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Abstrac t 

Predictio n i s believe d t o b e a n importan t  componen t  o f  cogni -
tion ,  particularl y i n natura l  languag e processing .  I t  ha s lon g 
been accepte d tha t  recurren t  neura l  network s ar e bes t  abl e t o 
lear n predictio n task s whe n traine d o n simpl e example s befor e 
incrementall y proceedin g t o mor e comple x sentences .  Fur -
thermore ,  th e counter-intuitiv e suggestio n ha s bee n mad e tha t 
network s and ,  b y implication ,  human s ma y b e aide d i n learn -
in g b y limite d cognitiv e resource s (Elman ,  1993 ,  Cognition) . 
The curren t  wor k report s evidenc e tha t  startin g wit h simpli -
fied  input s i s no t  necessar y i n trainin g recurren t  network s t o 
lear n pseudo-natura l  languages ;  i n fact ,  delaye d introductio n 
of  comple x example s i s ofte n a n impediment .  W e sugges t  tha t 
th e structur e o f  natura l  languag e ca n b e learne d withou t  specia l 
teachin g method s o r  limite d cognitiv e resources . 

I n t r o d u c t i o n 

Th e questio n o f  h o w human s ar e abl e t o lear n a  natura l  lan -
guag e despit e th e apparen t  lac k o f  adequat e feedbac k ha s 
lon g bee n a  perplexin g one .  Bake r  (1979 )  argue d tha t  chil -
dre n d o no t  receiv e a  sufficien t  amoun t  o f  negativ e evidenc e 
t o properl y infe r  th e grammatica l  structur e o f  languag e (als o 
se e Marcus ,  1993) .  Computationa l  theor y suggest s tha t  thi s i s 
indee d problematic ,  a s Gol d (1967 )  ha s show n that ,  withou t 
negativ e examples ,  n o superfinit e clas s o f  language s i s learn -
able ,  includin g th e regular ,  context-free ,  an d context-sensitiv e 
languag e classes .  Therefore ,  unles s th e se t  o f  possibl e natura l 
language s i s highl y restricted ,  i t  woul d appea r  tha t  suc h lan -
guage s ar e no t  leamabl e fro m positiv e examples .  H o w ,  then , 
ar e human s abl e t o lear n language ? Mus t  w e rel y o n extensiv e 
innat e knowledge ? 

I n fact ,  a  frequend y overlooke d sourc e o f  informatio n i s th e 
statistica l  structur e o f  natura l  language .  Languag e productio n 
ca n b e viewe d a s a  stochasti c process—som e sentence s an d 
granmiatica l  construction s ar e mor e likel y tha n others .  Th e 
learne r  ca n us e thes e statistica l  propertie s a s a  for m o f  im -
phci t  negativ e evidence .  Indeed ,  stochasti c regula r  language s 
an d stochasti c context-fre e language s ar e learnabl e usin g onl y 
positiv e dat a (Angluin ,  1988) .  O n e wa y th e learne r  ca n tak e 
advantag e o f  thes e statistic s i s b y attemptin g t o predic t  th e 
nex t  wor d i n a n observe d sentence .  B y comparin g thes e pre -
diction s t o th e actuall y occurrin g nex t  word ,  feedbac k i s im -
mediat e an d negativ e evidenc e derive s fro m incorrec t  predic -
tions .  Indeed ,  ther e i s considerabl e empirica l  evidenc e tha t 
humans generat e expectation s i n processin g natura l  languag e 

and tha t  thes e pla y a n activ e rol e i n comprehensio n (see ,  e.g. , 
Neisser ,  1967 ;  Kuta s &  Hillyard ,  1980 ;  McClelland ,  1988 ; 
McClellan d (feO'Regan ,  1981) . 

E lma n (1991 ,  1993 )  provide d a n explici t  formulatio n o f 
h o w a  syste m migh t  lear n th e grammatica l  structur e o f  a  lan -
guag e o n th e basi s o f  performin g a  wor d predictio n task .  H e 
traine d a  simpl e recurren t  networ k t o predic t  th e nex t  wor d 
i n sentence s generate d b y a n English-lik e artificia l  gramma r 
havin g numbe r  agreement ,  variabl e ver b argumen t  structure , 
and embedde d clauses .  H e foun d tha t  th e networ k wa s abl e t o 
lear n th e tas k bu t  onl y i f  th e trainin g regime n o r  th e networ k 
itsel f  wa s initiall y  restricte d i n it s complexit y (i.e. ,  i t  "starte d 
small") .  Specifically ,  th e networ k coul d lear n th e tas k eithe r 
when i t  wa s traine d first  o n simpl e sentence s (withou t  em -
beddings )  an d onl y late r  o n a  graduall y increasin g proportio n 
of  comple x sentences ,  o r  whe n i t  wa s traine d o n sentence s 
draw n fro m th e ful l  complexit y o f  th e languag e bu t  i t  ha d a n 
initiall y  fault y m e m o r y fo r  contex t  whic h graduall y improve d 
ove r  th e cours e o f  training .  B y contrast ,  w h e n th e networ k 
was give n full y accurat e m e m o r y an d traine d o n th e comple x 
grammar  fro m th e outset ,  i t  faile d t o lear n th e task .  Elma n 
suggeste d tha t  th e limite d cognitiv e resource s o f  th e chil d 
may,  paradoxically ,  b e necessar y fo r  effectiv e languag e ac -
quisition ,  i n accordanc e wit h Newport' s (1990 )  "les s i s more " 
proposal . 

Thi s pape r  report s o n attempt s t o replicat e o f  som e o f  El -
man' s findings  usin g simila r  network s bu t  mor e sophisticate d 
languages .  I n contras t  wit h hi s results ,  i t  wa s foun d tha t  net -
work s wer e abl e t o lear n quit e readil y eve n whe n confronte d 
wit h th e ful l  complexit y o f  th e languag e fro m th e start .  Onl y 
unde r  ver y contrive d circumstance s di d startin g wit h simpl e 
sentence s reliabl y ai d learnin g and ,  i n mos t  conditions ,  i t  wa s 
a hindrance .  Furthermore ,  startin g wit h th e ful l  languag e wa s 
of  eve n greate r  benefi t  whe n th e gramma r  wa s mad e mor e 
English-lik e b y includin g statistica l  consu-aint s betwee n mai n 
clause s an d embedding s base d o n lexica l  semantics .  W e ar -
gu e that ,  i n th e performanc e o f  realisti c  task s includin g wor d 
predictio n i n natura l  language ,  recurren t  network s inherentl y 
extrac t  simpl e regularitie s befor e progressin g t o mor e com -
ple x structures ,  an d n o manipulatio n o f  th e trainin g regime n 
or  interna l  m e m o r y i s require d t o induc e thi s property .  Thus , 
th e curren t  wor k call s int o questio n suppor t  fo r  th e clai m 
tha t  initiall y  limite d cognitiv e resource s o r  othe r  maturationa l 
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Tabl e 1 :  Th e underlyin g context-fre e grammar .  Transitio n proba -
bilitie s ar e specifie d an d additiona l  constraint s ar e applie d o n to p o f 
thi s framework . 
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Tabl e 2 :  Semanti c constraint s o n ver b usage .  Column s indicat e lega l 
subjec t  noun s whe n verb s ar e use d transitivel y o r  intransitivel y an d 
lega l  objec t  noun s whe n transitive . 

constraint s ar e require d fo r  effectiv e languag e acquisition . 

Simulation Methods 

We begi n b y describin g th e grammar s use d i n bot h Elman' s 
wor k an d th e curren t  study .  W e the n describ e th e corpor a 
generate d fro m thes e grammars ,  th e architectur e o f  th e simpl e 
recurren t  network s traine d o n th e corpora ,  an d th e method s 
use d i n thei r  training . 

Grammars 

The language s use d i n thi s wor k ar e simila r  i n basi c structur e 
t o tha t  use d b y Elma n (1991) ,  consistin g o f  simpl e sentence s 
wit h th e possibilit y  o f  relative-claus e modificatio n o f  nouns . 
Elman' s gramma r  involve d 1 0 noun s an d 1 2 verbs ,  plu s th e 
relativ e pronou n w h o an d a n end-of-sentenc e marker .  Fou r  o f 
th e verb s wer e transitive ,  fou r  intransitive ,  an d fou r  optionall y 
transitive .  Si x o f  th e noun s an d si x o f  th e verb s wer e singular , 
th e other s plural .  N u m b e r  agreemen t  wa s enforce d betwee n 
noun s an d verb s wher e appropriate .  Finally ,  tw o o f  th e noun s 
wer e prope r  an d coul d no t  b e modified . 

Grammars suc h a s thi s ar e o f  interes t  becaus e the y force s 
a predictio n networ k t o for m representation s o f  potentiall y 
comple x syntacti c structure s an d t o remembe r  information , 
suc h a s whethe r  th e nou n wa s singula r  o r  plural ,  acros s po -
tentiall y  lon g embeddings .  Elman' s grammar ,  however ,  wa s 
essentiall y  purel y syntactic ,  involvin g littl e o r  n o semantics . 
Thus ,  th e singula r  verb s al l  acte d i n th e sam e way ;  likewis e 
fo r  th e set s o f  plura l  verb s an d singula r  an d plura l  nouns .  Nat -
ura l  languag e i s clearl y fa r  mor e complex ,  an d th e additio n o f 
semanti c relationship s ough t  t o hav e a  profoun d effec t  o n th e 
manner  i n whic h a  languag e i s learne d an d processed . 

The underlyin g framewor k o f  th e gramma r  use d i n thi s 
study ,  show n i n Tabl e I ,  i s  nearl y identica l  t o tha t  designe d 
by Elman .  The y diffe r  onl y i n tha t  th e curren t  gramma r  add s 
one pai r  o f  mixe d transitivit y verb s an d tha t  i t  allow s relativ e 
clause s t o modif y prope r  nouns .  However ,  severa l  additiona l 
constraint s ar e applie d o n to p o f  thi s framework .  Primar y 
among these ,  asid e fro m numbe r  agreement ,  i s  tha t  individ -
ual  noun s ca n engag e onl y i n certai n action s an d tha t  transi -
tiv e verb s ca n operat e onl y o n certai n objects .  Fo r  example , 
anyon e ca n wal k inu-ansitively ,  bu t  onl y human s ca n wal k 

somethin g els e an d th e thin g walke d mus t  b e a  dog .  Thes e 
constraint s ar e liste d i n Tabl e 2 . 

Anothe r  restrictio n i s tha t  prope r  noun s canno t  ac t  o n them -
selves .  Fo r  exampl e Mar y chase s M a r y woul d no t  b e a  lega l 
sentence .  Finally ,  construction s o f  th e for m B o y s w h o wal k 
wal k ar e disallowe d becaus e o f  semanti c redundancy .  Thes e 
and th e abov e constraint s alway s appl y withi n th e mai n claus e 
of  th e sentence .  Asid e fro m numbe r  agreement ,  whic h affect s 
al l  noun s an d verbs ,  th e degre e t o whic h th e constraint s appl y 
betwee n a  claus e an d it s subclaus e i s variable .  I n thi s wa y 
th e leve l  o f  informatio n a  noun' s modifyin g phras e contain s 
abou t  th e identit y o f  th e nou n ca n b e manipulated . 

The basi c structur e show n i n Tabl e 1  become s a  stochasti c 
context-fre e gramma r  (SCFG )  whe n probabilitie s ar e speci -
fied  fo r  th e variou s productions .  Additiona l  structure s wer e 
als o adde d t o allo w direc t  contro l  o f  th e percentag e o f  com -
ple x sentence s generate d b y th e gramma r  an d th e averag e 
number  o f  embedding s i n a  sentence .  Finally ,  a  progra m 
was develope d whic h take s th e grammar ,  alon g wit h th e addi -
tiona l  syntacti c an d semanti c constraints ,  an d generate s a  ne w 
S C FG wit h th e constraint s incorporate d int o th e context-fre e 
transitions .  I n thi s way ,  a  singl e S C F G ca n b e generate d fo r 
eac h versio n o f  th e grammar .  Thi s i s convenien t  no t  onl y fo r 
generatin g exampl e sentence s bu t  als o becaus e i t  allow s us  t o 
determin e th e optima l  predictio n behavio r  o n th e language . 
Give n th e S C F G an d th e sentenc e contex t  u p t o th e curren t 
point ,  i t  i s possibl e t o produc e th e theoreticall y optima l  pre -
dictio n o f  th e nex t  word .  Thi s predictio n i s i n th e for m o f  a 
probabilit y  distributio n ove r  th e 2 6 word s i n th e vocabulary . 
The abilit y  t o generat e thi s distribution ,  an d henc e t o mode l 
th e grammar ,  i s wha t  w e expec t  th e network s t o learn . 

Corpora 

Cleeremans ,  Servan-Schreiber ,  an d McClellan d (1989 ) 
showe d tha t  a  simpl e recurren t  network ,  whe n traine d t o pre -
dic t  a  finite-state  languag e involvin g embedde d structure ,  wa s 
aide d whe n th e embedding s wer e somewha t  dependen t  o n th e 
surroundin g context .  I n orde r  t o stud y thi s effec t  o n ou r  lin -
guisti c task ,  five  classe s o f  gramma r  wer e constructed .  I n 
clas s A ,  semanti c constraint s d o no t  appl y betwee n a  claus e 
and it s subclause ,  onl y withi n a  clause .  I n clas s B ,  2 5 % o f 
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th e subclause s respec t  th e semanti c constraints ,  i n clas s C , 

5 0 %,  i n clas s D ,  7 5 % ,  an d i n clas s E  al l  o f  th e subclause s ar e 
constrained .  Therefore ,  i n clas s A ,  th e content s o f  a  relativ e 

claus e provide  n o informatio n abou t  th e nou n bein g modifie d 
othe r  tha n whethe r  i t  i s  singula r  o r  plural ,  wherea s clas s E 
produce s sentence s whic h ar e presumabl y th e mos t  English -
like .  Finally ,  a  sixt h class ,  N ,  wa s produce d involvin g n o 
semanti c constraints ,  onl y numbe r  agreement ,  m u c h lik e El -

man' s grammar . 
E lma n (1991 )  firs t  traine d hi s networ k o n a  corpu s o f 

10,00 0 sentences ,  7 5 % o f  whic h wer e complex .  H e reporte d 
tha t  th e networ k wa s "unabl e t o lear n th e task "  despit e variou s 
choice s o f  initia l  condition s an d learnin g parameters .  Thre e 
additiona l  corpor a containin g 0 % ,  2 5 % ,  an d 5 0 % comple x 
sentence s wer e the n constructed .  W h e n traine d fo r  5  epoch s 
on eac h o f  th e corpor a i n increasin g orde r  o f  complexity ,  th e 
networ k "achieve d a  hig h leve l  o f  performance. "  A s i n El -
man' s experiment ,  fou r  version s o f  eac h clas s wer e create d i n 
th e curren t  wor k i n orde r  t o produc e language s o f  increasin g 
complexity .  Grammar s Ao ,  A25 ,  A50 ,  an d A75 ,  fo r  example , 
produc e 0 % ,  2 5 % ,  5 0 % ,  an d 7 5 % comple x sentences ,  respec -
tively .  I n addition ,  fo r  eac h leve l  o f  complexity ,  th e probabil -
it y  o f  relativ e claus e modificatio n wa s adjuste d t o matc h th e 
average  sentenc e lengt h i n Elman' s corpora . 

For  eac h o f  th e 2 4 grammar s (si x classe s o f  semanti c con -
straint s crosse d wit h fou r  percentage s o f  comple x sentences) , 
tw o corpor a o f  10,(X) 0 sentence s wer e generated ,  on e fo r 
trainin g an d th e othe r  fo r  testing .  Corpor a o f  thi s siz e ar e 
quit e representativ e o f  th e statistic s o f  th e ful l  languag e fo r 
al l  bu t  th e longes t  sentences ,  whic h ar e relativel y infrequent . 
Sentence s longe r  tha n 1 6 word s wer e discarde d i n generatin g 
th e corpora ,  bu t  thes e wer e s o rar e ( < 0.2% )  tha t  thei r  los s 
shoul d hav e negligibl e effects .  I n orde r  t o perfor m well ,  a 
networ k coul d no t  possibl y "memorize "  th e u-ainin g corpu s 
but  mus t  lear n th e structur e o f  th e language . 

Network Architecture 

Th e architectur e o f  th e simpl e recurren t  networ k use d bot h b y 
Ehna n an d i n th e curren t  wor k i s illustrate d i n Figur e 1 .  Th e 
networ k containe d 6,93 6 trainabl e weights ,  includin g a  full y 
connecte d projectio n fro m "context "  unit s whos e activation s 
ar e copie d fro m hidde n unit s a t  th e previou s tim e step .  Eac h 
of  th e 2 6 inpu t  word s wa s represente d b y a  separat e (localist ) 
inpu t  unit .  O n e wor d wa s presente d o n eac h tim e step .  Al -
thoug h th e desire d outpu t  o f  th e networ k i s a  probabilit y  dis -
tributio n indicatin g th e expecte d nex t  word ,  th e targe t  outpu t 
durin g trainin g consiste d o f  th e actua l  nex t  wor d occurrin g i n 
th e sentence . 

Th e curren t  simulation s wer e performe d wit h softma x con -
straint s (Luce ,  1986 )  whic h normaliz e th e outpu t  vecto r  t o a 
su m o f  1.0 ,  a s oppose d t o th e sigmoi d outpu t  unit s use d b y El -
man.  Specifically ,  th e activatio n a ,  o f  eac h outpu t  uni t  j  wa s 
set  t o exp(x j ) / ^ j  exp(xj )  wher e X j  i s  th e tota l  inpu t  t o uni t 
j .  Al l  othe r  use d th e standar d sigmoi d activatio n functio n 
( 1 -I -  exp{-Xj) )~^ .  Erro r  feedbac k wa s provid e t o th e net -
wor k i n term s o f  th e divergenc e (Hinton ,  1989 )  betwee n eac h 
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Figure 1: Network architecture. Each solid arrow represents full 
connectivit y betwee n layer s (wit h number s o f  unit s i n parentheses) . 
Hidde n uni t  state s ar e copie d t o correspondin g contex t  unit s (dashe d 
arrow )  afte r  eac h wor d i s processed . 

outpu t  unit' s  targe t  valu e t j  an d it s activation ,  t j  log{tj/aj) . 
Not e tha t  whe n th e targe t  i s 0 ,  thi s valu e i s b y conventio n 0  a s 
well .  Therefore ,  erro r  i s  injecte d onl y a t  th e uni t  representin g 
th e actua l  nex t  wor d i n th e sentence ,  whic h i s perhap s mor e 
plausibl e tha n othe r  function s whic h provid e feedbac k o n ev -
er y wor d i n th e vocabulary .  Error s wer e no t  back-propagate d 
throug h time ,  onl y throug h th e curren t  tim e step ,  an d wer e 
therefor e als o relativel y loca l  i n time .  Hidde n laye r  activatio n 
was no t  rese t  betwee n sentences ;  however ,  sentenc e bound -
arie s wer e indicate d clearl y b y end-of-sentenc e markers . 

Experiments 

For  eac h o f  th e si x languag e classes ,  tw o trainin g regimen s 
wer e carrie d out .  I n th e comple x regimen ,  th e networ k wa s 
traine d o n th e 7 5 % comple x corpu s fo r  2 5 epoch s wit h a  fixe d 
learnin g rate .  Th e learnin g rat e wa s the n reduce d an d th e net -
wor k wa s traine d fo r  on e fina l  pas s throug h th e corpus .  I n th e 
simpl e regimen ,  th e networ k wa s traine d fo r  fiv e epoch s o n 
eac h o f  th e first  thre e corpor a i n increasin g orde r  o f  complex -
it y  (0 ,  25 ,  an d 5 0 % comple x sentences) .  I t  wa s die n traine d 
on th e fourt h corpu s ( 7 5 % complex )  fo r  1 0 epochs ,  followe d 
by a  final  epoc h a t  th e reduce d learnin g rate .  Th e si x extr a 
epoch s o f  trainin g o n th e fourt h corpu s (no t  include d i n El -
man' s design )  wer e include d t o allo w performanc e wit h th e 
simpl e regime n t o reac h asymptote .  Th e networ k wa s evalu -
ate d o n th e tes t  corpu s produce d b y th e sam e gramma r  a s th e 
final  trainin g corpus . 

A wid e rang e o f  trainin g parameter s wer e searche d be -
for e finding a  se t  whic h consistentl y achieve d th e bes t  per -
formanc e unde r  nearl y al l  conditions .  Th e networ k use d mo -
mentu m descen t  wit h a  learnin g rat e o f  0.00 4 (reduce d t o 
0.0003) ,  m o m e n t u m o f  0.9 ,  an d inida l  weight s sample d uni -
forml y betwee n ±1.0 .  Softma x outpu t  constraint s wer e ap -
plie d wit h a  divergenc e erro r  function .  B y contrast ,  th e pa -
rameter s selecte d b y Elma n include d a  learnin g rat e o f  0. 1 
(reduce d t o 0.06) ,  n o momen tum ,  an d initia l  weight s i n th e 
±0.00 1 range ;  also ,  softma x constraint s wer e no t  use d an d 
square d erro r  wa s employe d durin g training . 

Bot h comple x an d simpl e trial s wer e ru n fo r  eac h o f  th e 
si x gramma r  classes .  Twent y replication s o f  eac h conditio n 
wer e performed ,  resultin g i n 24 0 tota l  trials .  Althoug h th e 
actua l  nex t  wor d occurrin g i n th e sentenc e serve d a s th e targe t 
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Figur e 2 :  Fina l  divergenc e error—not e tha t  lowe r  value s correspon d 
t o bette r  performance .  Mean s an d standar d erro r  bar s wer e com -
pute d fo r  th e bes t  1 6 o f  2 0 trials . 

outpu t  durin g training ,  th e networ k w a s expecte d t o produc e 
a probabilit y  distributio n ove r  al l  possibl e words .  T h e targe t 
vector s i n th e testin g corpor a consiste d o f  th e theoreticall y 
correc t  distribution s giv e th e g r a m m a r  an d th e sentenc e u p t o 
tha t  point .  Becaus e th e g rammar s ar e stochasti c an d context -
free ,  thes e expectation s ar e straightforwar d t o generate . 

Results and Discussion 

Figur e 2  show s th e mea n divergenc e erro r  pe r  wor d o n th e 
testin g corpora ,  average d ove r  th e 1 6 trial s yieldin g th e bes t 
performanc e i n eac h condition .  Overall ,  th e comple x trainin g 
regime n produce d bette r  performanc e tha n th e simpl e regi -
men,  F(l,180)=72.8 ,  p<.001 .  Unde r  n o conditio n di d th e 
simpl e trainin g regime n outperfor m th e comple x trainin g reg -
imen .  Moreover ,  th e advantag e i n startin g comple x increase d 
wit h th e proportio n o f  full y  constraine d relativ e clause s ( A vs . 
E:  F(l,60)=8.55 ,  p=.005) .  Thi s conform s wit h th e ide a tha t 
startin g smal l  i s mos t  effectiv e whe n importan t  dependencie s 
span uninformativ e clauses .  Nevertheless ,  agains t  expecta -
tions ,  startin g smal l  faile d t o improv e performanc e eve n i n 
clas s A  i n whic h relativ e clause s ar e no t  semanticall y con -
straine d b y th e hea d noun .  Startin g smal l  wa s a  particula r 
hindranc e o n th e purel y syntacti c grammar ,  N . 

I t  i s  importan t  t o establis h tha t  th e networ k wa s abl e t o 
maste r  th e tas k t o a  reasonabl e degre e o f  proficienc y i n th e 
comple x regimen .  Otherwise ,  i t  m a y b e th e cas e tha t  non e 
of  th e network s wer e trul y abl e t o learn .  Averag e divergenc e 
erro r  wa s 0.06 8 fo r  network s traine d o n corpu s A75 ,  0.09 2 o n 
corpu s E75 ,  an d 0.02 4 o n N75 ,  compare d wit h a n initia l  erro r 
of  2.6 .  Informally ,  th e network s appea r  t o perfor m nearl y 
perfectl y o n sentence s wit h u p t o on e relativ e claus e an d quit e 
wel l  o n sentence s wit h tw o relativ e clauses . 

Figur e 3  compare s th e outpu t  o f  a  networ k traine d exclu -
sivel y o n corpu s E7 5 wit h th e optima l  output s fo r  tha t  gram -
mar.  Th e behavio r  o f  th e networ k i s illustrate d fo r  th e sen -

tence s B o y w h o chase s girl s w h o sin g walk s an d D o g s 
w ho chas e girl s w h o sin g walk .  Note ,  i n particular ,  th e pre -
dictio n o f  th e mai n ver b followin g Sing .  Prediction s o f  thi s 
ver b ar e no t  significantl y degrade d eve n afte r  tw o embedde d 
clauses .  Th e networ k i s clearl y abl e t o recal l  th e numbe r  o f 
th e mai n nou n an d ha s a  basi c gras p o f  th e differen t  action s 
allowe d t o dog s an d humans .  I t  nearl y mastere d th e rul e tha t 
dog s canno t  wal k somethin g else .  I t  is ,  however ,  stil l  unsur e 
tha t  boy s d o no t  bit e an d tha t  dog s m a y bark ,  bu t  no t  sing . 
Otherwise ,  th e prediction s appea r  t o b e nearl y optimal . 

For  sentence s wit h thre e o r  fou r  clauses ,  suc h a s D o g w h o 
dog s w h o bo y w h o dog s bit e walk s bit e chase s ca t  w h o 
Mar y feeds ,  performanc e wa s considerabl y worse .  T o b e 
fair ,  however ,  human s hav e difficult y parsin g suc h sentence s 
withou t  multipl e readings .  I n addition ,  fewe r  tha n 5 % o f 
th e sentence s i n th e mos t  comple x corpor a wer e ove r  nin e 
word s long .  Thi s wa s necessar y i n orde r  t o matc h th e averag e 
sentence-lengt h statistic s i n Elman' s corpora ,  bu t  i t  di d no t 
provid e th e networ k sufficien t  exposur e t o suc h sentence s fo r 
any hop e o f  learnin g the m well .  Additionally ,  th e network , 
whic h wa s originall y designe d t o lear n th e pure-synta x lan -
guage ,  m a y hav e ha d to o fe w hidde n unit s t o easil y represen t 
al l  th e informatio n necessar y t o proces s long ,  semantically -
constraine d sentences . 

The bes t  measur e o f  networ k performanc e woul d appea r 
t o b e a  direc t  compariso n wit h th e result s publishe d b y El -
m an (1991) .  However ,  ther e ar e problem s wit h thi s approach . 
Becaus e Elma n di d no t  us e a  standar d for m stochasti c gram -
mar ,  i t  wa s no t  possibl e t o produc e th e theoreticall y correc t 
prediction s agains t  whic h t o rat e th e model .  Instead ,  empir -
icall y derive d probabilitie s give n th e sentenc e contex t  wer e 
calculated .  Presumably ,  thes e probabilitie s wer e compile d 
ove r  man y sentence s generate d b y th e grammar .  Unfortu -
nately ,  thi s typ e o f  empiricall y base d languag e mode l  tend s 
t o "memorize "  th e ofte n unique ,  lon g sentence s i n th e train -
in g corpu s an d generalize s poorly . 

We therefor e traine d a n empirica l  mode l  o n th e N7 5 testin g 
corpus ,  a s wel l  a s 240,00 0 additiona l  sentence s produce d b y 
th e sam e grammar .  Elma n reporte d a  final  erro r  o f  0.17 7 fo r 
hi s networ k (using ,  w e believe ,  Minkowski- 1 o r  city-bloc k 
distance) .  Ou r  bes t  1 6 network s traine d o n th e N7 5 corpu s ha d 
an averag e erro r  o f  0.28 5 whe n evaluate d agains t  th e model , 
whic h woul d see m t o b e considerabl y worse .  However ,  city -
bloc k distanc e i s no t  well-suite d fo r  probabilit y  distributions . 
A bette r  measur e (i n additio n t o divergence )  i s th e m e a n co -
sin e o f  th e angl e betwee n targe t  an d outpu t  vectors .  Th e 
selecte d networ k ha d a n averag e cosin e o f  0.929 ,  whic h i s 
somewhat  bette r  tha n th e valu e o f  0.85 2 tha t  E lma n reported . 

Nevertheless ,  compariso n o f  th e empiricall y derive d pre -
diction s agains t  th e theoreticall y derive d predictions ,  whic h 
represen t  th e tru e desire d behavio r  o f  th e network ,  indicat e 
tha t  th e empirica l  prediction s ar e actuall y quit e poor .  W h e n 
evaluate d agains t  th e theoretica l  predictions ,  th e empirica l 
model ,  whic h ha d bee n traine d o n 250,00 0 sentences ,  ha d a 
mean divergenc e o f  1.086 ,  a  city-bloc k distanc e o f  0.246 ,  an d 
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Figur e 4 :  Strengt h o f  illega l  (ungrammatical )  prediction s versu s 
wor d position .  Value s ar e average d ove r  th e bes t  1 6 o f  2 0 network s 
traine d i n eac h condition . 

a cosin e o f  0.934 .  I n contrast ,  whe n compare d agains t  th e 
same correc t  predictions ,  th e network s ha d a  divergenc e o f 
0.024 ,  a  distanc e o f  0.088 ,  an d a  cosin e o f  0.992 .  Thus ,  b y al l 
measures ,  th e network' s performanc e i s bette r  tha n tha t  o f  th e 
empirica l  model .  Therefore ,  suc h a  mode l  i s  no t  a  goo d ba -
si s fo r  evaluatin g th e networ k o r  fo r  comparin g th e network' s 
behavio r  t o tha t  o f  Elman' s network . 

O ne possibilit y  i s  that ,  althoug h network s traine d i n th e 
smal l  regime n migh t  hav e wors e performanc e overall ,  the y 
m ay nonetheles s hav e learne d long-distanc e dependencie s 
bette r  tha n network s traine d th e comple x regimen .  T o tes t  thi s 
hypothesis ,  w e compute d th e tota l  probabilit y  assigne d b y th e 

networ k t o prediction s tha t  coul d not ,  i n fact ,  b e th e nex t  wor d 
i n th e sentence ,  a s a  functio n o f  positio n i n th e sentenc e (se e 
Figur e 4) .  I n general ,  fewe r  tha n 8  o f  th e 2 6 word s ar e lega l 
at  an y poin t  i n a  sentenc e produce d b y gramma r  E75 .  Overall , 
performanc e decline s (ungrammatica l  prediction s increase ) 
wit h wor d position ,  excep t  fo r  positio n 1 6 whic h ca n onl y 
be end-of-sentence .  However ,  eve n 2 1 % o f  th e tota l  out -
put  activatio n sprea d ove r  1 8 illega l  word s i s  respectable , 
considerin g tha t  randomize d weight s produc e abou t  7 1 % il -
lega l  predictions .  Mor e importantly ,  th e complex-regime n 
network s outperfor m th e simple-regime n network s a t  eac h 
sentenc e positio n betwee n 5-1 4 (typicall y involvin g embed -
dings ;  F (  1,15)>4.31 ,  p<.031 ,  fo r  eac h position) . 

Althoug h "startin g small "  faile d t o prov e effectiv e i n th e 
mai n experiments ,  w e attempte d t o fin d condition s unde r 
whic h th e simpl e trainin g regime n woul d provid e a n ad -
vantage .  First ,  w e constructe d condition s fo r  whic h on e 
migh t  expec t  startin g smal l  t o b e beneficial :  a  sixt h clas s 
of  grammars ,  A' ,  wit h n o dependencie s betwee n mai n an d 
embedded clause s (includin g numbe r  agreement) ,  an d cor -
por a compose d entirel y o f  comple x sentences .  However ,  th e 
comple x trainin g regime n continue d t o yiel d equivalen t  per -
formanc e t o th e simpl e regime n (mea n divergence :  0.07 9 
vs .  0.08 0 fo r  A^5 ,  F(l,30)=0.135 ,  p=0.716 ;  0.07 8 vs .  0.08 1 
fo r  Aioo .  F (  1,22) = 1.14 ,  p=0.298 ;  0.11 2 vs .  0.12 0 fo r  Eioo , 
F(l,22)=1.46 ,  p=0.241) .  Onl y i n th e extrem e cas e o f  Aio o 
di d startin g smal l  yiel d a  significan t  benefi t  (0.10 5 comple x 
vs .  0.06 4 simple ,  F(l,22)=6.99,p=0.015) . 

A remainin g possibilit y  i s  tha t  th e differenc e i n trainin g 
parameters ,  o r  sligh t  difference s i n corpora ,  betwee n ou r  ex -
periment s an d Elman' s wer e responsibl e fo r  ou r  discrepan t 
results .  Therefore ,  w e eliminate d al l  know n difference s be -
twee n gramma r  clas s N  an d Elman' s an d traine d network s 
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withou t  momen tum ,  withou t  th e us e o f  softma x constraints , 

wit h a  square d erro r  measure ,  rathe r  tha n divergence ,  wit h a 
learnin g rat e o f  0. 1 an d initia l  weight s i n th e ±0.00 1 range . 
Thes e parameter s ar e simila r  t o thos e chose n b y Elman .  Th e 
result s reveale d a n advantag e fo r  startin g larg e (square d error : 
0.08 8 vs .  0.107 ,  F(l,22)=246.986 ,  p<0.001) ,  howeve r  thes e 
network s di d no t  perfor m nearl y a s wel l  a s thos e traine d o n 
corpu s N  wit h th e origina l  trainin g method s (square d error : 
0.0042) .  I n learnin g grammar s simila r  t o Elman's ,  w e hav e 
yet  t o find  condition s unde r  whic h startin g smal l  i s beneficial . 

Conclusions 

I t  i s  apparen t  tha t  simpl e recurren t  network s ar e abl e t o lear n 
quit e wel l  whe n traine d exclusivel y o n a  languag e wit h onl y a 
smal l  proportio n o f  simpl e sentences .  Th e benefi t  o f  startin g 
smal l  doe s no t  appea r  t o b e a  robus t  phenomeno n fo r  lan -
guage s o f  thi s typ e an d startin g smal l  ofte n prove s t o b e a 
significan t  hindrance .  I t  i s no t  necessar y t o presen t  simplifie d 
input s t o ai d th e networ k i n learnin g short-ter m dependen -
cie s initially .  Simpl e recurren t  network s lear n thi s wa y nat -
urally ,  first  extractin g short-rang e correlation s an d buildin g 
up t o longer-rang e correlation s on e ste p a t  a  tim e (see ,  e.g. , 
Servan-Schreiber ,  Cleereman s &  McClelland ,  1991) .  Start -
in g wit h simplifie d input s allow s th e networ k t o develo p inef -
ficient  representation s whic h mus t  b e restructure d t o handl e 
ne w syntacti c complexity . 

An importan t  aspec t  o f  Elman' s (1993 )  findings  wa s tha t  a 
networ k wa s abl e t o lear n whe n th e ful l  rang e o f  dat a wa s 
presente d initiall y  an d th e network' s memor y wa s limited . 
Althoug h th e curren t  wor k di d no t  addres s thi s techniqu e 
directly ,  Elma n reporte d tha t  network s traine d wit h limite d 
memory di d no t  lear n a s effectivel y a s thos e traine d wit h sim -
plifie d input .  Give n that ,  i n th e curren t  work ,  w e foun d th e 
simpl e trainin g regime n inferio r  t o trainin g o n th e ful l  com -
ple x gramma r  fro m th e outset ,  i t  i s  unlikel y tha t  hinderin g th e 
network' s memor y woul d b e o f  an y benefit .  Indeed ,  prelimi -
nar y result s no t  reporte d her e see m t o bea r  ou t  thi s prediction . 

I t  shoul d b e acknowledged ,  however ,  tha t  ther e ar e situa -
tion s i n whic h startin g wit h simplifie d input s m a y b e neces -
sary .  So-calle d "latching "  task s (Bengio ,  Simar d &  Frasconi , 
1994 ;  Lin ,  H o m e &  Giles ,  1996 )  requir e network s t o remem -
ber  informatio n fo r  extende d period s wit h n o correlate d in -
puts .  Bengi o an d colleague s hav e argue d tha t  recurren t  net -
work s wil l  hav e difficult y solvin g suc h problem s becaus e th e 
propagate d erro r  signal s deca y exponentially .  Thi s i s take n 
as theoretica l  evidenc e tha t  a n incrementa l  learnin g strateg y 
i s mor e likel y t o converg e (Gile s &  Omlin ,  1995) .  However , 
suc h situations ,  i n whic h dependencie s spa n long ,  uninforma -
tiv e regions ,  ar e no t  a t  al l  representativ e o f  natura l  language . 

Importan t  contingencie s i n languag e an d othe r  natura l  tim e 
serie s problem s ten d t o spa n region s o f  inpu t  whic h ar e them -
selve s correlate d wit h th e contingen t  information .  I n thes e 
cases ,  recurren t  network s ar e abl e t o leverag e th e wea k short -
rang e correlation s t o lear n th e stronge r  long-rang e correla -
tions .  Onl y i n unnatura l  situation s i s i t  necessar y t o trai n a 
networ k initiall y  o n simplifie d input ,  an d doin g s o m a y b e 

harmfu l  i n mos t  circumstances .  Th e abilit y  o f  suc h a  simpli -
fied  networ k mode l  t o lear n a  relativel y comple x predictio n 
(as k lead s on e t o conclud e tha t  i t  i s  quit e plausibl e fo r  a  hu -
man infan t  t o lear n th e structur e o f  languag e despit e a  lac k o f 
negativ e evidence ,  despit e experiencin g unsimplifie d gram -
matica l  structures ,  an d despit e detailed ,  innat e knowledg e o f 
language . 
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