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Inducin g a  G r a m m a r  W i thou t  a n Explici t  Teacher : 

Incrementa l  Distribute d Predictio n Feedbac k 

Michae l  Spivey-Knowlto n 
Departmen t  o f  Brai n an d Cognitiv e Science s 

Universit y o f  Rocheste r 
Rochester ,  N Y 1462 7 

s p i v e y O p s y c h . r o c h e s t e r . e d u 

J e n n y R .  Sa f f r a n 

Departmen t  o f  Brai n an d Cognitiv e Science s 
Universit y o f  Rocheste r 

Rochester ,  Nf Y 1462 7 
s a f  f r a n O p s y c h . r o c h e s t e r . e d u 

A b s t r a c t 
A primar y proble m fo r  a  chil d learnin g he r  first  languag e 
i s tha t  he r  ungrammatica l  utterance s ar e rarel y explicitl y 
corrected .  I t  ha s bee n argue d tha t  thi s deart h o f  negativ e 
evidenc e regardin g th e child' s grammatica l  hypothese s 
makes i t  impossibl e fo r  th e chil d t o induc e th e gramma r  o f 
th e languag e withou t  substantia l  innat e knowledg e o f 
some universa l  principle s c o m m o n t o al l  natura l 
grammars .  However ,  recen t  connectionis t  model s o f 
languag e acquisitio n hav e employe d a  learnin g techniqu e 
tha t  circumvent s th e negativ e evidenc e problem . 
Moreover ,  thi s learnin g strateg y i s no t  limite d t o strictl y 
connectionis t  architectures .  Wha t  w e cal l  Incrementa l 
Distribute d Predictio n Feedbac k refer s t o whe n th e learne r 
simpl y listen s t o utterance s i n it s  environmen t  an d make s 
interna l  prediction s on-lin e a s t o wha t  element s o f  th e 
grammar  ar e mor e o r  les s likel y t o immediatel y follo w th e 
curren t  input .  Onc e tha t  subsequen t  inpu t  i s received , 
thos e predictio n contingencie s (essentially ,  transitiona l 
probabilities )  ar e slightl y adjuste d accordingly . 
Simulation s wit h artificia l  grammar s demonstrat e tha t  thi s 
learnin g strateg y i s  faste r  an d mor e realisti c tha n 
dependin g o n infrequen t  negativ e feedbac k t o 
ungrammatica l  outpu t  Incrementa l  Distribute d Predictio n 
Feedbac k allow s th e learne r  t o produc e it s ow n negativ e 
evidenc e fro m positiv e example s o f  th e languag e b y 
comparin g incrementall y predicte d inpu t  wit h actua l  input . 

Introduction 

Recently, connectionist models have begiin to use time as a 
critica l  factor .  Radie r  tha n receivin g a n explici t  trainin g 
signa l  fo r  associatin g arbitrar y input s wit h arbitrar y outputs , 
irrespectiv e o f  an y tempora l  relationship ,  th e mode l  i s 
expose d t o sequence s o f  input s an d incrementall y attempt s 
t o predic t  wha t  th e subsequen t  inpu t  wil l  be .  Withou t  a n 
explici t  teacher ,  th e mode l  compare s it s  predicte d 
subsequen t  inpu t  wit h th e actua l  subsequen t  input ,  an d use s 
th e differenc e a s a n erro r  signal .  S o m e model s o f  thi s typ e 
use recurren t  connection s t o comput e a  predictio n base d o n 
a "Gestalt "  o f  severa l  timestep s (e.g. ,  Elman ,  1990 ;  Juhan o 
& Tanenhaus ,  1995 ;  St .  Joh n &  McClelland ,  1990) ,  bu t  thi s 
i s no t  a  necessar y conditio n i n orde r  t o us e thi s learnin g 
strategy .  Standar d feed-forwar d network s ca n als o lear n b y 
predictin g th e subsequen t  inpu t  base d o n th e curren t  inpu t 
(Schutze ,  1994) .  I n fact ,  thi s learnin g strateg y nee d no t  b e 
restricte d t o connectionis t  architecture s a t  all .  Th e wor k w e 
presen t  i n thi s pape r  i s a  tes t  cas e i n whic h w e compar e thi s 
learnin g strateg y wit h on e tha t  require s explici t  correctiv e 

feedbac k i n term s o f  thei r  abilit y t o induc e a  simpl e 
grammar  matri x (fo r  a n example ,  se e Figur e 1) . 

Th e learnin g mode l  consist s o f  a  reproductio n o f  th e 
matri x wit h initiall y  equa l  value s i n al l  cell s  (i.e. ,  identica l 
connectio n weight s fo r  al l  possibl e sequentia l  pairings) . 
Startin g of f  wit h thi s tabul a ras a assume s n o initia l 
predispositio n towar d particula r  kind s o f  connectivit y  (i.e. , 
n o innat e constraint s devote d t o likel y patterns) .  Th e first 
learnin g strateg y w e simulat e i s derive d fro m a  standar d 
assumptio n tha t  explicitl y  correctin g th e child' s 
ungrammatica l  utterance s woul d b e a n optima l  metho d 
of  gramma r  induction .  Suc h correction s ar e know n a s 
'negativ e evidence' .  Th e correspondin g idealize d model , 
implemente d i n simulation s l A an d 2A ,  i s calle d Explici t 
Negativ e Evidenc e Feedbac k ( E N E F ) ,  i n whic h th e learne r 
randoml y produce s sequentia l  pairing s tha t  i t  think s ar e 
grammatica l  (initially ,  an y pairing )  an d occasionall y 
receive s correctiv e feedbac k fro m a  teache r  whe n th e 
pairin g i s i n fac t  ungrammatical . 
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Figur e 1 .  Element s o f  th e languag e ar e cross-indexe d wit h 

on e another ,  an d som e sequentia l  pairing s (fro m t  t o t+1 )  ar e 
deemed grammatica l  (1 )  whil e other s ar e considere d 
ungrammatica l  (0) .  Fo r  example ,  alon g th e to p row ,  a  ca n 
be followe d b y b  o r  b y d ,  bu t  no t  b y a ,  c ,  e  or/ .  (Thi s kin d 
of  loca l  transitio n syste m i s equivalen t  t o a  finite  automato n 
languag e o r  a  Marko v chai n wit h equa l  probabilitie s fro m a 
give n stat e t o th e possibl e nex t  states .  I t  follow s tha t  result s 
of  modelin g th e learnin g o f  suc h a  g ramma r  m a y no t 
generaliz e t o tha t  o f  natura l  g rammar s whic h ar e 
considerabl y mor e complex. ) 
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We compar e thi s learnin g strategy ,  withi n th e sam e 
model  architecture ,  t o on e base d o n th e learnin g metho d 
employe d b y th e connectionis t  model s tha t  wer e discusse d 
above .  Simulation s I B an d 2 B implemen t  Incrementa l 
Distribute d Predictio n Feedbac k (IDPF) ,  i n whic h th e 
learne r  listen s t o grammatica l  pairing s i n it s environmen t 
and make s on-lin e prediction s (i.e. ,  multipl e bel s o f  varyin g 
magnitude )  abou t  wha t  element s a t  tim e t+ 1 ar e mor e o r  les s 
likel y t o follo w th e curren t  element .  Th e be t  tha t  win s i s 
rewarded ,  thu s increasin g th e strengt h o f  tha t  predictio n i n 
futur e instances .  Al l  othe r  pairing s fro m tha t  initia l  elemen t 
ar e punished ,  wit h a  correspondin g decreas e i n thei r 
predictio n strength . 

Bot h learnin g strategie s wil l  eventuall y ge t  th e learne r 
t o som e arbitrar y criterio n o f  accurac y (say ,  9 5 % )  i n it s 
internalizatio n o f  th e grammar .  Th e cas e fo r  th e chil d 
learnin g he r  first  language ,  however ,  i s  specia l  becaus e th e 
scarcit y an d variabilit y  o f  correctiv e feedbac k regardin g th e 
child' s utterance s suggest s tha t  relyin g o n negativ e evidenc e 
alon e woul d simpl y tak e fa r  longe r  tha n childre n generall y 
requir e t o lear n thei r  first  languag e (Marcus ,  1993) .  Th e 
purpos e o f  ou r  simulation s i s t o compar e h o w m a n y 
utterance s mus t  typicall y b e produce d b y EhfE F t o reac h 
9 5 % accurac y i n it s encodin g o f  th e gramma r  wit h h o w 
many utterance s mus t  typicall y b e hear d b y IDP F t o reac h 
9 5 % accurac y i n it s encodin g o f  th e grammar . 

Negative Evidence 

In principle, negative evidence serves to correct children's 
misconstrue d linguisti c rule s an d t o driv e chang e i n th e 
developin g grammar .  Th e critica l  rol e o f  negativ e evidenc e 
was demonstrate d i n a  classi c pape r  b y Gol d (1967) ,  w h o 
prove d tha t  natura l  language s canno t  b e learne d i n a  finite 
perio d o f  tim e fro m a  finite  se t  o f  positiv e example s alon e 
(grammatica l  sentence s fro m th e language) .  Give n tha t 
childre n do ,  however ,  lear n languag e wit h al l  du e speed , 
ther e ar e tw o possibl e mean s t o circumven t  thi s leamabilit y 
problem ;  1 )  t o receiv e correction s (negativ e evidence) ,  o r  2 ) 
t o restric t  th e hypothesi s searc h spac e throug h innat e 
constraints .  Withi n th e leamabilit y  framework ,  then ,  a 
languag e acquisitio n devic e unencumbere d b y innat e 
consU^aint s require s negativ e evidenc e i n respons e t o it s 
ungrammatica l  output .  Withou t  negadv e evidence ,  suc h a 
devic e coul d no t  converg e upo n th e targe t  gramma r  - -  thi s 
fac t  i s  a  primar y featur e o f  th e "povert y o f  Ui e stimulus " 
argumen t  fo r  innat e linguisti c structur e (Chomsky ,  1972 ; 
Pinker ,  1984) . 

For  thes e reasons ,  th e questio n o f  th e existenc e o f 
negativ e evidenc e ha s receive d m u c h debate .  Whil e earl y 
studie s indicate d tha t  parent s ten d t o correc t  th e truth-valu e 
of  children' s utterance s rathe r  tha n grammatica l  error s 
(Brow n &  Hanlon ,  1970) ,  mor e recen t  researc h ha s foun d 
Uia t  som e parent s respon d differentiall y  t o children' s errors , 
fo r  exampl e b y repeatin g ungrammatica l  sentence s mor e 
ofte n tha n grammatica l  sentence s (e.g. ,  Bohannon , 
MacWhinne y &  Snow ,  1990 ;  Bohanno n &  Stanowicz , 
1988 ;  Hirsh-Pasek ,  Treiman ,  &  Schneiderman ,  1984) . 
However ,  suc h effect s ar e generall y  small ,  an d ar e no t  see n 
consistenU y eithe r  acros s subject s o r  acros s studie s (Gordon , 
1990 ;  Marcus ,  1993 ;  Morga n &  Travis ,  1989) .  Moreover , 

eve n w h e n negativ e evidenc e i s available ,  i t  i s  no t 
necessaril y  use d b y childre n (e.g. ,  McNeill ,  1970 ,  Chapte r 
7) .  T o date ,  bot h th e availabilit y  an d effectivenes s o f 
explici t  negativ e evidenc e remain s controversial . 

Ther e exist s a  differen t  learnin g method ,  however ,  tha t 
employ s a  typ e o f  feedbac k whic h ha s no t  bee n widel y 
considere d i n discussion s o f  th e logica l  proble m o f  languag e 
acquisition .  I n principle ,  a  chil d coul d recove r  fro m a n 
overl y genera l  hypothesi s -  suc h superse t  case s ar e exactl y 
wher e Gold' s proo f  require d negativ e evidenc e -  b y 
observin g tha t  th e prediction s generate d b y th e hypothesi s 
ar e no t  born e ou t  i n th e speec h sh e hears .  Fo r  example ,  a 
chil d migh t  lear n Uia t  al l  dativ e verb s d o no t  alternat e (' I 
donate d th e boo k t o him/* I  donate d hi m th e book' ,  a s 
oppose d t o ' I  gav e th e boo k t o him/ I  gav e hi m th e book' )  b y 
observin g tha t  'donate '  neve r  occur s i n a  double-objec t 
frame .  O f  course ,  thi s powerfu l  mechanis m mus t  b e 
constrained ,  a s ther e ar e a n infinit e numbe r  o f  sentence s 
whic h th e chil d wil l  neve r  hear .  Thi s migh t  b e 
accomplishe d b y embeddin g suc h a  mechanis m i n a 
predictio n framework :  a s th e chil d listen s t o other s speak , 
she predict s tha t  certai n element s wil l  follo w on e another . 
W h en th e prediction s ar e incorrect ,  suc h a s a  predictio n tha t 
'donate '  wil l  b e followe d b y th e indirec t  objec t  (base d o n a n 
overl y genera l  rul e resultin g fro m th e observatio n tha t  give -
typ e verb s ca n b e followe d b y th e indirec t  object) ,  th e 
hypothesize d sequentia l  pairin g whic h gav e ris e t o th e 
incorrec t  predictio n i s decremented .  Thus ,  th e chil d learn s 
by listenin g t o utterance s rathe r  tha n b y producin g them ,  an d 
generate s he r  o w n negativ e evidenc e (o r  erro r  signal )  b y 
comparin g he r  predicte d input s wit h th e actua l  input . 

Simulation lA: 

Explici t  N e g a t i v e E v i d e n c e F e e d b a c k 

We begin with ENEF because it is based on a commonly 
hel d vie w o f  languag e acquisition ,  i n whic h th e learne r 
entertain s discret e hypothese s abou t  whic h g ramma r 
relation s ar e allowe d an d whic h ar e disallowed .  Withi n thi s 
perspective ,  a  metho d b y whic h th e learne r  rule s ou t 
hypothese s (tha t  is ,  thos e hypothese s no t  alread y rule d ou t 
by innat e constraints )  i s  b y producin g a  hypotheticall y 
grammatica l  utteranc e an d receivin g correctiv e feedbac k 
indicatin g tha t  i t  i s  ungrammatical .  W e wante d t o mak e th e 
implementatio n o f  E N E F unrealisticall y stron g i n orde r  t o 
determin e th e nea r  Umi t  i n h o w fas t  i t  ca n induc e a  gramma r 
wit h 9 5 % accuracy .  Therefore ,  i t  i s  give n a  generou s 
amount  (compare d t o wha t  childre n typicall y receive )  o f 
noise-fre e explici t  negativ e evidence ,  an d th e mode l  require s 
onl y on e instanc e o f  correctiv e feedbac k i n orde r  t o rul e ou t 
any particula r  hypothesize d sequentia l  pairing . 

Thes e first  simulation s ar e base d o n 6 X 6 grammars , 
simila r  t o th e on e i n Figur e 1 .  Th e mode l  start s ou t 
assumin g tha t  ever y sequentia l  pairin g betwee n ever y 
elemen t  o f  th e gramma r  i s allowe d (I' s  i n al l  3 6 cells) .  Th e 
model  randoml y produce s a  sequentia l  pairin g tha t  i t 
hypothesize s i s grammatical .  I f  thi s outpu t  is ,  i n fact , 
ungranmiatica l  accordin g t o th e targe t  grammar ,  ther e i s a 
2 0 % chanc e tha t  th e mode l  wil l  receiv e correctiv e feedback , 
turnin g th e strengt h o f  tha t  sequentia l  pairin g fro m on e t o 
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Figur e 2 .  Th e riches t  an d th e sparses t  grammar s o n whic h th e mode l  wa s trained ,  respectively . 

The gnunma r  i n pane l  A  ha s 1 9 ungrammatica l  pairing s an d th e on e i n pane l  B  ha s 30 . 
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zero ,  thu s discretel y rulin g ou t  tha t  specifi c  hypothesis .  I f 
th e outpu t  happen s t o b e grammatical ,  n o learnin g lake s 
place .  Thi s proces s i s repeate d unti l  th e model' s 
internalizatio n o f  th e gramma r  i s a t  leas t  9 5 % accurate .  I n a 
6 X 6 grammar ,  thi s mean s th e mode l  mus t  lear n al l  bu t  on e 
of  th e zeroe s i n th e targe t  grammar .  Th e numbe r  o f 
utterance s require d t o achiev e thi s criterio n o f  accurac y i s 
referre d t o a s th e "learnin g time" .  (I t  i s  importan t  t o not e 
tha t  th e las t  fe w zeroe s tak e th e longes t  t o lear n because ,  b y 
tha t  time ,  ther e i s a  sli m chanc e tha t  th e model' s rando m 
outpu t  o f  hypothesize d sequentia l  pairing s wil l  com e upo n 
an ungrammatica l  one .  A n d thi s sli m chanc e i s multiplie d 
by th e . 2 probabilit y  o f  negativ e evidence! ) 

The mode l  wa s traine d o n twelv e differen t  grammar s 
(se e Figur e 2) .  10 0 simulation s wer e conducte d pe r 
grammar  i n orde r  t o comput e a  reliabl e averag e learnin g 
time .  Wit h th e riches t  grammar ,  on e containin g man y 
grammatica l  sequentia l  pairing s (Figur e 2A) ,  learnin g wa s 
slowest .  Th e averag e learnin g tim e fo r  thi s gramma r  wa s 
31 5 timestep s (o r  produce d utterances) .  I n contrast ,  th e 
absolut e sparses t  gramma r  (Figur e 2B )  too k a n averag e o f 
onl y 24 2 timesteps .  Th e remainin g grammar s o f 
intermediat e densitie s ha d averag e learnin g time s betwee n 
thos e extremes ,  graduall y decreasin g a s densit y decreased . 

As mentione d above ,  th e probabilit y  o f  rulin g ou t  a n 
hypothesize d sequentia l  pairin g o n an y on e timeste p i s equa l 
t o th e probabilit y  o f  receivin g negativ e evidenc e whe n a n 
ungrammatica l  pairin g i s produce d multiplie d b y th e 
probabilit y  o f  proiducin g a n ungrammatica l  pairing .  Thus ,  a t 
th e onse t  o f  learnin g th e gramma r  i n Figur e 23 ,  ther e i s a 
relativel y hig h probabilit y  o f  rulin g ou t  a n hypothesi s tha t  i s 
ungrammatical :  P(c )  =  .2(30/36) ,  wher e P(c )  i s th e 
probabilit y  o f  a  correction ,  an d 30/3 6 i s th e rati o o f 
ungrammatica l  pairing s ove r  th e tota l  numbe r  o f  pairings .  I f 
a correctio n doe s no t  tak e plac e (eithe r  becaus e th e utteranc e 
happene d t o b e grammatical ,  o r  th e teache r  faile d t o provid e 
negativ e evidence) ,  the n th e probabilit y  o f  a  correctio n 
increase s o n th e nex t  timestep ,  accordin g t o probabilit y 
summatio n ove r  tim e (Wat.son ,  1979) .  Usin g probabilit y 

summatio n ove r  time' ,  th e E N E F s mea n learnin g tim e fo r 

th e twelv e granmiar s i s approximated ;  r^=.90 .  Se e als o th e 
ope n an d filled  triangle s o f  Figur e 4 . 

S imu la t io n I B :  I n c r e m e n t a l  Distribute d 

Predict io n F e e d b a c k 

IDPF learns in a much more realistic fashion than ENEF. It 
require s n o explici t  negativ e evidenc e regardin g produce d 
utterances .  Instead ,  i t  listen s t o rando m utterance s 
comprise d o f  a  randoml y generate d elemen t  followe d b y a 
randoml y selecte d grammatica l  subsequen t  element . 
Incrementally ,  i t  make s distribute d prediction s abou t  wha t 
element s shoul d follo w th e initia l  inpu t  element .  I t  typicall y 
require s abou t  10-2 0 exposure s t o a n utteranc e i n orde r  t o 
reduc e th e predictio n strengt h o f  alternativ e ungrammatica l 
pairing s fro m tha t  first  elemen t  t o les s tha n .05 . 

I n th e nex t  se t  o f  simulations ,  w e traine d th e IDP F 
model  o n th e sam e twelv e grammars .  IDP F i s probabilistic , 
i n tha t  i t  start s ou t  wit h predictio n strength s tha t  su m t o 1 
acros s an y give n ro w o f  th e matri x (lik e a  typica l  Marko v 
chain) .  Beginnin g wit h a  blan k slate ,  th e leamerha s .16 7 

1 

(1 )  c u m P ( C ) = 1-0(1-11-^ ) 

wher e t \  i s  th e probabilit y  o f  receivin g negativ e evidenc e (shoul d 

th e learne r  produc e a n ungrammatica l  utterance) ,  Q  i s th e numbe r 
of  ungrammatica l  pairing s stil l  hypothesize d b y th e learne r  t o b e 

grammatical ,  y  i s th e tota l  numbe r  o f  sequentia l  pairing s stil l 

hypothesize d b y th e learne r  t o b e grammatical ,  an d T  i s th e 
timeste p o r  utteranc e number .  Th e cumulativ e probabilit y  o f  a 

correctio n increase s a s x  increases .  Whe n th e cumulativ e 
probabilit y  o f  a  correctio n exceed s .63 2 (tha t  is ,  1-1/e) ,  th e signa l 
has,  o n average ,  occurre d (cf .  Watson ,  1979) .  Thus ,  w e iterate d 

thi s equation ,  decrementin g Q  an d y  b y 1  eac h tim e cumP(C ) 
exceede d .63 2 (a s tha t  mean t  ther e wa s on e les s ungrammatica l 
pairin g lef t  t o learn ,  an d on e les s pairin g hypothesize d b y th e 

learner) ,  an d startin g agai n a t  T=l .  Thi s wa s repeate d unti l 

Q=l,whic h mean t  tha t  al l  bu t  on e incorrec t  hypothesi s ha d bee n 

rule d out ;  > 9 5 % accuracy .  Th e su m o f  th e Q- 1 value s o f  x 
correspond s t o ho w man y timestep s probabilit y  summatio n ove r 
tim e predict s th e ENE F mode l  wil l  requir e t o lear n th e grammar . 
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Figur e 3 .  IDPF s 9 5 % accurat e probabilisti c  representatio n 

of  th e gramma r  i n Figur e 1 .  (achieve d i n 10 7 timesteps. ) 

prediction strength in every cell of the 6X6 matrix. And 
reachin g 9 5 % accurac y i n internalizin g th e gramma r  mean s 
tha t  th e s u m m e d erro r  i n eac h ro w average s .05 .  Figur e 3 
shows th e learner' s predictio n strength s afte r  reachin g 9 5 % 
accurac y o n th e gramma r  show n i n Figur e 1 . 

Th e mode l  modifie s it s  predictio n strength s b y 
comparin g it s weighte d prediction s o f  th e inpu t  a t  tim e t+ 1 
wit h th e actua l  (discrete )  inpu t  a t  tim e t+1 .  Th e on e 
weighte d predictio n tha t  wa s correc t  i s  increase d b y 1 5 % o f 
th e differenc e betwee n 1  an d it s curren t  value ,  an d th e five 
prediction s tha t  wer e incorrec t  ar e decrease d b y 1 5 % o f  thei r 
curren t  values .  Thi s learnin g procedur e i s a  versio n o f  th e 
generalize d delt a rul e (Rumelhart ,  Hinto n &  Williams , 

1986) ,  o r  "back-propagation" ,  wit h a  .1 5 learnin g rate. ^ 
As before ,  1(X )  trainin g simulation s wer e ru n o n eac h 

grammar .  Th e IDP F learne r  reache d criterio n accurac y wel l 
befor e E N E F o n al l  twelv e grammars .  [I n fact ,  i n orde r  t o 
achiev e performanc e equivalen t  t o IDPFs ,  E N E F require s 
an extremel y unrealisti c  4 5 - 6 5 % explici t  negativ e evidence. ] 
An importan t  observatio n her e i s tha t  E N E F learn s cell-by -
cell ,  tha t  is ,  i t  ha s a  chanc e a t  eac h utteranc e o f  learnin g 
completel y abou t  on e particula r  sequentia l  pairing .  I n 
contrast ,  IDP F (becaus e it s prediction s ar e distribute d 
acros s th e entir e matri x row )  learn s graduall y row-by-row , 
thu s ever y utteranc e i s a  learnin g experienc e wit h respec t  t o 
al l  o f  th e element s tha t  coul d follo w th e elemen t  a t  tim e t . 

Learnin g tim e result s fo r  IDP F ar e show n i n Figur e 4 , 
combine d wit h th e result s o f  E N E F A  lowe r  Hmi t  o n th e 
learnin g tim e fo r  IDP F i s easil y compute d b y determinin g 
th e m in imu m numbe r  o f  exposure s t o a n initia l  elemen t 
require d t o brin g th e su m o f  tha t  row' s ungrammatica l  cell s 

t o les s tha n o r  equa l  t o .05. ^  B y addin g t o thi s lowe r  limi t 
th e numbe r  o f  row s i n th e matfi x minu s 1 ,  w e ca n closel y 
approximat e IDPF' s mea n learnin g tim e (learnin g tim e = 

( I  If )  +  N-1) ;  r2=.98 .  Se e th e ope n an d fille d circle s i n 

Figur e 4 . 

Si m 2A :  E N E F wit h 10X1 0 Grammar s 

To test how well these models scale up to larger grammars, 
thi s nex t  se t  o f  simulation s traine d E N E F o n a  large r  siz e o f 
th e sam e typ e o f  gramma r  (se e Figur e 5) .  A s before ,  10 0 
simulation s wer e ru n o n eac h gramma r  t o comput e m e a n 
learnin g times .  E N E F learne d i n th e sam e fashio n describe d 
i n Simulatio n lA ,  bu t  thi s tim e al l  but/iv e ungrammatica l 
sequentia l  pairing s neede d t o b e learned ;  i n a  1 0 X 1 0 
grammar ,  thi s wa s sufficien t  t o produc e 9 5 % accuracy . 

For  th e riches t  gramma r  teste d (Figur e 5 A ) ,  E N E F wa s 
slowest ,  producin g a n averag e o f  77 7 pairing s i n orde r  t o 
achiev e 9 5 % accuracy .  A s th e gramma r  becam e sparser , 
E N EF learne d faster ,  wit h th e sparses t  granmaa r  (Figur e 5 B ) 
bein g learne d i n 67 9 timesteps .  A s i n Simulatio n lA , 
probabilit y  summatio n ove r  tim e approximate d th e m e a n 

learnin g time s fo r  th e twelv e grammars ;  t^=.945  (Figur e 6) . 

Sim 2B: IDPF with 10X10 Grammars 

IDPF was trained on the same twelve grammars, in the same 
fashio n a s i n Simulatio n IB .  Th e 9 5 % accurat e 
internalizatio n o f  th e 10X1 0 grammar ,  a t  th e en d o f 
learning ,  wa s analogou s t o th e 6 X 6 versio n show n i n Figur e 
3.  IDP F scale d u p t o thi s large r  gramma r  m u c h mor e 
gracefull y tha n di d E N E F .  I D P F learne d th e richest 
grammar  i n a n averag e o f  15 9 timesteps ,  an d th e sparses t 
grammar  i n 18 1 timesteps .  A s before ,  Equatio n (2 )  (i n 
foomot e 3 )  closel y approximate d th e mea n learnin g time s 

fo r  th e twelv e grammars ;  t^=.9 9 (se e Figur e 6) . 

General Discussion 

A common assumption in the field of language acquisition 
i s tha t  i f  innat e constraint s di d no t  encod e certai n 
grammatica l  relationships ,  the n th e standar d negativ e 
evidenc e model ,  wit h it s extremel y slo w learning ,  i s al l  th e 
learne r  coul d resor t  to .  Th e result s o f  thes e simulation s 
sugges t  tha t  a n alternative ,  an d cognitivel y plausible , 
metho d o f  learnin g (IDPF )  i s a  grea t  dea l  faste r  tha n th e 
standar d model .  IDPF s distribute d predictio n o f  tempora l 
association s i s analogou s i n mechanis m t o th e primin g o f 
semanti c o r  syntacti c associations .  However ,  i t  remain s a n 
empirica l  questio n whethe r  childre n learnin g thei r  first 
languag e actuall y us e thi s kin d o f  passiv e incrementa l 
predictio n o f  tempora l  association s betwee n inputs . 

•̂  I n fact ,  th e IDP F mode l  i s equivalen t  t o a  perceptro n (wit h n o 
hidde n unit.s )  usin g th e delt a rule ,  bu t  wit h th e "desire d output " 
signa l  bein g provide d b y th e subsequen t  input ,  rathe r  tha n b y a n 
explici t  teacher . 

(2 )  " I 'nd-Ti )  <.0 5 

where Q^ is the number of ungrammatical cells in row r, N is the 

number  o f  element s i n th e language ,  T  i s th e timestep ,  an d T[  i s  th e 
learnin g rat e [playin g a  simila r  rol e her e a s di d th e negativ e 
evidenc e ter m i n Equatio n 1  fo r  probabilit y  summatio n ove r  tim e 

i n E N E F (se e footnot e 1)] .  B y solvin g fo r  x  fo r  eac h ro w o f  th e 

matrix ,  an d suimnin g thos e N  value s o f  x ,  w e ge t  a  lowe r  limi t  o f 

learnin g tim e fo r  IDP F (lowe r  limi t  =  ZXj) . 
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Figur e 5 .  Simulation s 2 A an d 2B :  Th e riches t  an d sparses t  grammar s o n whic h th e mode l  wa s trained ,  respectively . 

The gramma r  i n pane l  A  ha s 5 4 ungrammatica l  pairing s an d th e on e i n pane l  B  ha s 76 . 

Wit h Incrementa l  Distribute d Predictio n Feedback ,  th e 
learne r  ca n tak e advantag e o f  th e conspicuou s absenc e o f 
certai n grammatica l  relationship s i n th e input .  Moreover ,  i f 
th e inpu t  contain s grade d statistica l  biase s fo r  som e 
sequentia l  element s ove r  others ,  IDPF' s probabilisti c 
encodin g wil l  caus e i t  t o reflec t  thos e grade d preferences , 
jus t  a s adul t  comprehender s d o (e.g. ,  Julian o &  Tanenhaus , 
1993 ;  Saffran ,  Newpor t  &  Aslin ,  submitted) .  Th e standar d 
negativ e evidenc e mode l  canno t  produc e suc h grade d 
preferences ,  a s it s codin g i s discrete . 

I t  i s  certainl y possibl e tha t  evolutio n ha s cause d ou r 
D NA t o encod e certai n constraint s devote d t o languag e 
learnin g (Batali ,  1994 ;  Pinke r  &  Bloom ,  1990) .  However , 

our  result s cas t  som e doub t  o n whethe r  th e apparen t  lac k o f 
negativ e evidenc e ca n b e use d a s a  vaU d motivatio n fo r  suc h 
a claim .  I n fact ,  wha t  IDP F provide s i s a  mechanis m b y 
whic h th e chil d ca n produc e he r  ow n negativ e evidenc e b y 
comparin g predicte d (o r  primed )  inpu t  wit h actua l  input . 

Certainly ,  thes e simulation s ar e a  simplifie d tes t  case , 
and d o no t  appl y t o natura l  grammars ,  whic h contai n 
multiple-contingenc y relationship s o f  fa r  greate r  complexit y 
tha n pairwis e sequences .  Futur e wor k o n thi s issu e wil l 
requir e comparin g th e tw o learnin g style s ("over t  testing " 
vs .  "passiv e predicting" )  i n thei r  abilit y t o lear n mor e 
complex ,  natura l  grammars . 
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