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Abstrac t 

This research investigated the effects of prior knowledge on 
learnin g i n psychologically-plausibl e connectionis t  networks . 
Thi s issu e wa s examine d wit h respec t  t o th e benchmar k 
orthography-to-phonolog y mappin g tas k (Sejnowsk i  & 
Rosenberg ,  1986 ;  Seidenber g &  McClelland ,  1989) . 
Learnin g abou t  th e correspondence s betwee n orthograph y an d 
phonolog y i s a  critica l  ste p i n learnin g t o read .  Childre n 
(unlik e th e network s mentione d above )  brin g t o thi s tas k 
extensiv e knowledg e abou t  th e sound-structur e o f  thei r 
language .  W e firs t  describ e a  simpl e neura l  networ k tha t 
acquire d som e o f  thi s phonologica l  knowledge .  W e the n 
summariz e simulation s showin g tha t  havin g thi s knowledg e 
i n plac e facilitate s th e acquisitio n o f  orthographic -
phonologica l  correspondences ,  producin g a  highe r  leve l  o f 
asymptoti c performanc e wit h fewe r  implausibl e error s an d 
bette r  nonwor d generalization .  Th e result s sugges t  tha t 
connectionis t  network s ma y provid e close r  approximation s t o 
human performanc e i f  the y incorporat e mor e realisti c 
assumption s abou t  relevan t  sort s o f  backgroun d knowledge . 

Introduction 

Althoug h cognitiv e scientist s hav e emphasize d h o w 
children' s acquisitio n o f  knowledg e i s constraine d b y prio r 
knowledg e (eithe r  innat e o r  th e resul t  o f  prio r  learning) , 
suc h constraint s ar e rarel y incorporate d i n connectionis t 
networks .  Consider ,  fo r  example ,  th e well-studie d tas k o f 
learnin g th e correspondence s betwee n orthograph y 
(spelling )  an d phonolog y (sound) .  Thi s knowledg e play s a n 
importan t  rol e i n learnin g t o rea d (Adams ,  1989) ;  moreover , 
th e inconsistencie s i n thes e correspondence s i n Englis h 
(F IVE-GIVE ,  H E R E - W E R E,  etc. )  presen t  a n interestin g 
learnin g problem .  Sejnowsk i  an d Rosenberg' s NETtal k 
(1987 )  wa s th e firs t  connectionis t  mode l  applie d t o thi s task ; 
Seidenber g an d McClellan d (1989 )  develope d a  relate d 
model  tha t  simulate d detaile d aspect s o f  huma n performanc e 
i n readin g word s aloud .  Th e S M 8 9 mode l  wa s limite d i n 
tw o importan t  respects ,  however .  First ,  i t  performe d mor e 
poorl y tha n peopl e o n generalizatio n trial s (readin g 
nonword s suc h a s JINJ E o r  K E D E )  (Besne r  e t  al ,  1990) . 
Second ,  m a n y o f  th e pronunciation s tha t  i t  produce d a s 
error s containe d phonem e sequence s tha t  ar e no t  permitte d 
i n Englis h (e.g. ,  SPI N - > SIPN) .  Th e defect s i n thi s mode l 
hav e bee n take n a s reflectin g importan t  limitation s o n th e 
capacitie s o f  neura l  network s t o captur e detaile d aspect s o f 

human behavio r  (e.g. ,  Colthear t  e t  al. ,  1993 ;  McCloskey , 
1991 ;  Prasad a &  Pinker ,  1993) . 

I n thi s pape r  w e examin e a n importan t  differenc e betwee n 
thes e connectionis t  network s an d childre n w h o ar e learnin g 
t o rea d tha t  m a y accoun t  fo r  som e o f  thes e discrepancies . 
Beginnin g reader s alread y posses s extensiv e knowledg e o f 
th e structur e o f  spoke n language .  The y hav e learne d whic h 
phonemi c segment s occu r  i n thei r  languag e an d abou t  th e 
constraint s tha t  gover n p h o n e m e sequencin g (th e 
phonotactic s o f  th e language) .  Thei r  tas k i s the n t o lear n 
h o w orthographi c symbol s relat e t o thi s phonologica l 
structure .  Th e Seidenber g an d McClellan d model ,  i n 
contrast ,  possesse d n o prio r  knowledg e o f  phonolog y an d 
was initialize d wit h rando m weights .  Thi s create d a  mor e 
difficul t  learnin g tas k tha n th e on e confrontin g th e 
beginnin g reader :  th e networ k ha d t o lear n abou t 
phonologica l  structur e a t  th e sam e tim e i t  wa s learnin g t o 
m ap orthograph y ont o it . 

We examine d th e rol e o f  prio r  knowledg e i n suc h 
network s i n tw o steps .  W e first  develope d a  connectionis t 
networ k tha t  learne d abou t  th e phonologica l  structur e o f 
Englis h monosyllables .  W e the n examine d h o w includin g 
or  excludin g thi s phonologica l  knowledg e affecte d th e tas k 
of  learnin g orthographic-phonologica l  correspondences .  W e 
compare d tw o network s tha t  wer e identica l  excep t  tha t  on e 
was configure d wit h th e phonologica l  structur e tha t  wa s 
learne d i n th e first  simulation ,  an d th e othe r  wa s configure d 
wit h th e usua l  rando m weights .  Result s sugges t  tha t 
providin g prio r  knowledg e o f  phonologica l  structur e result s 
i n mor e rapi d learning ,  a  greatl y reduce d tendenc y t o 
produc e implausibl e utterances ,  an d bette r  nonwor d 
generalization . 

Simulation 1: Induction Of Phonological 
Cons t ra in t s 

The networ k consiste d o f  2 9 unit s tha t  wer e full y  connecte d 
t o eac h other ,  plu s th e bia s associate d wit h eac h unit .  Th e 2 9 
unit s wer e use d t o encod e word s consistin g o f  C V C 
sequence s o f  phonemes .  Phoneme s wer e represente d i n 
term s o f  standar d phoneti c feature s (e.g. ,  voiced ,  labial) ; 
eac h uni t  corresponde d t o on e o f  thes e features ;  1 2 featur e 
bit s wer e used  fo r  eac h consonan t  an d 5  fo r  th e vowel . 
Weight s o n connection s betwee n unit s wer e initiall y 
randomize d an d eac h unit' s  connectio n t o itsel f  wa s froze n 
at  0.5 .  Th e effec t  o f  thi s i s  tha t  a  unit' s  activation , 
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independen t  o f  al l  othe r  inputs ,  slowl y drop s of f  fro m it s 
initia l  valu e ove r  time . 

The trainin g se t  consiste d o f  a  se t  o f  56 4 C V C word s 
take n fro m a n onlin e dictionary .  Th e trainin g procedur e wa s 
as follows .  Th e probabilit y  tha t  a  wor d woul d b e selecte d 
fo r  trainin g wa s a  functio n o f  it s Kucer a an d Franci s (1967 ) 
frequency .  A  wor d wa s selecte d an d a t  timeste p 0 ,  al l  2 9 
unit s wer e clampe d wit h it s  correc t  phonologica l 
representation .  A t  timestep s 1  t o 4 ,  the y wer e undampe d 
and allowe d t o mutuall y activat e an d de-activat e eac h other . 
A unit' s  aggregat e inpu t  i s first  compute d a s th e weighte d 
su m o f  th e curren t  outpu t  o f  al l  othe r  unit s connecte d t o it . 
Thi s aggregat e inpu t  i s  applie d t o a  sigmoida l  squashin g 
function .  Formally ,  th e outpu t  o  o f  uni t  j  a t  tim e t  i s 

( I 
;(')= / HV;_̂ ..0_.(,-1 ) wher e /  i s th e se t  o f  unit s connecte d t o 

unit; ,  V/i j  i s  th e weigh t  fro m uni t  i  t o unity ,  and/ i s th e 

sigmoi d function . 
Th e outpu t  a t  eac h tim e ste p fro m 1  t o 4  w a s compare d 

wit h th e inpu t  phonemes .  W h e r e th e outpu t  disagree d wit h 
th e phonemi c representation ,  a  s u m o f  square d erro r  signa l 
was computed .  Thus ,  th e networ k wa s bein g aske d t o 
recreat e an d hol d th e patter n tha t  ha d bee n presen t  a t  ste p 0 
ove r  step s 1-4 .  T h e weight s connectin g th e unit s t o eac h 
othe r  wer e modifie d accordin g t o th e standar d backpro p 
throug h tim e algorith m fo r  trainin g recurren t  connectionis t 
net s (William s &  Zipser ,  1989 ,  1990) .  Becaus e eac h unit' s 
auto-connectio n wa s firozen ,  eac h uni t  neede d inpu t  fro m it s 
neighbor s t o hol d it s  forme r  value .  A  uni t  receive d a  hig h 
erro r  signa l  whe n i t  faile d t o receiv e sufficien t  activatio n o r 
inhibitio n fro m it s  neighbors ;  thus ,  th e learnin g algorith m 
cause s agonisti c o r  antagonisti c tendencie s a m o n g th e unit s 
t o b e represente d i n th e weigh t  space .  Specifically ,  th e 
model  encode d bot h th e intra-segmenta l  regularitie s (i.e. ,  th e 
fac t  tha t  onl y som e combination s o f  feature s produc e actua l 
phonemes )  an d intersegmenta l  regularitie s (i.e. ,  th e fac t  tha t 
onl y som e sequence s o f  phoneme s ar e legal) .  T h e resultin g 
weigh t  spac e represent s a  se t  o f  stabl e attracto r  state s (Plau t 
& McClelland ,  1993) .  Thes e state s represen t  phonemicall y 
and phonotacticall y lega l  soun d pattern s i n th e targe t 
languag e represente d b y th e C V C s . 

We evaluate d th e effectivenes s o f  th e representation s 
forme d i n thi s stag e b y determinin g th e exten t  t o whic h th e 
networ k wa s abl e t o perfor m patter n completion .  Give n a 
partially-specifie d input ,  coul d th e networ k us e knowledg e 
of  phonologica l  structur e t o generat e lega l  patterns ? A 
sampl e o f  item s fi'om  th e trainin g corpu s o f  al l  C V C word s 
was prepared .  Eac h for m w a s presente d int o a  matri x o f 
weight s take n from  th e prewirin g network .  Fo r  eac h outpu t 
uni t  i n th e form ,  w e determine d whethe r  th e uni t  wa s gettin g 
th e correc t  leve l  o f  activatio n from  it s  neighbors .  Th e uni t 
bein g evaluate d w a s u n d a m p e d ,  an d th e s u m m e d inpu t  t o 
tha t  uni t  fro m it s  neighbor s (i.e .  th e do t  produc t  o f  th e 
featur e value s an d th e weigh t  vector )  wa s compare d wit h th e 
unit' s  rea l  valu e fo r  tha t  form .  Thu s th e phonologica l  outpu t 
spac e wa s disturbe d b y th e deletio n o f  on e unit ,  an d th e tes t 
determine d t o wha t  exten t  tha t  on e uni t  coul d b e pulle d int o 
it s correc t  valu e b y th e activation s o f  it s neighbors . 

I f  th e s u m m e d inpu t  t o a  uni t  from  it s  neighbor s w a s 
negative ,  an d th e uni t  wa s suppose d t o b e off ,  o r  i f  th e 

s u m m ed inpu t  w a s positiv e an d th e uni t  wa s suppose d t o b e 
on ,  th e uni t  wa s score d a s receivin g correc t  activatio n from 
it s neighbors .  I f  not ,  i t  w a s incorrect .  Th e averag e square d 
valu e o f  th e units '  correc t  activatio n from  it s  neighbor s 
minu s th e square d valu e o f  incorrec t  activation s i s 
multiplie d b y th e frequenc y o f  th e wor d form .  Thi s gav e a 
scala r  measur e o f  th e accurac y t o whic h th e weight s 
encode d regularitie s i n th e representatio n fo r  tha t  uni t  fo r 
tha t  wor d form .  Thi s tes t  w a s don e ove r  al l  unit s i n th e 
phonologica l  representation ,  an d th e resultin g scor e fo r  eac h 
uni t  wa s the n multiplie d b y th e frequency  o f  th e wor d for m 
bein g tested .  Thi s way ,  a n erro r  m a d e withi n th e wor d for m 
C Z AR di d no t  penaliz e th e networ k a s m u c h a s a n erro r  i n 
th e wor d for m C A R would .  Thi s tes t  wa s repeate d fo r  eac h 
wor d for m i n th e trainin g corpus ,  an d th e recorde d result s 
fo r  eac h uni t  wer e averaged .  Thi s gav e a  measur e o f  th e 
probabilit y  tha t  th e network' s weigh t  spac e coul d coerc e 
unspecifie d value s int o a  lega l  pattern . 

Qualit y o f  Patter n C o m p l e t i o n 
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Figur e 1 

This measure was evaluated during the training of the net, 
and it s valu e i s show n i n figure  1 .  Initially ,  wit h th e weight s 
randoml y assigned ,  th e valu e wa s zero ;  a  uni t  i s n o mor e 
likel y t o receiv e correc t  activatio n from  it s neighbor s tha n i t 
i s t o ge t  incorrec t  activation .  B y th e en d o f  200 0 trainin g 
epochs ,  a  weighte d averag e o f  8 3 % o f  th e outpu t  unit s 
acros s al l  C V C word s receiv e correc t  activatio n from  thei r 
neighbors .  Thus ,  th e mode l  ha d encode d sufficien t 
informatio n abou t  phonologica l  structur e t o tolerat e 
degradatio n o f  th e inpu t  pattern .  Thi s knowledg e i s no t 
perfect ,  bu t  neithe r  i s  th e child' s a t  th e onse t  o f  readin g 
education . 

Simulations 2-3: The Reading Task 

Th e networ k use d i n thes e simulation s wa s constructe d a s 
follows .  Th e outpu t  laye r  consiste d o f  th e sam e 2 9 unit s 
representin g phonologica l  outpu t  a s i n Simulatio n 1 ;  ther e 
als o wer e 8 0 hidde n unit s an d 2 7 orthographi c inpu t  units . 
Inpu t  unit s wer e connecte d t o al l  hidde n an d outpu t  units . 
The hidde n unit s wer e full y connecte d t o eac h other ,  an d t o 
th e outpu t  units .  Similarly ,  th e outpu t  unit s wer e full y 
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connecte d t o eac h othe r  an d t o al l  hidde n units .  Biase s wer e 
connecte d t o al l  non-inpu t  units . 

Training Regime 

A se t  o f  input-outpu t  pair s wa s prepared .  Th e inpu t  form s 
consiste d o f  orthographi c string s correspondin g t o th e 
spellin g o f  th e word s fro m Simulatio n 1 .  Th e outpu t  form s 
wer e th e featur e value s fo r  th e phonologica l  representation s 
of  th e words .  Th e networ k wa s recurrent ,  an d ha d t o hol d 
th e outpu t  valu e ove r  tim e i n a  stabl e state . 

Letter s wer e presente d seriall y  ove r  th e 2 7 inpu t  units , 
whic h provide d a  localis t  encodin g o f  th e alphabet ,  wit h a n 
additiona l  uni t  indicatin g whethe r  th e inpu t  i s  a  nul l 
characte r  o r  not .  A  nul l  characte r  wa s represente d b y 
turnin g unit s 1-2 6 of f  an d uni t  2 7 on .  Thu s fo r  th e wor d 
C A T,  th e networ k woul d activat e th e uni t  correspondin g t o 
C a t  tim e 0 ,  A  a t  tim e 1 ,  an d T  a t  tim e 2 .  Al l  othe r  unit s ar e 
turne d of f  (outpu t  a  valu e o f  -1) .  Eac h uni t  i n th e networ k 
compute s it s nex t  valu e a s th e weighte d su m o f  th e curren t 
output s o f  al l  unit s tha t  ar e connecte d t o it . 

U p on presentatio n o f  th e fina l  character ,  a n erro r  signa l  i s 
computed ,  whic h i s th e square d differenc e betwee n th e 
targe t  valu e fo r  tha t  uni t  an d th e unit' s  actua l  outpu t  valu e a t 
tha t  tim e step .  Thi s erro r  i s use d t o accumulat e change s t o 
th e weigh t  matri x W agai n usin g backpro p throug h time . 

For  tw o tim e step s followin g th e presentatio n o f  th e las t 
character ,  a  nul l  characte r  i s presente d t o th e inpu t  unit s o f 
th e network ,  an d inpu t  i s  propagate d throug h th e ne t  a s 
before .  Erro r  signal s ar e compute d fo r  thes e las t  tw o tim e 
step s i n th e sam e way ;  th e square d differenc e betwee n th e 
targe t  outpu t  an d th e actua l  outpu t  a t  thos e tim e step s i s 
calculated ,  an d agai n thi s erro r  signa l  i s  use d t o updat e th e 
weigh t  matrix .  Thu s fo r  a  wor d o f  k  letters ,  w e clampe d th e 
inpu t  unit s wit h th e representatio n o f  characte r  t  durin g tim e 
step s r=[0,Jfc-l] ,  an d a  nul l  characte r  fo r  tim e step s t=[lc,k+l] . 
Erro r  wa s injecte d an d propagate d throug h th e networ k t o 
updat e th e weigh t  matri x durin g tim e step s r=[Jk-l,)fc+l] . 

Presentin g th e letter s seriall y  allowe d th e networ k t o 
captur e phonologica l  regularitie s (e.g. ,  tha t  T  ca n b e 
followe d b y H  but  no t  th e reverse) .  Ideally ,  th e networ k 
inpu t  patter n o f  T H shoul d develo p a  stat e transitio n withi n 
th e hidde n unit s tha t  ha s c o m m o n component s acros s word s 
lik e TfflS ,  O T H E R,  et c (Plau t  &  McCleUand ,  1993) .  Suc h 
commonaltie s ar e difficul t  t o represen t  i n th e slot-base d 
orthographi c representation s use d i n man y othe r  model s 
(e.g. ,  Daughert y &  Seidenberg ,  1992) . 

Testing Procedure 

Thre e network s wit h identica l  architectures ,  trainin g sets , 
an d trainin g regimen s but  differen t  initia l  weight s wer e 
evaluated .  Al l  weight s i n th e thre e network s wer e first 
randomize d t o value s distribute d normally  betwee n - 1 an d 1 . 
For  th e structure d networ k (SN) ,  th e weight s betwee n al l  o f 
th e phonologica l  outpu t  unit s (an d thei r  respectiv e biases ) 
wer e initialize d t o th e value s tha t  wer e th e outcom e o f 
Simulatio n 1 .  Thes e weight s wer e scale d d o w n b y a 
constan t  factor ,  du e t o th e greate r  fan-i n o f  th e orthographi c 
tas k network .  Fo r  th e unstructure d networ k ( U N ) ,  th e 
randoml y generate d se t  o f  weight s wer e retained .  Th e 
standar d deviatio n o f  thes e tw o set s o f  weight s differed . 

owin g t o th e tendenc y o f  th e Simulatio n 1  ne t  t o pus h 
weight s t o extrem e positiv e o r  negativ e values .  I n orde r  t o 
ensur e tha t  thi s differenc e betwee n th e network s wa s no t  th e 
caus e o f  an y observe d difference s i n performance ,  a  third , 
contro l  networ k (CN )  wa s se t  up ,  usin g weight s tha t  wer e a 
rando m permutatio n o f  thos e foun d i n th e structure d 
network . 

Results 

Figur e 2  compare s th e thre e reading  tas k network s i n term s 
of  thei r  abilit y t o lear n th e trainin g set .  Th e structure d 
networ k learne d th e targe t  pronunciation s faste r  tha n th e 
othe r  two ,  an d reache d a  higher  asymptoti c leve l  o f 
performanc e a s well .  Figur e 3  show s th e numbe r  o f 
utterance s produce d b y th e thre e network s containin g 
nonexisten t  phoneme s (i.e. ,  illega l  combination s o f 
features) .  Th e structure d networ k wa s m u c h bette r  a t 
producin g well-forme d (thoug h sometime s incorrect )  outpu t 
patterns . 

Correc t  Utterance s Produce d 
100 

T V ^ A Z 

9.  4 0 -

Unstructure d 
Structure d 

••• •  Contro l 

—I  1  1 
200 0 400 0 600 0 800 0 

Iteration 

Figur e 2 " 

Figure 4 shows a histogram of errors for the structured 
and randomize d networks ,  broke n d o w n b y whic h segmen t 
cause d th e error .  7 4 % o f  th e error s mad e b y th e structure d 
net  occu r  i n th e vowel ,  wit h onl y 1 4 % occurrin g withi n th e 
first  consonan t  an d th e remainde r  i n th e final  consonant . 
Further ,  th e majorit y o f  th e error s withi n th e vowe l  segmen t 
wer e cause d b y a  singl e feature .  I n contrast ,  th e unstructure d 
networ k mad e 4 6 % o f  it s error s i n th e initia l  consonant , 
4 2 % i n th e vowel ,  an d 1 2 % i n th e trailin g consonant .  Th e 
unstructure d networ k ha s a  muc h wide r  distributio n o f  erro r 
types ,  whil e th e structure d networ k exhibit s mor e systemati c 
errors . 

A se t  o f  5 3 nonword s wa s use d t o asses s th e 
generalizatio n performanc e o f  th e structure d an d 
unstructure d networks .  Nonwor d pronunciatio n i s difficul t 
t o asses s becaus e huma n subject s ofte n generat e multipl e 
pronunciations ,  wherea s th e mode l  onl y produce s on e 
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(Seidenberg et al, 1994). Overall, the structured and 
unstructure d network s generate d approximatel y th e sam e 
number  o f  incorrec t  utterances .  However ,  th e unstructure d 
networ k produce d fa r  mor e word s containin g illega l 
phonologica l  segment s (9/53 )  tha n th e structure d networ k 
(2/53) .  Further ,  i n th e nonwor d test ,  bot h network s followe d 
a patter n ver y simila r  t o tha t  see n i n th e trainin g set :  th e 
structure d network' s error s wer e focuse d o n th e vowels , 
whil e th e unstructure d networ k exhibite d a  wide r 
distributio n o f  erro r  types ,  bein g divide d almos t  equall y 
betwee n error s i n th e firs t  consonan t  an d error s i n th e vowel . 

Distributio n o f  Error s b y Segmen t 
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I n summary ,  a  simpl e recurren t  backpropagatio n networ k 
performe d bette r  o n th e tas k o f  masterin g th e 
correspondence s betwee n spellin g an d pronunciatio n whe n 

i t  wa s provide d wit h prio r  informatio n aoou i  pnonuiugica i 
structur e tha n whe n i t  wa s not .  Prestructurin g th e networ k 
di d no t  provid e direc t  informatio n abou t  orthographic -
phonologica l  correspondences ;  rather ,  i t  provide d 
constraint s o n th e structur e o f  targe t  phonologica l  patterns . 
Thi s allowe d th e limite d resource s tha t  wer e availabl e t o b e 
focuse d o n th e mai n proble m o f  learnin g orthographic -
phonologica l  correspondences .  Th e chil d w h o i s learnin g t o 
rea d i s comparabl e t o a  prestructure d networ k i n th e sens e 
tha t  he/sh e alread y possesse s extensiv e knowledg e o f  th e 
soun d structur e o f  language .  I n fact ,  ther e i s goo d evidenc e 
tha t  succes s i n learnin g t o rea d i s  relate d t o preliterat e 
phonologica l  knowledg e (Goug h e t  al. ,  1992) .  Childre n 
w ho perfor m wel l  o n so-calle d "phonologica l  awareness " 
tasks ,  suc h a s decidin g i f  tw o word s rhym e o r  deletin g a 
soun d fro m a  wor d ("sa y SPLI T withou t  th e P") ,  acquir e 
earl y wor d decodin g skill s  mor e rapidly .  Th e simulation s 
provid e a  simpl e explanatio n fo r  w h y thi s woul d occur . 

Mor e generally ,  th e simulation s sugges t  tha t  connectionis t 
network s ca n provid e bette r  simulation s o f  huma n behavio r 
by bein g mor e realisti c abou t  th e stat e o f  people' s 
knowledg e a t  th e onse t  o f  learning .  Connectionis t  model s 
ten d t o rel y o n th e brut e forc e powe r  o f  th e learnin g 
algorith m t o encod e generalization s i n a  proble m domain . 
By ignorin g relevan t  pre-existin g knowledge ,  thes e 
network s creat e learnin g problem s tha t  ar e mor e difficul t 
tha n necessary .  Thi s m a y accoun t  i n par t  fo r  th e relativel y 
poo r  performanc e o f  som e connectionis t  network s compare d 
t o people .  Thi s als o contribute s t o th e impressio n tha t  th e 
connectionis t  approac h i s incompatibl e wit h th e existenc e o f 
a prior i  constraints .  Th e presen t  researc h suggest s instea d 
tha t  th e approac h provide s a  wa y t o explor e th e rol e o f 
biologica l  an d othe r  type s o f  constraint s (Seidenberg ,  1992) . 

The simulation s w e hav e describe d ar e limite d i n severa l 
respect s tha t  shoul d b e acknowledged .  Th e purpos e o f  th e 
simulation s wa s t o examin e th e rol e o f  constraint s o n a 
simpl e kin d o f  learning .  Th e network s tha t  wer e use d d o no t 
represen t  genera l  solution s t o th e spelling-soun d mappin g 
problem ,  whic h entail s othe r  issue s no t  addresse d here . 
Thus ,  fo r  example ,  eve n th e prestructure d model' s nonwor d 
performanc e wa s no t  a s goo d a s tha t  reporte d b y Plau t  e t  al . 
(T994) .  Thi s i s du e t o factor s suc h a s th e limite d siz e o f  th e 
trainin g corpu s tha t  wer e no t  immediatel y relevan t  t o th e 
constrain t  issue .  M u c h bette r  performanc e coul d b e 
£i^ieve d usin g extension s o f  th e network s w e hav e 
describe d here ,  however .  I n addirion ,  th e simulation s 
examine d th e effect s o f  constraint s tha t  wer e derive d fro m 
th e pretrainin g experience ,  whic h represent s a  simplificatio n 
of  th e situatio n confrontin g th e beginnin g reade r  i n a n 
importan t  sense .  Th e child' s knowledg e o f  phonolog y i s 
base d i n par t  o n experience ,  i.e .  exposur e t o a  spoke n 
language .  Th e chil d mus t  lear n abou t  th e inventor y o f 
phonemes tha t  th e languag e happen s t o us e an d constraint s 
on th e orde r  o f  phonemes .  However ,  thi s learnin g i s furthe r 
constraine d b y huma n perceptua l  an d moto r  capacities . 
Becaus e o f  thes e biologica l  constraints ,  onl y som e 
phonemes an d phonem e sequence s ar e possible .  W e hav e 
not  attempte d t o separat e th e effect s o f  thes e innat e 
constraint s fro m th e effect s o f  prio r  experienc e wit h th e 
language ,  bu t  thi s i s a n obviou s ste p fo r  futur e research .  I n 
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thi s wa y connectionis t  model s migh t  contribut e t o 
understandin g ho w differen t  type s o f  constraint s influenc e 
human learning . 
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