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Abstrac t 

This paper describes a model that learns to pronounce English 
words .  Learnin g occur s i n tw o modules :  1 )  a  rule-base d mod -
ul e tha t  construct s pronunciation s b y phoneti c analysi s o f  th e 
lette r  string ,  an d 2 )  a  whole-wor d modul e tha t  leam s t o asso -
ciat e subset s o f  letter s t o th e pronunciation ,  withou t  phoneti c 
analysis .  I n a  simulatio n o n a  corpu s o f  ove r  30 0 word s th e 
model  produce d pronunciatio n latencie s consisten t  wit h th e ef -
fect s o f  wor d frequenc y an d orthographi c regularit y observe d 
i n huma n data .  Imphcation s o f  th e mode l  fo r  theorie s o f  visua l 
wor d processin g an d readin g instructio n ar e discussed . 

Introduction 

Masterin g Englis h wor d pronunciatio n i s mad e difficul t  b y th e 
many inconsistencie s i n Englis h spellin g t o soun d correspon -
dences .  A s a  result ,  th e skille d reade r  o f  Englis h canno t  b e 
conten t  wit h learnin g a  smal l  se t  o f  generall y applicabl e rules , 
but  instea d mus t  maste r  a  larg e numbe r  o f  highl y specifi c 
rule s an d thei r  exceptions .  Fo r  example ,  a  rul e tha t  woul d 
pronounc e th e wor d 'bough '  woul d hav e t o specif y th e entir e 
wor d t o distinguis h i t  fro m 'rough '  o r  'through. '  I t  i s no t 
surprisin g tha t  man y childre n hav e grea t  difficult y learnin g t o 
rea d English ,  an d man y adult s remai n poo r  readers .  I f  w e un -
derstoo d ho w knowledg e abou t  pronunciatio n wa s acquire d 
and represented ,  i t  migh t  b e possibl e t o desig n mor e effectiv e 
instructiona l  techniques . 

Our  understandin g o f  ho w pronunciatio n knowledg e i s 
learne d an d represente d ca n b e furthere d b y modelin g th e 
proces s wit h th e goa l  o f  simulatin g th e behavio r  o f  th e hu -
man learner .  Thi s approac h ha s bee n take n b y Colthear t  e t  a l 
(1993) ,  Seidenber g &  McClellan d (1989) ,  an d Seidenber g e t 
al  (1995) .  Th e mode l  o f  Colthear t  e t  a l  (1993 )  learn s sym -
boli c pronunciatio n rule s whic h specif y letter-phonem e cor -
respondence s fo r  specifi c  lette r  contexts .  Eac h rul e receive s a 
weigh t  proportiona l  t o th e numbe r  o f  differen t  word s i n whic h 
th e rul e applies .  Thi s procedur e weight s letter-phonem e cor -
respondence s o n th e basi s o f  thei r  predictiv e valu e acros s 
words ,  rathe r  tha n o n th e frequenc y o f  occurrenc e alone .  Thi s 
model  generate s correc t  pronunciation s fo r  a  larg e proportio n 
of  Englis h words . 

The model s o f  Seidenber g &  McClellan d (1989 )  an d Sei -
denber g e t  a l  (1995 )  lear n t o pronounc e word s b y adjustin g 
th e weight s betwee n wor d feature s an d phonem e unit s i n a 
connectionis t  network .  Thei r  model s ar e sensitiv e t o th e rel -
ativ e frequenc y o f  specifi c  letter-phonem e correspondence s 
i n specifi c  contexts .  Bot h Seidenber g &  McClellan d (1989 ) 
and Seidenber g e t  a l  (1995 )  trai n thei r  system s b y presentin g 

word s i n proportio n t o thei r  (log )  frequenc y o f  occurrenc e i n 
Englis h text .  Thus ,  weight s i n thei r  model s ar e sensitiv e t o 
bot h th e regularit y acros s word s an d th e frequencie s o f  th e 
individua l  word s i n whic h specifi c  mapping s appear .  Th e tw o 
connectionis t  model s diffe r  considerably ,  bu t  eac h ha s bee n 
successfu l  i n accountin g fo r  importan t  regularitie s i n isolate d 
wor d an d nonwor d pronunciation ,  demonstratin g tha t  a  uni -
for m proces s o f  phoneti c analysi s ca n simulat e a  divers e rang e 
of  huma n pronunciatio n data . 

I n general ,  however ,  th e psychologica l  literatur e suggest s 
tha t  multipl e distinc t  memor y system s ar e involve d i n learn -
in g comple x task s (se e Baddeley  1990) .  Researcher s i n read -
in g hav e lon g debate d th e rol e o f  phoneti c analysi s an d vi -
sual  recognitio n i n readin g individua l  word s (e.g. ,  Paa p e t  a l 
1987) .  Difference s i n learnin g strateg y o r  abilit y  ca n resul t 
i n differen t  pattern s o f  performance .  Teachin g method s hav e 
tende d t o reflec t  th e changin g preference s fo r  phoneti c anal -
ysi s vs .  whole-wor d recognitio n wit h littl e understandin g o f 
ho w thi s affect s readin g fluency. 

I n thi s pape r  w e repor t  result s o f  simulation s tha t  explor e 
ho w multipl e learnin g algorithm s coul d cooperat e t o lear n 
t o pronounc e a  larg e corpu s o f  Englis h words .  Becaus e w e 
ultimatel y simulat e th e acquisitio n o f  readin g skil l  unde r  dif -
feren t  instructiona l  techniques ,  w e choos e a n architectur e tha t 
can captur e th e contributio n o f  bot h phoneti c analysi s an d 
whole-wor d techniques .  Learnin g proceed s i n tw o distinc t 
modules :  1 )  a  rule-base d modul e tha t  learn s specifi c  letter -
to-phonem e rules ,  an d 2 )  a  whole-wor d modul e tha t  leam s t o 
map wor d feature s t o th e complet e pronunciatio n withou t  pho -
neti c analysis .  Afte r  training ,  som e word s ar e pronounce d b y 
th e applicatio n o f  phoneti c rules ,  other s b y complet e o r  partia l 
mapping s o f  letter s t o whol e wor d pronunciations . 

Model Description 

The model is implemented in the Soar cognitive architecture 
(Newel l  1990) .  I n Soar ,  al l  knowledg e i s  store d i n long -
ter m memor y a s productions ,  whic h fire  whe n thei r  condi -
tion s ar e matche d b y element s i n workin g memory .  W h e n a 
productio n fires  it s outpu t  i s place d i n workin g memory .  I n 
Soar ,  production s propose ,  select ,  an d appl y operators ,  whic h 
ar e Soar' s basi c unit s fo r  modifyin g interna l  representations . 
W h en a  Soa r  mode l  initiall y  encounter s a  problem ,  i t  ma y 
not  ye t  hav e th e production s neede d t o propos e o r  selec t  th e 
appropriat e operator .  A t  thi s point ,  Soa r  reache s a n impass e 
and mus t  creat e a  subgoa l  i n whic h othe r  existin g knowledg e 
can b e use d t o resolv e th e impasse .  Fo r  example ,  Soa r  ma y 
engag e i n look-ahea d searc h b y tryin g ou t  on e o f  th e com -
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petin g operator s t o se e i f  i t  produce s a  familia r  word .  Soa r 
learn s b y resolvin g impasses .  Onc e a n impass e i s resolved , 
th e subgoa l  knowledg e use d i n th e resolutio n i s "chunked " 
int o a  singl e productio n whic h wil l  the n immediatel y fir e th e 
nex t  tim e th e sam e proble m i s encountered .  Sinc e a  chun k 
summarize s th e performanc e o f  severa l  operators ,  chunkin g 
produce s mor e efficien t  processin g resultin g i n a  speed-u p 
i n performance .  Also ,  dependin g o n th e generalit y o f  th e 
chunke d production ,  th e selectio n knowledg e m a y transfe r  t o 
simila r  problems .  Soar' s chunkin g mechanis m i s th e basi s fo r 
our  model' s learnin g algorithms . 

Th e importan t  functionalit y o f  th e mode l  i s containe d i n 
tw o modules :  th e rule-base d module ,  an d th e whole-wor d 
module .  Th e rule-base d modul e attempt s t o construc t  a  pro -
nunciatio n b y phoneti c analysis .  Knowledg e abou t  letter -
phoneme correspondence s ar e store d a s rule s tha t  produc e 
phonemes give n a  lette r  context .  Prio r  t o training ,  th e rule -
base d modul e i s give n rule s fo r  al l  individua l  letter-phonem e 
correspondence s (includin g lette r  pairs ,  suc h a s 'th, '  tha t  m a p 
ont o singl e phonemes) .  Thes e rule s ar e no t  sufficien t  t o reli -
abl y construc t  pronunciations .  Al l  vowel s an d som e conso -
nant s hav e mor e tha n on e phonem e correspondence ,  an d th e 
model  mus t  lear n t o resolv e thi s ambiguit y b y learnin g rule s 
fo r  choosin g th e correc t  phoneme .  Th e greate r  th e consis -
tenc y i n letter-phonem e mappin g fo r  a  particula r  context ,  th e 
greate r  th e opportunit y fo r  learnin g rule s tha t  generaliz e t o 
othe r  words . 

Th e whole-wor d modul e begin s wit h n o domai n knowl -
edge .  Durin g training ,  it s algorith m wil l  creat e rule s whic h 
m ap on e o r  mor e o f  th e letter s i n a  wor d t o th e entir e pronun -
ciatio n fo r  th e word . 

To describ e th e model' s functioning ,  conside r  h o w th e 
model  migh t  lear n t o pronounc e it s firs t  word ,  'dog '  [/dog/ ] 
(th e phoneti c notatio n use d i n Seidenber g &  McClelland ,  198 9 
wil l  b e use d throughout) .  Th e mode l  firs t  attempt s t o matc h 
a pronunciatio n productio n t o th e entir e lette r  strin g ('dog') . 
Wit h sufficien t  exposur e t o a  wor d ther e i s a  hig h likelihoo d 
tha t  a  chun k wil l  hav e bee n create d tha t  associate s th e entir e 
lette r  strin g t o th e correc t  pronunciation .  I f  so ,  th e mode l 
produce s th e pronunciatio n i n th e m i n i m u m numbe r  o f  steps . 
I f  n o suc h chun k exists ,  a s i s th e cas e upo n initia l  presenta -
tio n o f  a  word ,  a n impass e result s an d th e mode l  firs t  trie s 
t o construc t  a  pronunciatio n b y phoneti c analysi s i n th e rul e 
system . 

I n th e rul e system ,  phoneti c analysi s proceed s b y succes -
sivel y selectin g a  phonem e fo r  eac h lette r  workin g fro m th e 
beginnin g o f  th e wor d t o th e end .  A n inde x pointe r  i s se t 
t o th e firs t  lette r  ('d' )  an d rule s tha t  assig n phonem e value s 
t o th e lette r  'd '  ar e proposed .  Sinc e ther e ar e som e doubl e 
letter s tha t  m a p ont o singl e phoneme s (e.g. ,  'th '  —•  /T/ )  an d 
sinc e prio r  learnin g m a y hav e produce d rule s whic h conside r 
th e subsequen t  lette r  context ,  rule s tha t  m a p 'do '  an d 'dog ' 
ar e als o matched .  Rule s whic h matc h a  large r  contex t  ar e 
preferred ,  thereb y creatin g a  bia s i n favo r  o f  rule s wit h mor e 
specifi c  context-sensitiv e assignment s durin g learning .  A t  th e 
outset ,  however ,  ther e ar e n o mor e specifi c  rule s fo r  th e 'd '  i n 
'dog '  an d give n tha t  *d '  i s  unambiguous ,  th e phonem e /d /  i s 
chose n a s th e firs t  phoneme ,  an d th e inde x pointe r  update d t o 
th e 'o' . 

Th e vowe l  "o '  ha s severa l  phoneti c realizations .  A n im -

pass e i s reache d becaus e ther e i s n o knowledg e ye t  t o us e 
t o selec t  on e o f  th e options .  A  subgoa l  i s  create d t o resolv e 
thi s impasse .  I n th e curren t  implementation ,  operator s i n th e 
subgoa l  choos e randoml y fro m th e se t  o f  possibl e phoneme s 
and the n attemp t  t o complet e th e wor d pronunciation .  I f 
th e correc t  pronunciatio n i s generated ,  th e mode l  learn s b y 
associatin g th e correc t  pronunciatio n o f  th e 'o '  wit h th e sub -
sequen t  tw o letters .  Fo r  th e 'o '  i n 'dog '  i t  wil l  buil d a  rul e 
tha t  prefer s th e phonem e lo l  fo r  th e lette r  'o '  whe n followe d 
by a  word-fina l  'g' . 

I f  th e mode l  choose s correctl y i n thi s subgoal ,  i t  return s 
th e correc t  phonem e fo r  'o '  t o th e phoneti c analysi s subgoal . 
I f  th e mode l  choose s incorrectly ,  ou r  curren t  implementatio n 
expend s n o furthe r  resource s an d simpl y guesse s amon g th e 
remainin g operators .  I n eithe r  case ,  th e inde x pointe r  ad -
vance s t o 'g' ,  whic h ca n eithe r  b e realize d a s a  har d o r  sof t 
'g' .  Again ,  a n impass e result s an d th e subgoa l  proces s i s 
repeate d fo r  'g' . 

I f  th e rule-base d modul e correctl y assemble s th e pronunci -
ation ,  i t  summarize s it s processin g b y buildin g a  chun k tha t 
produce s /dog /  fro m 'dog' .  I t  ma y als o hav e buil t  a  rul e t o 
pronounc e 'o '  whe n followe d b y word-fina l  'g '  and/o r  a  rul e 
t o pronounc e word-fina l  'g' .  Th e chance s o f  correctl y pro -
nouncin g 'dog '  o n th e first  tr y ar e abou t  1  i n 12 .  Th e initia l 
set  o f  letter-phonem e rule s specif y 6  alternat e phoneme s fo r 
'o '  an d 2  fo r  'g' .  Bot h mapping s mus t  b e correctl y assigne d 
befor e learnin g wil l  occur .  Likewise ,  th e rul e fo r  "o '  followe d 
by word-fina l  'g '  ha s a  1  i n 1 2 chanc e o f  bein g learned ,  sinc e 
agai n bot h mapping s mus t  b e correctl y assigned .  Th e final  'g ' 
rul e howeve r  ha s a  1  i n 2  chanc e o f  bein g learned .  I n general , 
our  mode l  i s biase d t o resolv e ambiguitie s a t  o r  nea r  th e en d 
of  a  wor d befor e thos e a t  o r  nea r  th e beginning . 

Repeate d exposure s t o th e wor d 'dog '  wil l  increas e th e like -
lihoo d o f  on e o r  mor e o f  th e rule s bein g learned .  Likewise , 
repeate d exposur e t o word s wit h word-fina l  'g '  an d wit h word -
final  og '  wil l  eventuall y produc e rule s tha t  resolv e thos e am -
biguities .  Thus ,  wit h a  fe w exposure s t o 'dog '  an d 'log '  ther e 
i s a  reasonabl e probabilit y  o f  quickl y generatin g pronunci -
ation s fo r  'bog' ,  'cog '  an d eve n nonword s suc h a s 'mog' . 
The mode l  wil l  lear n les s usefu l  chunk s i f  initiall y  expose d t o 
many word s wit h irregula r  letter-phonem e correspondences . 
Sinc e th e mor e regula r  letter-phonem e correspondence s oc -
cur  mor e ofte n b y definition ,  ther e i s a  greate r  probabilit y  o f 
learnin g regula r  correspondence s i n th e rule-base d module . 

Initially ,  th e chanc e o f  correctl y pronouncin g a  wor d i s 
small ,  eve n fo r  a  ver y regula r  wor d lik e 'dog' .  I f  th e phoneti c 
analysi s fail s  th e whole-wor d modul e attempt s t o generat e a 
pronunciation .  Th e algorith m use d i n th e whole-wor d modul e 
i s adapte d fro m th e Symboli c Categor y Acquisitio n (SCA )  al -
gorith m o f  Mille r  (1993) .  Inpu t  t o S C A i s a n objec t  define d b y 
features ;  outpu t  i s  a  categor y t o whic h th e objec t  i s  assigne d 
base d o n th e se t  o f  features .  Here ,  S C A treat s th e letter s 
i n a  wor d a s features ,  an d th e pronunciatio n a s th e category . 
As trainin g progresse s S C A build s production s tha t  m a p a n 
increasin g numbe r  o f  letter s i n a  wor d t o th e pronunciation . 
I n thi s way ,  repeate d exposur e lead s t o mor e specifi c  produc -
tions ,  unti l  a t  th e en d ther e i s a  productio n tha t  associate s 
th e entir e lette r  strin g wit h th e correc t  pronunciation .  I t  i s 
possibl e t o lear n t o pronounc e a  wor d solel y b y th e whole -
wor d module .  Onc e ther e i s a  chun k tha t  matche s th e entir e 
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lette r  strin g tha t  chun k wil l  fire  i n th e first  stag e o f  process -
in g an d wil l  b e pronounce d i n m in imu m lime ,  regardles s o f 
whethe r  tha t  chun k wa s create d i n th e rule-base d modul e o r 
th e whole-wor d module . 

Becaus e lette r  string s ar e alway s bein g matche d t o whol e 
pronunciations ,  th e whole-wor d syste m doe s no t  lear n pro -
duction s o f  genera l  utilit y  I n contrast ,  production s i n th e 
rule-base d syste m specif y singl e lette r  pronunciation s fo r  spe -
cifi c  context s tha t  ca n appea r  i n man y words .  Thi s distinctio n 
capture s a n importan t  differenc e betwee n whole-wor d readin g 
and phoneti c analysis . 

Simulation 

We evaluated the model by training it on a corpus of words 
of  varyin g frequenc y an d orthographi c regularity .  Th e com -
bine d effect s o f  wor d frequenc y an d orthographi c regularit y 
produc e a  highl y reliabl e patter n o f  pronunciatio n time s i n 
human data .  Hig h frequenc y word s ar e pronounce d mor e 
rapidl y tha n lo w frequenc y words .  Orthographicall y regu -
la r  lo w frequenc y word s ar e pronounce d mor e rapidl y tha n 
orthographicall y irregula r  lo w frequenc y words .  But ,  regu -
larit y ha s n o effec t  o n hig h frequenc y words ,  man y o f  whic h 
ar e irregular .  I f  ou r  mode l  correctl y simulate s pronunciatio n 
difficulty ,  the n i t  shoul d produc e pronunciatio n latencie s tha t 
at  leas t  preserv e th e ordina l  relationship s see n i n th e huma n 
data . 

We us e th e numbe r  o f  Soa r  operator s selecte d a s a  measur e 
of  pronunciatio n latency .  Th e greate r  th e numbe r  o f  operator s 
require d fo r  a  task ,  th e greate r  th e difficult y and ,  hence ,  th e 
greate r  th e latency .  Ou r  mode l  require s a  m i n i m u m o f  2 
operator s fo r  a  full y  learne d word :  on e t o perceiv e th e lette r 
string ,  an d on e t o generat e th e pronunciation .  I f  a  wor d 
i s no t  full y  learned ,  additiona l  operator s wil l  b e neede d fo r 
th e phoneti c analysi s an d th e whole-wor d generation .  Th e 
max imu m numbe r  o f  operator s depend s o n th e natur e o f  th e 
inpu t  an d prio r  exposur e an d canno t  b e calculate d directly . 
The m a x i m u m observe d i n thi s simulatio n wa s 4 6 operators . 

J.  McClellan d graciousl y provide d u s wit h th e wor d lis t 
use d b y Seidenber g &  McClellan d (1989) .  W e create d a 
wor d lis t  containin g regula r  an d exceptio n word s b y selectin g 
item s fro m th e Seidenber g &  McClellan d wor d lis t  tha t  ha d 
alread y bee n categorize d o n th e basi s o f  orthographi c regu -
larit y (se e Seidenber g &  McClelland ,  1989) .  Consisten t  an d 
regula r  word s hav e regula r  orthograph y an d wer e bot h cate -
gorize d a s regular .  Exceptio n word s an d som e strang e word s 
(e.g .  'aisle' )  hav e irregula r  orthograph y an d wer e groupe d to -
gethe r  a s exceptio n words .  Th e strang e word s wit h consistent , 
regula r  orthograph y (e.g .  'yelp' )  wer e categorize d a s regular . 
Thi s yielde d a  tota l  o f  20 8 regula r  word s an d 12 7 exceptio n 
words . 

To simulat e wor d frequency ,  th e numbe r  o f  exposure s t o 
eac h wor d wa s determine d b y dividin g it s lo g frequenc y b y 
th e lo g frequenc y o f  th e leas t  frequen t  word .  Thi s procedur e 
maintain s th e rati o o f  lo g frequencie s betwee n words .  Fo r 
analysis ,  th e resultin g frequenc y ratio s wer e the n partitione d 
int o thre e equall y space d frequenc y categories .  Eac h wor d 
was thu s categorize d a s a  'high '  'medium '  o r  'low '  frequenc y 
word .  Th e resultin g lis t  wa s randomize d t o avoi d biasin g th e 
model  b y systemati c presentatio n effects .  Fiv e repetition s o f 
th e lis t  wer e ru n an d statistic s compute d afte r  eac h run . 

Tabl e 1 :  Mode l  Latencie s b y Frequenc y 

Pre q Regula r  Exceptio n E- R 
L o w 
Med 
Hig h 

10.1 2 
3.5 0 
2.2 7 

12.2 0 
4.2 2 
2.3 4 

2.0 8 
.7 2 
.0 7 

Tabl e 2 :  Mode l  Latencie s b y Trainin g Cycl e 

Fre q 
Low 

Med 

Hig h 

Run 
1 
2 
3 
4 
5 
1 
2 
3 
4 
5 
1 
2 
3 
4 
5 

Regula r 
20.0 4 
11.5 0 
7.7 1 
6.1 3 
5.2 6 
8.8 6 
2.6 7 
2.0 0 
2.0 0 
2.0 0 
3.3 3 
2.0 0 
2.0 0 
2.0 0 
2.0 0 

Exceptio n 
21.6 7 
14.1 5 
10.2 8 
8.2 6 
6.6 4 
12.6 3 
2.5 0 
2.0 0 
2.0 0 
2.0 0 
3.7 0 
2.0 0 
2.0 0 
2.0 0 
2.0 0 

E-R 
1.6 3 
2.6 5 
2.5 1 
2.1 3 
1.3 8 
3.7 7 
-.1 7 
0 
0 
0 

.4 3 
0 
0 
0 
0 

Tabl e 1  show s a  frequenc y b y regularit y interactio n simila r 
t o tha t  see n i n th e huma n data .  Th e advantag e o f  regular -
it y see n fo r  lo w frequenc y word s i s systematicall y reduce d 
wit h increasin g frequency .  Tabl e 2  show s th e dat a broke n 
d o wn b y runs .  Th e advantag e o f  regularit y decrease s i n al l 
frequenc y group s a s th e numbe r  o f  run s increases .  However , 
thi s decreas e i s m u c h les s fo r  th e lowes t  frequenc y words . 
Interestingly ,  wit h enoug h exposur e al l  word s ar e pronounce d 
ver y quickly .  Thi s to o i s a  featur e o f  th e huma n data .  G o o d 
reader s d o no t  sho w th e effec t  o f  orthographi c regularit y fo r 
lo w frequenc y words ,  presumabl y becaus e the y hav e see n 
eve n moderatel y lo w frequenc y word s man y times .  Lik e ou r 
model ,  huma n reader s see m t o b e sensitiv e t o th e absolut e 
amount  o f  exposure ,  no t  jus t  t o th e relativ e frequency . 

The rule-base d syste m learn s chunk s tha t  resolv e lette r  am -
biguitie s b y lookin g a t  th e immediat e lette r  context .  Thes e 
rule s shoul d generaliz e t o word s wit h simila r  contexts ,  speed -
in g u p th e learnin g o f  ne w words .  Thi s tren d appear s i n 
Tabl e 2 .  I f  th e rule-base d syste m i s learnin g usefu l  chunks , 
generalizatio n shoul d b e mor e effectiv e wit h regula r  word s 
tha n exceptio n words .  Tabl e 3  show s tha t  5 9 % o f  th e cor -
rec t  recognition s occurre d i n th e rule-base d module ,  4 1 % i n 
th e whole-wor d module .  Th e conditiona l  probabilit y  o f  a 
rule-base d solutio n give n a  regula r  wor d wa s p(rul e |  regular ) 
= .66 ,  whil e p(whol e |  regular )  =  .34 .  Th e rule-base d sys -
te m pronounce d almos t  twic e a s man y regula r  word s a s th e 
whole-wor d module .  I n contrast ,  th e conditiona l  probabilitie s 
fo r  exceptio n word s was :  p(rul e |  exception )  =  .46 ,  p(whol e 
I  exception )  =  .54 .  Th e whole-wor d modul e pronounce d a 
slightl y greate r  proportio n o f  exceptio n word s tha n th e rule -
base d module .  Thi s i s consisten t  wit h ou r  initia l  expectatio n 
tha t  analysi s shoul d b e mor e effectiv e fo r  regula r  word s tha n 
fo r  irregula r  words . 
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Tabl e 3 :  Relativ e Frequenc y o f  Proces s Metho d 

Rule-Based Whole-Word 
Regula r 

Exceptio n 
.4 4 
.1 5 

.2 3 

.1 8 

D iscuss io n 

We have shown how even a simple two-process model can 
accoun t  fo r  importan t  aspect s o f  huma n dat a o n visua l  wor d 
pronunciation . 

O ne obviou s concer n i s tha t  w e hav e produce d onl y qualita -
tiv e fits,  relyin g o n th e overal l  similarit y o f  pattern s betwee n 
th e h u m a n respons e tim e result s an d operato r  count ,  whic h 
measure s th e computationa l  complexit y o f  th e proble m fo r 
our  Soa r  model .  A  relate d concer n i s tha t  th e mode l  learn s to o 
quickly .  Performanc e i s a t  asymptot e afte r  onl y 1 5 exposure s 
t o a  corpu s o f  ove r  30 0 words .  Surely ,  thi s exceed s huma n 
learnin g rates .  Consider ,  however ,  tha t  ther e ar e man y param -
eter s tha t  coul d b e adjuste d t o improv e th e correspondenc e t o 
response  tim e an d learnin g rat e data .  Changin g th e inpu t  fea -
ture s fro m letter s t o lette r  features ,  fo r  example ,  woul d alte r 
th e learnin g rat e o f  bot h modules ,  creat e chunk s tha t  mappe d 
fragment s o f  tw o letter s ont o a  phoneme ,  an d affec t  th e con -
text s ove r  whic h generalizatio n woul d occur .  Likewise ,  b y 
tinkerin g wit h th e phoneti c analysi s an d th e S C A algorith m 
we coul d fine  tun e th e numbe r  o f  operators .  Fo r  example , 
graduall y increasin g th e specificit y o f  th e chunk s wit h train -
in g woul d alte r  bot h th e learnin g rat e an d th e relativ e numbe r 
of  operator s fo r  regula r  an d exceptio n words .  A n d s o on .  Fo r 
presen t  purpose s thoug h w e deliberatel y avoide d th e tempta -
tio n t o adjus t  parameter s t o achiev e a  bette r  fit.  Becaus e w e 
ar e strivin g fo r  a  mode l  wit h breadt h tha t  coul d als o simulat e 
differen t  method s o f  readin g instruction ,  i t  seeme d pruden t  t o 
explor e a  ver y simple ,  straightforwar d architecture ,  an d no t 
risk  overfittin g b y arbitraril y  adjustin g parameters . 

A relianc e o n ordina l  fits  als o avoid s assumption s abou t 
th e relativ e scal e propertie s o f  respons e tim e an d operators . 
Newel l  (1990 )  derive s a  estimat e o f  60-12 0 mse c fo r  a  de -
cisio n cycl e whic h ha s prove n usefu l  i n fitting  dat a i n som e 
contexts .  Eac h decisio n cycl e represent s th e selectio n o f  a n 
operator ,  an d an y suc h estimatio n assume s tha t  eac h operato r 
take s a n approximatel y constan t  time .  Thi s approximatio n 
m ay fai l  becaus e i t  doe s no t  adequatel y reflec t  brai n process -
ing ,  o r  becaus e operator s withi n a  mode l  ar e no t  matche d fo r 
computationa l  complexity .  Ordina l  fits  mak e fewe r  poten -
tiall y  erroneou s assumptions . 

W h at  d o w e fee l  ar e th e theoreticall y importan t  feature s o f 
our  model ? Certainly ,  ther e i s a  theoretica l  stanc e take n i n 
usin g a  dual-rout e approach .  Becaus e w e wis h ultimatel y t o 
model  th e effect s o f  differen t  instructiona l  methods ,  i t  i s  im -
portan t  t o explor e th e hypothesi s tha t  the y produc e differen t 
interna l  representations .  Th e mode l  als o assert s tha t  phoneti c 
analysi s rule s ar e taught ,  no t  inferre d fro m practice .  Th e ef -
fec t  o f  practic e i s t o conditio n th e applicatio n o f  th e rules . 
Th e mode l  currentl y ha s n o wa y o f  creatin g phoneti c rule s 
withou t  explici t  knowledg e o f  th e individua l  letter-phonem e 
correspondences .  Withou t  thi s knowledg e al l  learnin g wil l 
be don e i n th e whole-wor d system ,  whos e rule s wil l  no t  gen -
eralize .  Thi s i s a  stron g assertion .  Late r  implementation s 

may rela x thi s t o enabl e th e mode l  t o reaso n abou t  th e pos -
sibl e letter-phonem e relationship s i n word s i t  ha s learne d i n 
th e whole-wor d module .  However ,  w e k n o w o f  n o dat a tha t 
woul d sugges t  tha t  suc h reasonin g i s don e implicitl y  whe n 
reading ,  no r  dat a tha t  woul d sugges t  tha t  th e rule s fo r  phoneti c 
analysi s ca n b e learne d implicitl y  fro m whole-wor d instruc -
tion/reading .  Ou r  curren t  hypothesi s i s tha t  i f  childre n ca n 
lear n phoneti c rule s b y inference ,  the n i t  i s  no t  a  by-produc t 
of  reading ,  bu t  a  separat e deliberat e process . 

Anothe r  featur e o f  th e mode l  i s th e assumptio n tha t  full y 
learne d word s ar e "recognized "  an d no t  pronounce d b y pho -
neti c analysis .  Phoneti c analysi s occur s onl y fo r  word s tha t 
hav e no t  bee n full y learned .  Wit h enoug h exposur e then , 
many word s wil l  b e pronounce d a s whole-words .  Currently , 
thi s exposur e i s i n term s o f  absolut e frequency .  Th e highe r 
a word' s frequency ,  th e mor e ofte n i t  i s  encountered ,  an d th e 
greate r  th e opportunit y fo r  on e o f  th e tw o syste m t o lear n i t 
completely .  Th e onl y effec t  o f  relativ e frequenc y i s t o alte r 
th e probabilit y  tha t  a  give n wor d wil l  b e encountered .  I t  i s  no t 
clea r  ye t  whethe r  th e stron g for m o f  thi s i s correct .  Th e evi -
denc e tha t  goo d reader s sho w n o differenc e i n pronunciatio n 
time s fo r  regula r  an d irregula r  word s suggest s tha t  th e abso -
lut e numbe r  o f  time s a  wor d i s encountere d i s important .  Ou r 
model  perhap s exaggerate s th e effec t  o f  absolut e frequenc y 
by learnin g s o quickly ,  bu t  thi s serve s th e usefu l  purpos e o f 
focusin g interes t  o n thi s facto r 

Finally ,  th e mode l  i s sensitiv e t o th e orde r  i n whic h i t  en -
counter s trainin g examples .  I f  give n regula r  words ,  i t  wil l 
lear n chunk s tha t  ca n b e usefull y generalized .  I f  first  expose d 
t o irregula r  words ,  th e chunk s wil l  b e les s useful .  Again , 
th e effec t  m a y b e exaggerate d b y th e simplicit y o f  th e model , 
but  thi s to o lead s t o interestin g an d testabl e prediction s fo r 
readin g instruction . 

A simpl e dua l  proces s mode l  o f  huma n visua l  wor d pro -
nunciatio n wa s presente d tha t  successfull y simulate s th e com -
bine d effect s o f  wor d frequenc y an d orthographi c regularity . 
The simplicit y o f  th e mode l  exaggerate s th e effect s o f  cer -
tai n factors ,  suc h a s absolut e frequenc y an d orde r  effect s i n 
training ,  providin g usefu l  insight s int o factor s whic h ma y als o 
affec t  h o w w e lear n t o read . 

Acknowledgements 

Thi s researc h wa s sponsore d i n par t  b y th e McDonnel l  Foun -
dation ,  Gran t  J S M F 91-34 ,  an d b y th e Markl e Foundation . 
The view s an d conclusion s containe d i n thi s documen t  ar e 
thos e o f  th e author s an d shoul d no t  b e interprete d a s repre -
sentin g th e officia l  policies ,  eithe r  expresse d o r  implied ,  o f 
th e McDonnel l  Foundatio n o r  th e Markl e Foundation . 

References 

Baddeley ,  A .  (1990) .  H u m a n Memory :  Theor y an d Practice . 
Boston ,  M A :  Ally n an d Bacon . 

Coltheart ,  M. ,  Curtis ,  B. ,  Atkins ,  R ,  &  Haller ,  M .  (1993) . 
Model s o f  readin g aloud :  Dual-rout e an d paralle l  dis -
tribute d processing .  Psychologica l  Review ,  100 ,  589 -
608 . 

Miller ,  C .  S .  (1993) .  Modelin g Concep t  Acquisitio n i n th e 
Contex t  o f  a  Unifie d Theor y o f  Cognition .  P h D thesis , 
Th e Universit y o f  Michigan .  Als o availabl e a s Technica l 
Repor t  CSE-TR-157-93 . 

718 



Newell ,  A .  (1990) .  Unifie d Theorie s o f  Cognition .  Cambridge , 
M A:  Harvar d Universit y Press . 

Paap,  K .  R. ,  McDonald ,  J .  E. ,  Schvaneveldt ,  R .  W. ,  &  Noel , 
R.  W.  (1987) .  Frequenc y an d pronounceabilit y  i n vi -
suall y presente d namin g an d lexica l  decisio n tasks .  I n 
Coltheart ,  M .  (Ed.) ,  Attentio n an d Performanc e Xll :  Th e 
Psycholog y o f  Reading .  Hillsdale ,  NJ :  Lawrenc e Erl -
bau m Associates . 

Seidenberg ,  M .  S .  &  McClelland .  J .  L .  (1989) .  A  distributed , 
developmenta l  mode l  o f  wor d recognitio n an d naming . 
Psychologica l  Review ,  96 ,  523-568 . 

Seidenberg ,  M .  S. ,  Plaut ,  D .  C ,  Peterson ,  A .  S. ,  McClelland , 
J.  L. ,  &  McRae ,  K .  (1994) .  Nonwor d pronunciatio n an d 
model s o f  wor d recognition .  Journa l  o f  Experimenta l 
Psychology :  Huma n Perceptio n an d Performance ,  20 , 
1177-1196 . 

719 


	Cogsci_1995_715-719



