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Abstrac t 
A connectionis t  mode l  o f  auditor y wor d perceptio n 
i n continuou s speec h i s  described .  Th e ai m i s t o 
model  psycholinguisti c data ,  wit h particula r 
reference  t o th e establishmen t  o f  lexica l  percepts . 
Ther e ar e n o loca l  representation s o f  individua l 
words :  feature-leve l  representation s ar e mappe d 
ont o phoneme-leve l  representations ,  wit h th e 
trainin g corpu s reflectin g th e distributio n o f 
phoneme s i n conversationa l  speech .  T w o 
architecture s ar e compare d fo r  thei r  abilit y t o 
discove r  structur e i n temporall y presente d input . 
Th e mode l  i s  applie d t o modellin g th e phonem e 
restoratio n effec t  an d phonem e monitorin g data . 

Introduction 

Th e recognitio n o f  a  spoke n wor d involve s correctl y 
matchin g som e representation  doive d from  th e acousti c 
input ,  ofte n o f  poo r  quality ,  wit h som e store d 
representation .  Th e natur e o f  th e recognitio n proble m i s 
partl y determine d b y th e frequenc y distributio n o f 
element s i n spoke n language .  Thi s pape r  present s a 
model  o f  h o w thes e distributiona l  statistic s ca n effec t  th e 
recognitio n o f  spoke n words .  Th e ai m i s t o captur e a s 
much o f  th e relevan t  psycholinguisti c dat a a s possibl e i n 
term s o f  statistica l  propertie s o f  stream s o f  phoneti c an d 
phonemi c input ,  withou t  advertin g directl y t o 
explanatio n a t  th e wor d leve l  ̂ 

T h e proces s o f  lexica l  acces s 

Speec h sound s arriv e ove r  tim e an d mus t  b e matche d 
agains t  s o m e kin d o f  store d representation . 
Psycholinguisti c theorie s hav e variousl y propose d tha t 
suc h inpu t  i s  represente d i n term s o f  features ,  phonemes , 
morphemes an d words .  Th e Cohor t  Mode l  (Marslen -
Wilso n &  Wels h 1978 ;  Marslen-Wilso n 1987 )  ha s 
generate d a  "lexicalist-localist "  traditio n i n whic h th e 
incomin g signa l  i s  see n a s directl y contactin g specifi c 

1 W e woul d lik e t o than k th e following :  Geof f  Lindse y 
fo r  advic e concernin g th e phonemi c an d featura l 
descriptions ,  Stev e Finc h fo r  assistanc e an d advic e wit h 
bigra m an d trigra m statistics ,  Ale x Monagha n fo r  th e us e 
of  th e C S T R text-to-phoneme s program ,  Elle n Bard , 
Henr y Thompso n an d Richar d Rohwe r  fo r  valuabl e 
discussion . 

lexica l  representations ,  whic h ar e activate d i n proportio n 
t o thei r  matc h wit h th e input .  Thes e activate d 
representation s the n compet e unti l  on e o f  the m i s 
uniquel y distinguishe d b y th e inpu t  and/o r  i s integrate d 
int o th e ongoin g interpretatio n o f  th e utterance .  Tha t  is ,  i t 
i s  assume d tha t  contactin g th e lexica l  entr y fo r  th e wor d 
automatic ,  fo r  instance ,  make s availabl e al l  o f  it s 
associate d informatio n (pronunciation ,  orthography , 
semantics ,  an d s o on )  an d tha t  onc e automati c i s alon e i n 
th e cohor t  (a t  som e poin t  durin g it s thir d syllable) ,  the n i t 
exclusivel y determine s processin g from  tha t  poin t  unti l 
th e en d o f  th e word . 
Withi n thi s approach ,  les s ha s bee n sai d abou t  th e 
developmen t  o f  th e representatio n whic h make s initia l 
contac t  wit h th e lexica l  entr y (/o/ ,  /at/ ,  /ota/.. .  fo r 
automatic) .  Ther e ar e differen t  claim s concernin g th e 
type s o f  informatio n whic h ma y influenc e th e activatio n 
of  lexica l  representations ,  th e effec t  o f  no n word-initia l 
partia l  matche s (/ot /  i n th e inpu t  matchin g porte r  o r  shor t 
i n th e lexicon) ,  th e mechanis m whic h mediate s 
competitio n betwee n activate d lexica l  representations , 
and th e continuin g rol e o f  representation s whic h ceas e t o 
matc h th e input .  However ,  on e computationall y explici t 
account ,  th e T R A C E mode l  (McClellan d &  Elma n 
1986) ,  base d o n th e earl y Cohor t  Model ,  ha s capture d 
many aspect s o f  huma n spoke n wor d recognitio n i n a 
principle d wa y an d represent s a  coheren t  stanc e o n th e 
issue s mentione d above .  Fo r  instance ,  constrainin g th e 
activatio n o f  lexica l  representation s an d segmentin g th e 
continuou s inpu t  ar e tw o majo r  issue s i n spoke n wor d 
recognition ,  an d T R A C E provide s a  computationall y 
explici t  answe r  t o both . 

Thre e aspect s o f  T R A C E sugges t  avenue s fo r  furthe r 
research .  First ,  th e implementatio n o f  T R A C E i s limite d 
t o 1 5 differen t  phonemes ;  i t  i s  desirabl e t o b e abl e t o 
model  th e ful l  scal e an d richnes s o f  huma n wor d 
recognitio n bot h t o handl e rea l  discours e an d t o b e abl e 
t o asses s th e model' s performanc e o n actua l  stimulu s 
material s take n fro m psycholinguisti c experiments . 
Second ,  T R A C E doe s no t  learn ;  T R A C E ' S knowledg e o f 
th e languag e i s confine d t o th e wor d frequenc y value s 
whic h ar e buil t  int o it s  lexicon .  Third ,  T R A C E ' S lexica l 
leve l  mediate s influenc e betwee n adjacen t  phonemi c 
material .  A n alternativ e possibilit y  i s  tha t  processin g ma y 
be adequatel y capture d jus t  b y statistica l  dependencie s a t 
th e phonemi c level .  Fo r  example ,  ther e i s a 
TRACE/Cohor t  predictio n tha t  monitorin g o f  a  word -
media l  phoneme ,  lik e /t /  i n curtai l  shoul d b e facilitate d 
t o th e exten t  tha t  i t  lie s on ,  o r  clos e to ,  th e word' s 
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uniquenes s point :  a t  thi s poin t  onl y on e lexica l 
representatio n remain s i n th e cohort ,  th e listene r  ha s al l 
th e informatio n necessar y t o identif y th e wor d an d it s 
constituen t  phonemes .  I n a  T R A C E simulation ,  curtai l 
woul d becom e th e mos t  highl y activate d wor d nod e a t  o r 
jus t  beyon d th e uniquenes s poin t  an d woul d suppl y lop -
down informatio n t o th e phoneme-node s representin g it s 
constituen t  phonemes .  If ,  however ,  i t  coul d b e 
demonstrate d tha t  th e perceptio n o f  th e /t /  i n curtai l 
coul d b e capture d b y a  mode l  whic h ha d n o loca l  lexica l 
nodes ,  an d ha d ha d n o previou s experienc e o f  th e wor d 
curtail ,  the n w e woul d b e justifie d i n preferrin g thi s 
simple r  explanation . 

The mode l  advance d belo w i s motivate d b y th e belie f 
tha t  i t  i s necessar y t o accoun t  fo r  a s muc h o f  th e dat a a s 
possibl e o n th e basi s o f  processin g i n whic h ther e ar e n o 
explici t  exclusiv e lexica l  representations .  Th e mode l 
makes n o distinctio n betwee n representation s o f  an y 
frequen t  sequence ,  whethe r  i t  b e specificall y a 
morpheme,  a  syllable ,  a  wor d o r  a n idiom .  Thi s mode l 
build s o n th e recen t  departur e from  th e lexicalist-localis t 
vie w o f  lexica l  access ,  involvin g a  distribute d 
connectionis t  model ,  a s describe d i n th e nex t  sectio n . 
Thi s perspectiv e doe s no t  rul e ou t  th e possibilit y  tha t 
explici t  specifi c  lexica l  representation s migh t  b e 
necessar y t o accoun t  fo r  certai n data .  Onl y afte r 
investigatin g exhaustivel y ho w muc h o f  th e dat a ca n b e 
accounte d fo r  b y a  mode l  whic h doe s no t  posses s suc h 
representation s ca n th e rol e o f  lexica l  representation s i n 
explainin g psycholinguisti c dat a b e properl y assessed . 

Mor e recentl y a  secon d computationall y explici t 
model  o f  spoke n wor d recognitio n ha s bee n presente d b y 
Norri s  (1988) ,  whic h employ s a n architectur e als o 
investigate d b y Elma n (1988 ,  1990) .  I n Norris '  mode l 
feature-leve l  representation s o f  consecutiv e phoneme s 
ar e mappe d ont o loca l  representation s o f  word s vi a on e 
laye r  o f  hidde n units .  Recurren t  connection s fro m th e 
hidde n unit s cop y thei r  patter n o f  activit y t o a  se t  o f  stat e 
node s whic h the n re-presen t  thi s patter n t o th e hidde n 
unit s a t  th e nex t  time-step .  Thu s th e networ k ha s th e 
potentia l  t o respon d t o pattern s o f  phoneme s acros s time . 
(Thi s approac h i s describe d i n mor e detai l  below. ) 

Norris' s mode l  i s architecturall y mor e elegan t  tha n 
T R A C E.  I t  learn s th e frequency  o f  th e word s i t  ca n 
recogniz e fro m it s trainin g set ,  and ,  a s Norri s (1988 ) 
reports ,  i t  capture s a  rang e o f  "cohor t  behaviours" .  I n 
simulation s wit h miniatur e lexic a th e mode l  generall y 
assign s a  sprea d o f  activit y t o al l  word s whic h ar e 
congruen t  wit h th e inpu t  u p t o an d includin g th e curren t 
phoneme.  A t  th e uniquenes s poin t  o f  a  wor d th e mode l 
generall y opt s overwhelmingl y fo r  tha t  wor d an d 
maintain s it s leve l  o f  activatio n unti l  th e en d o f  tha t  wor d 
i n th e input .  Again ,  thre e aspect s o f  th e mode l  sugges t 
possibl e furthe r  research .  First ,  th e simulation s whic h 
Norri s report s ar e a U wit h smal l  scal e lexic a (eac h wor d 
whic h th e mode l  ca n recogniz e i s give n a  specifi c  outpu t 
node) .  Second ,  ther e i s a  considerabl e volum e o f 
psycholinguisti c dat a whic h addresse s infra-lexica l 
processin g (e.g .  phoneme-monitoring )  an d whic h i t  i s no t 
feasibl e t o mode l  usin g th e activatio n level s assigne d t o 
whol e word s whic h ar e th e outpu t  o f  Norris '  model . 
Third ,  th e inclusio n o f  a  specificall y lexica l  level ,  th e 
outpu t  leve l  o f  Norris '  model ,  i s  undul y constrainin g o n 

any wide r  mode l  o f  sentenc e processing .  I t  prevent s th e 

model  from  learnin g sub-wor d regularities ,  excep t  t o th e 
exten t  tha t  word-initia l  similarit y occasion s activatio n o f 
a cohort ,  an d als o super-wor d regularities ,  unles s string s 
lik e that's ,  o r  ou t  o f  o i  goo d mornin g ar e lexicalize d b y 
bein g give n a  dedicate d outpu t  node . 

The mode l  w e presen t  i n Sectio n 4  resemble s Norris ' 
model  i n networ k architectur e an d i n involvin g a 
mappin g fro m feature-leve l  descriptions .  Crucially , 
however ,  th e mode l  doe s no t  contai n loca l 
representation s o f  words ;  a  numbe r  o f  advantage s sprin g 
from  thi s fact .  Befor e describin g th e model ,  however ,  i t 
i s  necessar y t o motivat e furthe r  th e exclusio n o f  loca l 
lexica l  representations . 

S e i d e n b e r g a n d M c C l e l l a n d ' s m o d e l  o f 

p ronunc ia t io n 

Considerabl e coverag e o f  psycholinguisti c dat a ha s bee n 
achieve d wit h Seidenber g an d McClelland' s (1989 ) 
connectionis t  modellin g o f  wor d namin g an d visua l  wor d 
recognition .  I n modellin g naming ,  orthographi c 
representation s ar e m a p p e d ont o phonologica l 
representations ;  ther e ar e n o loca l  representation s o f 
words ,  onl y weight s betwee n th e thre e layer s o f  nodes . 
A n extensio n o f  th e model ,  involvin g a n identit y 
m o p i n g o f  th e orthographi c level ,  capture s aspect s o f 
visua l  wor d recognition .  Cruciall y th e trainin g regim e 
reflect s th e frequency  wit h whic h th e word s appea r  i n th e 
language . 

H o w ca n wor d recognitio n dat a b e modelle d whe n 
ther e ar e n o loca l  representation s o f  word s an d therefor e 
no activatio n level s whic h migh t  b e assigne d t o specifi c 
words ? A s a n example ,  Seidenber g an d McClellan d 
argu e tha t  i n task s i n whic h subject s ar e require d t o 
discriminat e betwee n orthographicall y regula r  word s 
(e.g .  fellow ,  tanker )  an d orthographicall y irregula r 
nonword s (e.g.fnrkte .  jplerhn) ,  thei r  performanc e m a y 
be accuratel y modelle d b y th e accurac y wit h whic h a n 
identit y mappin g m a y b e m a d e betwee n tw o 
orthographi c level s mediate d b y a  laye r  o f  hidde n unit s 
and traine d b y back-propagation . 

I n th e mode l  o f  spoke n wor d recognitio n describe d 
below ,  a n analogou s approac h i s take n withi n th e 
auditor y domain :  feature-leve l  representation s ar e 
mapped ont o phoneme-leve l  representations .  T h e 
trainin g regim e i s take n fro m spoke n discours e an d 
reflect s th e frequenc y wit h whic h speec h sound s 
correspondin g t o phoneme s occu r  an d co-occu r  i n 
spoke n language . 

T h e p r o b l e m o f  learnin g th e structur e o f 

t e m p o r a l  s e q u e n c e s 

Neura l  networ k method s hav e bee n develope d largel y t o 
lear n t o classif y stati c patterns .  Sinc e man y importan t 
aspect s o f  cognitio n involv e processin g temporall y 
structure d sequences ,  ther e ha s bee n considerabl e 
attentio n devote d t o extendin g networ k method s t o lear n 
th e structur e o f  time-varyin g sequences .  O n e strateg y i s 
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simpl y t o represen t  a  "movin g window "  o f  pas t  input s 

explicitl y  (used ,  fo r  exampl e i n th e N E T T A L K mode l  o f 
readin g (Sejnowsk i  &  Rosenber g 1987)) .  Explici t 
bufferin g o f  pas t  inpu t  ca n b e avoide d b y usin g recurren t 
connection s whic h recirculat e pas t  inpu t  s o tha t  i t  m a y 
continu e t o hav e a n influenc e o n networ k performance , 
rathe r  tha n bein g "flushe d through "  th e network .  Ther e 

has bee n m u c h recen t  wor k o n variou s way s i n whic h 
back-propagatio n ca n b e generalize d t o recurren t 
network s (Rumelhart ,  Hinto n &  William s 1986 ;  Almeid a 
1987 ;  K n e d a 1987 ;  Pearlmutte r  1990) .  I n som e o f  thes e 
regimes ,  learnin g occur s whe n th e ne t  ha s settle d int o a 
stabl e pattern ,  an d i n som e continuou s tim e signal s ar e 
used .  Rumelhart ,  Hinto n &  William' s origina l 
suggestion ,  "back-propagatio n throug h time" ,  whic h 
simpl y unfold s a  recurren t  networ k int o man y copie s 
arrange d i n a  feed-forwar d architectur e an d applie s 
standar d back-propagatio n t o th e result ,  i s  th e mos t 
appropriat e fo r  thi s kin d o f  task .  Th e mor e time-step s 
bac k th e networ k i s unfolded ,  th e bette r  th e networ k wil l 
be abl e t o lear n t o respon d t o temporall y remot e 
information ,  bu t  a t  greate r  computationa l  expense . 

The mode l 

The model ,  illustrate d schematicall y i n Fig .  1 ,  simpl y 
consist s o f  a  mappin g betwee n tw o level s o f 
representatio n withi n th e auditor y modalit y -  a  featur e 
leve l  an d a  phonem e level . 

( m }  ( V )  ( 7 )  ( 2 )  C D ^ ^ ^ P ^ ^ 

1 0 1 1 1 0 1 0 1 l T )  inpu t 

Figur e 1 :  Featur e t o phonem e mapping .  Th e inpu t  i s 
a binar y feature-leve l  descriptio n o f  th e curren t 
segmen t  T h e outpu t  i s th e identit y o f  th e curren t 
phoneme ,  th e predicte d nex t  phonem e an d a  numbe r 
of  previou s phonemes . 

Input is a bundle of features corresponding to the 
segment  a t  tha t  poin t  i n time .  Thi s inpu t  i s replace d b y 
successiv e bundle s o f  feature s correspondin g t o 
consecutiv e segment s acros s time .  Th e outpu t  i s  a 
phoneme-leve l  descriptio n o f  th e curren t  segment , 
togethe r  wit h a  predictio n o f  th e identit y o f  th e nex t 
segment  an d a  confirmatio n o f  th e identit y o f  th e las t 
severa l  phonemes .  Th e simples t  versio n o f  th e mode l 

possesse s a  three-segmen t  outpu t  w indo w -  current , 
predicte d an d last . 

T wo phoneme s m a y shar e a  numbe r  o f  feature s (/p / 
and A /  ar e identica l  o n al l  bu t  one) .  I n th e hypothetica l 
cas e wher e tw o phoneme s posses s th e sam e feature-leve l 
instantiatio n (a s a  resul t  o f  noise ,  fo r  instance) ,  th e onl y 
way i n whic h the y m a y b e distinguishe d i s b y thei r 
surroundin g contex t  thu s th e phonem e designate d *  wil l 
be classifie d a s /s /  i n / y e  * /  an d a s /f /  i n / i  */ ,  give n tha t 
it s feature-leve l  descriptio n i s ambiguou s betwee n /$ /  an d 
/{ /  an d i t  ha s bee n traine d o n th e word s ye s an d if .  I n th e 

model ,  eac h phonem e possesse d a  uniqu e feature-leve l 
description .  Thi s resulte d i n "current "  identification s 
approximatin g t o 1 0 0 % an d remainin g a t  tha t  leve l  i n th e 
"last "  position ,  i n whic h confirmatio n wa s expected .  I n 
human speec h perception ,  however ,  segment s ar e ofte n 
underspecifie d sinc e th e signa l  i s  noisy ,  an d informatio n 
relevan t  t o th e identificatio n o f  an y on e segmen t  i s ofte n 
sprea d ove r  severa l  surroundin g segments .  I n som e o f  th e 
simulation s belo w w e rel y o n th e additio n o f  nois e t o th e 
signa l  durin g u-ainin g t o encourag e th e networ k t o rel y 
on th e phonemi c contex t  sinc e th e informatio n ma y n o 
longe r  b e encode d i n a  singl e segmen t 

The mappin g i n Fig .  1  m a y b e achieve d b y mean s o f 
any on e o f  a  famil y o f  network s whic h ar e sensitiv e t o 
structur e acros s time .  Th e min imu m sensitivit y t o suc h 
structur e involve s replicatin g simpl e bigra m 
probabilities .  Th e exten t  t o whic h th e network s unde r 
stud y ar e sensitiv e t o mor e tha n bigra m probabilitie s i s 
an empirica l  question .  Compariso n wit h simpl e bigra m 
and trigra m statistic s i s a  powerfu l  mean s o f  assessin g 
th e performanc e o f  th e model s (althoug h detaile d 
analysi s i s no t  reporte d here) .  Finally ,  i t  i s importan t  tha t 
th e networ k b e teste d wit h di e ful l  exten t  o f  th e featur e t o 
phoneme mappin g i n th e language .  Belo w w e repor t 
result s usin g th e Elman/Norri s ne t  an d a  feedforwar d ne t 
incorporatin g a  movin g window . 

T h e n e t w o r k s 

Th e basi c mappin g betwee n th e tw o level s o f 
representatio n wa s achieve d usin g a  "cut-down "  versio n 
of  back-propagatio n throug h tim e (Rumelhart ,  Hinto n & 
William s 1986) ,  unfoldin g th e networ k onc e rathe r  tha n 
m a ny time s (Servans-Schreiber ,  Cleereman s & 
McClellan d 1989 ;  Chate r  1989 )  an d thu s sacrificin g th e 
abilit y  reliabl y t o pic k u p lon g distanc e dependencies ,  i n 
exchang e fo r  spee d o f  training .  Thi s "copyback " 
structur e (Fig .  2 )  wa s introduce d b y Elma n (1988,1990 ) 
and Norri s  (1988) . 

Ther e wer e 1 1 inpu t  units ,  1 5 hidde n units ,  an d henc e 
15 correspondin g "copyback "  unit s (whic h retaine d th e 
hidde n uni t  activation s fro m th e previou s timeslice )  an d 
10 8 outpu t  unit s (codin g th e 3 6 phoneme s a t  th e 
previous ,  curren t  an d nex t  time-step) .  Fo r  a  qualitativ e 
comparison ,  a  simpl e "moving-windows "  architecture , 
als o wit h 1 5 hidde n unit s (wit h 2 2 additiona l  inpu t  unit s 
representin g th e phoneti c feature s a t  th e previou s tw o 
tim e steps) ,  wa s implemented .  Th e architectur e wa s tha t 
of  a  standar d feedforwar d network ,  traine d wit h back -
propagation ,  wher e th e inpu t  laye r  represent s no t  jus t  th e 
curren t  phoneti c input ,  bu t  als o th e phoneti c inpu t  a t 

342 



previou s tim e steps .  I n ou r  simulations ,  th e movin g 
windo w extende d ove r  thre e time-steps . 

Thre e simulation s ar e reported :  th e recurren t  networ k 
architectur e wa s traine d bot h o n nois y an d non-nois y 
inputs ,  an d th e movin g windo w architectur e wa s traine d 
onl y o n non-nois y inpu t  data .  Usin g onl y th e bigra m 
statistic s o f  th e strea m o f  inpu t  data ,  an d assumin g tha i 
erro r  o n th e previou s an d curren t  phonem e i s 0 ,  th e bes t 
tota l  su m o f  square s erro r  ove r  th e trainin g corpu s i s 
804 4 steps .  O f  course ,  b y considerin g highe r  orde r 
statistics ,  bette r  performanc e i s possible ,  thoug h a  larg e 
corpu s i s  require d t o obtai n reliabl e highe r  orde r 
statistics . 

Thi s figure  i s comparabl e wit h th e performanc e o f  th e 
networks :  802 3 fo r  th e recurren t  networ k traine d o n th e 
noise-fre e corpus ,  978 8 whe n th e trainin g dat a i s nois y 
and 789 2 fo r  th e movin g window s architectur e wit h 
noise-fre e input .  Th e sligh t  differenc e i n performanc e 
betwee n th e recurren t  networ k an d th e movin g window s 
architectur e result s from  bette r  performanc e o f  movin g 
window s a t  outputtin g th e previou s phonem e -  i n thi s 
architectur e th e phoneti c inpu t  a t  th e previou s tim e ste p 
i s presente d a s par t  o f  th e input ,  wherea s th e recurren t 
networ k mus t  lear n t o buffe r  thi s information .  Tha t 
networ k performanc e i s comparabl e wit h th e result s o f  a 
bigra m analysi s doe s no t  o f  cours e impl y tha t  th e 
networ k i s respondin g onl y t o bigra m structur e -  i n fact , 
i t  seem s mor e likel y tha t  i t  i s  pickin g u p som e highe r 
orde r  statistic s o f  th e input ,  whil e no t  perfectl y 
accountin g fo r  bigra m statistics .  Thi s i s currentl y bein g 
teste d b y comparin g networ k performanc e o f  th e ne t  o n 
rea l  dat a versu s /ith-orde r  approximation s t o tha t  data . 

tr 
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Figur e 2 .  Structur e o f  th e Elman/Norri s network . 
Inpu t  i s th e feature-leve l  representatio n o f  th e 
curren t  segmen t  Outpu t  i s th e classificatio n o f  th e 
curren t  segment ,  predictio n o f  th e nex t  segment ,  an d 
confirmatio n o f  th e las t  severa l  segments .  Th e 
copybac k unit s re-presen t  t o th e bidde n unit s th e 
patter n o f  activatio n o n thos e unit s a t  t-1 . 

In all the simulations reported, a learning rate of 0.1 
was used ,  an d momen tu m wa s no t  used .  Eac h networ k 
was traine d unti l  i t  bega n t o sho w sign s o f  overfittin g -
trainin g tha t  resulte d i n a  decreas e o f  erro r  fo r  th e 
trainin g se t  bu t  le d t o increasin g erro r  fo r  a  separat e tes t 
set  wa s disregarded .  Thi s require d betwee n 50 0 an d 60 0 
epochs .  I n som e simulations ,  th e phoneti c inpu t  wa s 
made noisy ,  b y randoml y changin g 9 % o f  th e inpu t 
value s fro m 0  t o 1  o r  ̂n.c e versa .  Th e nois e wa s generate d 

on-lin e an d wa s differen t  fo r  ever y epoc h o f  training .  Th e 

learnin g phas e o f  th e simulation s wa s quit e 
computationall y intensive ,  usin g 30-4 0 C P U hour s o n a 
variet y o f  S U N SPARC-base d machines ,  usin g a 
customize d versio n o f  th e Rumelhar t  an d McClellan d 
(1988 )  simulatio n package . 

T h e corpu s an d trainin g regim e 

The initial ,  limite d trainin g dat a wa s derive d fro m som e 
349 0 word s o f  spoke n discourse ,  take n largel y fro m th e 
L U ND Corpu s (Svarti k &  Quir k 1980) .  Th e discours e 
was transcribe d a t  th e wor d leve l  an d include d fille d 
pauses ,  fals e start s an d corrections .  Th e trainin g se t  wa s 
made u p o f  909 7 phoneme s an d a  tes t  se t  o f  328 5 
phonemes wa s use d t o tes t  generalisation/overfitting .  I n 
some late r  simulation s th e trainin g dat a hav e bee n 
generate d fro m a  33,00 0 wor d phonemi c dictionary , 
containin g frequenc y information ;  thi s allowe d bette r 
exposur e t o open-clas s word s whil e sacrificin g som e o f 
th e characte r  o f  th e distributio n o f  closed-clas s words . 

T h e phoneme-leve l  description s 

The utterance s wer e converte d t o idealize d phonemi c 
representation s usin g th e C S T R text-to-phonem e 
progra m an d employin g 3 6 differen t  phoneme s base d o n 
thos e o f  th e C S T R Machin e Readabl e Phoneti c Alphabet . 
The eigh t  dipthong s wer e eac h converte d t o sequence s o f 
tw o phonemes . 

T h e feature-leve l  description s 

The phonemi c transcriptio n wa s the n converte d t o a n 
idealize d feature-leve l  representation ,  consistin g o f  th e 
followin g 1 1 feature s base d o n thos e o f  Jakobson ,  Fan t 
and Hall e (1952) :  vocalic/non-vocalic ,  consonantallnon -
consonantal ,  voicedlunvoiced ,  discontinuous!continuant , 
strident/mellow ,  nasalloral ,  diffuse !  non-diffuse , 
compact!non-compact ,  tense!non-tense ,  grave!acute , 
flat/plain .  Thu s th e phoneme s /a /  an d /I /  wer e 
represente d o n th e respectiv e feature s a s below . 

8= 10110000010 

I -  1 0 1 1 0 0 1 0 0 0 0 

All 36 phonemes were given a value of 1 or 0 for each 
of  th e 1 1 features .  Th e final  for m o f  th e trainin g corpu s 
was o f  a  continuou s strea m o f  suc h feature-leve l 
description s o f  segments ,  wit h n o informatio n bein g 
give n concernin g wor d boundaries . 

B e h a v i o u r  o f  th e n e t w o r k s 

To illustrat e th e behaviou r  o f  th e network s wit h unsee n 
discourse ,  conside r  th e tes t  strin g thi s i s a  tes t  o f  th e 
model .  W h e n thi s wa s converte d int o sequence s o f 
featur e description s an d give n t o th e networks ,  al l  thre e 
network s demonstrate d sensitivit y t o phonotacti c 
constraints ,  wit h greate r  probabilitie s o f  predictin g th e 
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nex t  phonem e i n th e shor t  sequence s o f  closed-clas s 
word s an d i n th e unstresse d syllabl e o f  model .  Th e 
model s al l  predic t  th e nex t  phonem e mor e accuratel y 

when th e sequenc e i s fro m norma l  discours e tha n whe n 
th e sam e phoneme s ar e presente d i n rando m order .  Th e 

effec t  o f  trainin g wit h nois e wa s t o depres s th e score s 
give n t o phonemi c hy(>othese s an d t o increas e th e 
number  o f  hypothese s whic h receive d a  non-zer o score . 
I n th e simulatio n reporte d here ,  thi s increase d nois e di d 
not  resul t  i n bette r  performanc e i n term s o f  th e rankin g o f 
th e correc t  hypothesi s withi n th e tota l  Us t  o f  hypotheses . 

I t  i s  easie r  t o se e th e networks '  use  o f  contex t  i n th e 
cas e o f  th e classificatio n o f  th e curren t  phoneme ,  wher e 
al l  o f  th e informatio n necessar y fo r  th e uniqu e 
identificatio n o f  th e phonem e i s presen t  o n tha t 
presentation .  Fo r  th e Elman/Norri s ne t  traine d wit h 
noise ,  performanc e wa s wors e i n th e scramble d 
phonemes cas e compare d wit h th e norma l  discours e cas e 
(mea n phonem e score s wer e 66. 6 an d 79.1 ,  respectively ; 
/  =  2.35,4r = 18 ,  p  =  .031) .  W e ma y conclud e tha t  i n th e 
nois e conditio n thi s networ k wa s relyin g o n previou s 
contex t  t o identif y th e curren t  phoneme ;  whe n thi s 
contex t  wa s aberrant ,  i t  hindere d correc t  recognition .  Th e 
Elman/Norri s ne t  traine d withou t  nois e an d th e moving -
windo w ne t  bot h generate d reduce d mea n "current " 
phoneme score s fo r  th e scramble d inpu t  bu t  neithe r  o f 
th e difference s wa s significant . 

H u m an listener s emplo y contex t  bot h befor e an d afte r 
th e phonem e i n question .  Th e ai m o f  trainin g wit h nois e 
was t o forc e th e networ k t o rel y o n bot h "left "  an d 
"right "  context .  Th e score s fo r  th e phonem e i n "past " 
positio n wer e compare d o n th e norma l  an d abnorma l 
discourse .  Whil e ther e wa s n o significan t  differenc e 
betwee n th e tw o mea n score s fo r  th e Elman/Norri s ne t 
traine d withou t  noise ,  th e versio n traine d wit h nois e wa s 
significantl y wors e o n th e abnorma l  discours e (mean s 
wer e 82. 7 an d 63.2 ,  respectively ;  /  =  3.88 ,  d f = 18 ,  p  = 
.001.) .  Th e networ k wa s sensitiv e t o righ t  contex t  i n 
classifyin g phonemes ,  an d wa s misle d b y abnorma l  righ t 
context . 

M o d e l l i n g psycholinguisti c da t a 

Phoneme restoration 

Listeners '  perceptio n o f  degrade d individua l  speec h 
sound s i n word s i s ofte n restore d (Warre n 1970) . 
Restoratio n i s stronges t  whe n th e intende d phonem e an d 
th e replacin g soun d (e.g .  whit e noise ,  a  click ,  silence )  ar e 
similar ,  an d w h e n replacemen t  occur s afte r  th e 
uniquenes s poin t  o f  th e word .  Otherwis e th e effec t  i s no t 
compelling . 
Thi s wa s modelle d b y puttin g minimall y differen t  tes t 
words ,  lik e go t  an d gop ,  i n th e carrie r  sentenc e ...an d th e 
nex t  wor d i s x  an d th e nex t  wor d i s y  an d the... .  Fo r 
frequen t  word s lik e got ,  this ,  an d yes ,  ther e wa s n o 
substantia l  restoration .  Fo r  example ,  whe n th e curren t 
phoneme wa s /i /  i n thif ,  th e predictio n for/s /  wa s 1 4 an d 
th e predictio n fo r  /{ /  wa s 4  ((/"i s  a  fi-equent  word) ;  whe n 
th e curren t  phonem e becam e /f/ ,  i t  wa s score d a t  98 , 
compare d wit h 2  fo r  /s/ .  Th e frequenc y o f  thi s wa s no t 
enoug h t o overtur n th e bottom-u p information . 

Restoratio n wa s observed ,  however ,  whe n th e valu e o f 
th e critica l  featur e distinguishin g /f /  an d /s /  wa s replace d 
by 0.5 .  Input ,  fo r  th e thislthifcase ,  wa s the n / 6 i  * /  wher e 
*  wa s completel y ambiguou s betwee n /f /  an d /s/ .  I n thi s 
case ,  th e curren t  score s wer e 9 9 fo r  /s/an d 5  fo r  /f/ , 
changin g t o 9 8 an d 0  respectivel y a t  confirmation . 

The mode l  respect s th e input .  I t  doe s no t  hallucinat e 
phonemes o n th e basi s o f  wor d frequency .  Thi s capture s 
th e effec t  mor e accuratel y tha n T R A C E ,  i n whic h lexica l 
leve l  reinforcemen t  restore s an y degrade d phonem e an d 
eve n overturn s bottom-u p evidence ,  convertin g 
vocabulat y t o vocabular y 

Phoneme restoratio n als o occurre d base d purel y o n th e 
right  contex t  W h e n th e inpu t  wa s / *  e  s/ ,  i n whic h *  wa s 
ambiguou s betwee n /y /  an d /r/ ,  th e mode l  restore d th e 

/y/ -

Monitoring for word-medial phonemes 

Simulation s wer e ru n t o tes t  whethe r  th e mode l  predicte d 
th e dat a fro m a n experimen t  (Shillcoc k submitted )  i n 
whic h subject s monitore d fo r  word-media l  phoneme s 
lik e /p /  i n repe l  o r  /p /  i n lapel .  Subject s i n th e experimen t 
too k significantl y longe r  t o respon d t o phoneme s i n 
monomorphemi c word s compare d t o matche d prefixe d 
words . 

The stimulu s material s fro m th e experimen t  wer e 
embedded i n th e contex t  ...an d th e nex t  wor d is...an d th e 
nex t  wor d is.. .  an d presente d t o th e thre e traine d 
networks .  Activation s fo r  th e critica l  phonem e i n eac h 
wor d (/p /  i n repel )  wer e recorde d whe n tha t  phonem e 
was i n "next" ,  "current "  an d "past "  position .  Onl y th e 
movin g windo w networ k gav e significantl y differen t 
mean activation s fo r  th e monomorphemi c word s an d th e 
prefixe d words ,  mirrorin g th e huma n dat a (97. 7 an d 98.7 , 
respectively ;  df = 14 ,  t  =  2.137 ,  p  =  .05) .  Thi s differenc e 
occurre d i n th e "current "  position ,  reflectin g th e fac t  tha t 
respons e time s wer e facilitate d i f  th e sequenc e o f 
phonemes u p t o an d includin g th e critica l  phonem e 
represente d a  prefi x a s oppose d t o a  monomorphemi c 
wor d beginning .  W h e n activation s i n th e simulation s fo r 
th e individua l  stimulu s item s wer e compare d wit h th e 
mean respons e time s fro m th e experiment ,  ther e wa s n o 
significan t  correlation .  Shillcoc k (submitted )  report s tha t 
th e bes t  predicto r  ( r  =  -.477 )  o f  th e phoneme-monitorin g 
dat a wa s th e (frequency-weighted )  numbe r  o f  time s th e 
sequenc e o f  phoneme s u p t o an d includin g th e critica l 
phoneme {i.e .  / r  I  p /  fo r  repel )  occurre d i n a  larg e 
phonemicall y transcribe d dictionar y {i.e .  I t  I  p /  i n script , 
report ,  unrepentant... ,  al l  weighte d b y wor d frequency) . 
The network s wer e therefor e no t  employin g informatio n 
as relevan t  a s th e bigra m an d trigra m informatio n 
availabl e fro m a  larg e phonemi c dictionary .  Thi s ma y 
reflec t  mos t  o n th e siz e o f  th e trainin g corpus . 

C o n c l u s i o n s 

Initia l  testin g o f  th e mode l  give s encouragin g results , 
wit h th e variou s simulation s fro m th e differen t 
architecture s demonstratin g desirabl e behaviours .  Man y 
of  it s  limitation s ma y b e du e t o th e modes t  siz e o f  th e 
trainin g corpus :  th e 349 0 word s i n th e corpu s represente d 

905 differen t  words .  A  ver y larg e corpu s wil l  b e require d 

344 



t o ensur e adequat e coverag e o f  th e open-clas s 
vocabulary .  Trainin g wit h a  corpu s o f  transcribe d 
discours e open s th e possibilit y  o f  studyin g wha t  specia l 
processin g o f  th e closed-clas s vocabular y ma y emerge ; 
th e literatur e contain s numerou s claim s concernin g th e 
specia l  statu s o f  th e closed-clas s vocabular y compare d 
wit h th e open-clas s vocabulary .  Ye t  furthe r  wor k wil l  b e 
require d concernin g th e amoun t  an d natur e o f  (idealized ) 
phonologica l  reductio n i n th e corpus . 

Regardin g networ k architecture ,  i t  ma y b e tha t  th e 
most  promisin g avenu e fo r  futur e researc h lie s i n a 
networ k whic h allow s back-propagatio n throug h tim e fo r 
severa l  rathe r  tha n jus t  on e time-step .  W e ar e currentl y 
explorin g thi s avenue . 

The mode l  describe d i s see n a s par t  o f  a  large r  mode l 
incorporatin g semanti c representations .  Th e absenc e o f 
explicit ,  localis t  lexica l  representation s i s crucial .  W e 
envisag e a  mappin g from  th e phonemi c outpu t  o f  th e 
model  t o semanti c representations ,  mediate d onl y b y a 
laye r  o f  hidde n units ,  althoug h thi s clearl y raise s a 
seriou s bindin g proble m i n th e absenc e o f  wor d boundar y 
information .  Thi s arrangemen t  give s mor e scop e tha n a 
lexica l  ist-localis t  mode l  fo r  modellin g th e detail s o f 
effect s i n whic h homophone s an d partia l  homophone s 
produc e brie f  erroneou s priming . 

I n conclusion ,  i t  ma y b e tha t  man y psycholinguisti c 
phenomena whic h hav e bee n take n t o involv e acces s t o 
specifi c  representation s o f  spoke n word s ma y b e 
explaine d i n term s o f  th e low-leve l  statistica l  structur e o f 
th e phonetic/phonemi c input ,  a s picke d u p b y a  simpl e 
neura l  networ k account .  W e ar e currentl y applyin g thi s 
model  t o a  rang e o f  othe r  experimenta l  phenomena . 
Ther e i s a  methodologica l  imperativ e withi n 
psycholinguisti c researc h t o allo w "highe r  level " 
interpretatio n o f  empirica l  dat a onl y whe n lo w leve l 
explanation s ca n b e rule d ou t 
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