y incomplet e an d approximate .  However ,  the y 
serv e t o conve y th e genera l  approac h w e hav e adopted . 

Feature s assigne d t o noun s ar e take n t o b e subset s o f 
th e following ; 

animate, inanimate, two-legs, four-legs, talks, barks, 
meows,  squeaks ,  has-weight ,  has-size ,  has-shape , 
has-location ,  furry ,  large ,  small ,  heavy ,  light , 
laughs ,  bites ,  long-snout ,  fiat-face ,  small-nose , 
rigid ,  flexible ,  tubular ,  round . 

Note that all nouns would have certain features in com-
m o n,  e.g. ,  has-weight ,  has-size ,  has-shape ,  has-location . 
Feature s assigne d t o verb s ar e take n t o b e subset s o f  th e 
following : 
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rapid ,  slow ,  emotive ,  feeling-nice ,  physical-motion , 
involves-coniact ,  involves-animate ,  feeling-bad , 
involves-perceiving . 
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