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A b s t r a c t 

Findings in infant speech perception suggest that 
earl y phonologica l  perception s ma y b e syllabi c i n na -
ture ,  an d tha t  ther e i s a  los s o f  sensitivit y  t o nonnativ e 
contrast s towar d th e en d o f  th e first  yea r  o f  life .  W e 
presen t  a  neura l  networ k mode l  tha t  simulate s thes e 
tw o phenomena .  I n addition ,  th e mode l  an d simula -
tion s (1 )  demonstrate  h o w informatio n abou t  stres s 
ca n b e utilize d i n generatin g syllable-lik e percep -
tions ;  (2 )  provid e a  simpl e mean s o f  extractin g stati c 
representation s firom  a  dynami c an d co-articulate d 
signal ;  an d (3 )  indicat e tha t  th e developmen t  o f  "at -
tnictor "  state s m a y b e necessar y i n networ k model s 
of  thes e phenomena . 

Aims and motivation 

Thi s wor k explore s certai n aspect s o f  th e natur e an d devel -
opment  o f  phonologica l  representation s i n huma n infants , 
usin g neura l  networ k modelin g techniques .  A  "phonolog -
ica l  representation "  i s take n t o b e a  phonologicall y orga -
nize d encodin g o f  speec h sounds^ .  Thi s pape r  focusse s o n 
th e ide a tha t  earl y representation s ar e likel y t o b e syllabi c 
i n nature . 

Ther e ^pear s t o b e considerabl e agreemen t  tha t  th e 
syllabl e i s a  readil y accessibl e perceptua l  uni t  o f  phono -
logica l  representation ,  bot h fo r  childre n an d fo r  adults , 
i.e. ,  tha t  ther e i s perceptua l  segmentatio n a t  th e leve l  o f 
th e syllabl e (Menyu k e t  al. ,  1986 ;  Rore s d'Arcais ,  1988 ; 
Jusczyk ,  1992) .  Evidenc e furthe r  indicate s tha t  th e syl -
labl e i s muc h mor e accessibl e tha n th e segmen t  an d fea -
ture ,  fo r  adult s a s wel l  a s developmentall y (Menyu k e t  al. , 
1986) .  Moreover ,  childre n appea r  t o hav e littl e aware -
nes s o f  th e phonemi c (i.e. ,  segmental )  structur e o f  word s 
(Jusczyk .  1986 ;  A d a m s ,  1990) . 

T wo specifi c  phenomen a observe d durin g th e first  yea r 
of  lif e hav e bee n chose n fo r  exploratio n here .  O n e phe -
nomenon suggest s tha t  two-month-ol d infant s ar e mor e 
sensitiv e t o syllable-size d unit s tha n t o sub-syllabi c unit s 
(Jusczyk ,  1992) .  Th e othe r  phenomeno n indicate s a  los s 
of  sensitivit y t o nonnativ e languag e contrast s somewher e 
betwee n th e age s o f  6  an d 1 2 month s (Werker ,  1991) . 

The ai m o f  th e presen t  wor k i s t o tr y an d accoun t  fo r 
bot h thes e phenomen a vi a simulatio n i n a  singl e model .  A 
furthe r  modelin g goa l  wa s t o tackl e th e tempora l  natur e o f 
th e speec h signal ,  a s wel l  a s it s lac k o f  linearitŷ .  I t  seem s 
vita l  fo r  model s o f  phonologica l  processin g t o dea l  wit h 
thes e issues ,  especiall y i f  meaningfu l  conclusion s ar e t o b e 
draw n abou t  suc h thing s a s phonologica l  representations . 

Description of the model 

Inpu t  representatio n 

The inpu t  representatio n wa s intende d t o incorporat e as -
pect s o f  th e tempora l  an d non-linea r  natur e o f  th e speec h 
signa l  availabl e t o a  huma n learner . 

Th e startin g poin t  wa s a  phonemi c featur e representa -
tio n propose d b y (Shillcoc k e t  al. ,  1992) ,  i n whic h eac h 
possibl e phonem e i s encode d i n term s o f  a  se t  o f  9  featur e 
values ,  whic h ar e intende d t o hav e physica l  correlate s i n 
th e speec h signal . 

Severa l  previou s psychologicall y motivate d connec -
tionis t  learnin g model s hav e utilize d som e suc h featu -
ra l  representation ,  simulatin g th e tempora l  natur e o f  th e 
speec h signa l  b y inputtin g a  sequenc e o f  featur e vector s 
ove r  time ,  representin g a  strea m o f  phoneme s (Elman . 
1990 ;  Nonis .  1990 ;  Gasser ,  1992 ;  Shillcoc k e t  al. .  1992) . 
However ,  suc h a  representatio n impose s linearit y o n th e 
inpu t  signal̂ .  T o represen t  som e o f  th e non-linearit y o f 
th e speec h signal ,  w e devise d th e schem e illustrate d i n 
Figur e 1 . 

A consonan t  i s represente d a s thre e "tim e slices "  long , 
whil e a  vowe l  i s te n tim e slice s lon g (fo r  simplicity ,  vow -
el s ar e depicte d a s onl y si x tim e slice s long ,  i n th e figure). 
As show n fo r  th e nonsens e wor d bagi ,  ther e i s overla p 
of  th e variou s phonemes^ .  A s a  result ,  eac h tim e slic e 
contain s th e featur e vector s o f  u p t o thre e phonemes .  Fo r 

'  Thi s coul d denot e eithe r  a n outpu t  representatio n o f  a  word , 
i.e. ,  a  representatio n involve d i n a  moto r  progra m t o articu -
lat e tha t  word ,  o r  a n inpu t  representatio n o r  percep t  yielde d b y 
auditor y analysi s o f  th e word .  Fo r  th e purpose s o f  thi s pa -
per ,  however ,  "phonologica l  representation "  wil l  mea n a n inpu t 
representation . 

^Thi s refer s t o th e fac t  tha t  th e acousti c informatio n pertinen t 
t o identifyin g a  particula r  soun d segmen t  i s usuall y no t  i n on e 
piec e o f  th e signal ,  bu t  i s  smeare d ove r  th e continuou s waveform , 
and overlap s wit h tim e slice s tha t  conve y informatio n abou t  othe r 
segments . 

'Th e T R A C E mode l  (McCleUan d an d Elman .  1986 )  i s ex -
plicitl y  concerne d wit h dealin g wit h suc h lac k o f  linearit y i n 
th e input .  However ,  T R A C E i s no t  a  learnin g model .  Koho -
nen' s "neura l  phoneti c typewriter "  (Kohonen ,  1991 )  i s a  learnin g 
model ,  an d i s simila r  i n som e respect s t o th e presen t  work ;  th e 
mai n focu s o f  tha t  model ,  however ,  wa s no t  o n psychologica l  o r 
representationa l  issues . 

^Thi s inpu t  representatio n i s simila r  t o tha t  o f  TRACE- D 
(McClellan d an d Elman ,  1986) . 
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Figur e 1 :  Inpu t  representatio n fo r  th e nonsens e wor d bagi . 

eac h tim e slice ,  a  composit e vecto r  wa s create d b y tak -
in g th e element-wis e m a x i m u m valu e o f  th e componen t 
featur e vectors .  Eac h tim e slic e thu s convey s "smeared " 
informatio n abou t  th e phoneti c conten t  o f  th e word .  Thi s 
schem e t o s o m e exten t  capture s bot h th e temporall y ex -
tende d natur e o f  th e speec h signal ,  an d it s non-linearity . 

Informatio n abou t  th e stres s leve l  a t  eac h tim e ste p i s 
als o assume d t o b e availabl e a s input .  I t  seem s plausibl e t o 
assum e tha t  suc h informatio n i s availabl e t o a  developin g 
system ,  a s h u m a n sensitivit y t o prosodi c feature s appear s 
t o b e presen t  a t  birt h (Mehleretal. ,  1988) .  Eac h vowe l  ha s 
a stres s contour ,  wit h n o stres s o n it s first  tim e slic e o r  o n 
it s las t  tw o tim e slices ,  an d wit h pea k stres s o n it s middl e 
tim e slices .  Fo r  example ,  i n Figur e 1 ,  th e middl e thre e 
tim e slice s o f  A V an d /i /  hav e a  stres s leve l  o f  0.9 ,  whil e 
thei r  othe r  tim e slice s hav e a  stres s leve l  o f  0.1 ,  denotin g 
no stress .  T h e overal l  stres s leve l  fo r  a  tim e slic e i s th e 
m a x i m u m stres s o f  it s constituen t  phonemes . 

Architecture 

The model, shown in Figure 2, consists of two networks 
an d a  gatin g unit .  T h e autopredictiv e networ k i s a  simpl e 
recurren t  networ k (Elman ,  1990 )  whos e inpu t  a t  eac h tim e 
ste p i s th e composit e vecto r  denotin g th e curren t  tim e slice , 
presente d t o th e inpu t  layer .  I n addition ,  hidde n laye r 
activation s from  th e previou s tim e ste p ar e copie d t o th e 
contex t  layer ,  an d for m par t  o f  th e input .  Th e network' s 
tas k i s t o predic t  inpu t  a t  th e nex t  tim e slic e a s a  patter n o f 
activatio n ove r  th e outpu t  layer . 

Th e stres s leve l  associate d wit h eac h tim e slic e i s no t 
encode d a s par t  o f  th e inpu t  signal ,  bu t  instea d provide s 
inpu t  t o th e gatin g uni t  (se e below) ,  whic h i s th e secon d 
componen t  o f  th e system .  Th e treatmen t  o f  thi s informa -
tio n a s qualiuitivel y dififeren t  fro m informatio n abou t  th e 
actua l  conten t  o f  th e signa l  i s  consisten t  wit h th e linguis -
ti c  treatmen t  o f  stres s a s a  suprasegmenta l  phenomeno n 
(Kaye ,  1989) . 

Th e thir d componen t  o f  th e mode l  i s a  classificatio n 
network .  It s inpu t  come s from  th e sam e strea m tha t  feed s 
int o th e autopredictiv e network .  However ,  thes e inpu t 
connection s ar e gate d b y th e inhibitor y gatin g unit ,  whic h 
i s ordinaril y  active ,  thu s preventin g inpu t  from  reachin g 
th e classificatio n network .  Th e gatin g uni t  receive s in -
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Figur e 2 :  Overal l  architectur e o f  th e model .  N u m b e r s 
indicat e numbe r  o f  unit s i n a  layer .  A r row s indicat e con -
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hibitor y input s from  unit s A  an d B .  Uni t  A  fires  i f  th e 
stres s leve l  associate d wit h th e curren t  tim e slic e crosse s 
a threshold ,  an d unitf i  fires  i f  th e erro r  signa l  from  th e au -
topredictiv e networ k crosse s threshold .  I f  bot h thes e unit s 
fire  simultaneously ,  th e gatin g uni t  i s  inhibited ,  allowin g 
th e inpu t  signa l  t o reac h th e classificatio n network .  Inpu t 
t o th e classificatio n networ k i s thu s modulate d b y th e re -
sult s o f  processin g i n th e autopredictiv e network ,  togethe r 
wit h th e leve l  o f  sfres s o f  th e curren t  input . 

For  th e classificatio n networ k itself ,  thre e alternativ e 
architecture s wer e investigate d (Figur e 3) .  Thes e wer e 
(1 )  a  Deterministi c Boltzman n Mach in e ( D B M )  (Peterso n 
an d Anderson ,  1987 ;  Hinton ,  1989) ,  (2 )  a  Competitiv e 
Learnin g networ k ( C L )  (Rumelhar t  an d Zipser ,  1986) ,  an d 
(3 )  a  Multi-Laye r  Perceptro n ( M L P )  (Rumelhar t  e t  al. , 
1986a) . 

T h e autopredictiv e networ k i s mean t  t o correspon d t o a 
leve l  o f  processin g tha t  i s  m o r e auditor y i n nature ,  whil e 
th e classificatio n networ k i s intende d t o correspon d t o a 
mor e phonologica l  leve l  o f  processing .  Tha t  is ,  a t  eac h 
poin t  i n th e system' s development ,  th e response s o f  th e 
classificatio n networ k constitut e it s phonologica l  percep -
tions . 

Processing 

To clarif y th e natur e o f  processin g i n th e model ,  w e n o w 
ste p throug h p a n o f  th e processin g o f  th e nonsens e wor d 
bagi . 

T h e wor d i s represente d a s a  serie s o f  tim e slices ,  a s 
show n i n Figur e 1 .  A t  th e first  tim e step ,  th e composit e 
vecto r  fo r  th e first  tim e slic e i s presente d a s inpu t  t o th e 
autopredictiv e network ;  a t  th e secon d tim e step ,  th e vecto r 
fo r  th e nex t  tim e slic e i s presented ,  an d s o on .  A s note d 
i n th e previou s section ,  th e gatin g uni t  i s ordinaril y  active , 
preventin g inpu t  fro m reachin g th e classificatio n network . 
Inpu t  wil l  reac h th e classificatio n network ,  however ,  i f  th e 
gatin g uni t  i s itsel f  inhibited . 

T h e inpu t  vecto r  produce s a  patter n o f  activation s a t  th e 
outpu t  laye r  o f  th e autopredictiv e network ,  representin g a 
predictio n o f  th e inpu t  a t  th e nex t  tim e step .  Compar iso n 
of  thi s outpu t  wit h th e actua l  inpu t  a t  th e nex t  tim e ste p 
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yield s a n erro r  signa l  (su m o f  square d error) .  I f  th e erro r 
magnitud e i s greate r  tha n a  threshol d Ob ,  uni t  B  fires,  re -
sultin g i n a n inhibitor y inpu t  t o th e gatin g unit .  I f  th e stres s 
leve l  associate d wit h th e curren t  tim e slic e i s greate r  tha n 
a threshol d Qa ,  uni t  A  fires,  providin g anothe r  inhibitor y 
inpu t  t o th e gatin g unit .  I f  bot h A  an d B  fire,  th e gatin g 
uni t  i s  itsel f  inhibited .  I n thi s case ,  th e inpu t  signa l  fo r 
tha t  tim e slic e wil l  reac h th e classificatio n network .  Thus , 
as note d previously ,  inpu t  t o th e classificatio n networ k i s 
modulate d b y th e erro r  signa l  an d th e stres s level .  Th e 
threshold s wer e se t  a t  0 b =  0. 1 an d 0 ^  =  0.4 . 

Suppos e tha t  th e erro r  signa l  o n th e first  time-ste p fo r 
hag i  i s 0.5 .  Th e stres s leve l  i s 0.1 ,  a s shown .  Uni t  B  fires, 
but  no t  uniti4 .  Inhibitor y inpu t  t o th e gatin g uni t  therefor e 
remain s belo w threshold ,  th e gatin g uni t  therefor e main -
tain s it s inhibitor y influence ,  an d th e inpu t  signa l  therefor e 
doe s no t  reac h th e classificatio n network . 

On th e nex t  time-step ,  th e inpu t  signa l  i s th e secon d tim e 
slice ,  whic h ha s a n associate d stres s leve l  o f  0.9 .  Suppos e 
th e erro r  i n th e autopredictiv e networ k i s agai n 0.5 .  Bot h 
unit s A  an d B  wil l  n o w fire,  th e gatin g uni t  i s  therefor e 
inhibited ,  an d th e inpu t  signa l  fo r  th e secon d tim e slic e 
doe s reac h th e classificatio n network .  P»rocessin g fo r  th e 
remainin g tim e slice s o f  bag i  proceed s i n simila r  fashion . 

As a  resul t  o f  thi s gatin g scheme ,  inpu t  reache s th e 
classificatio n networ k onl y whe n bot h stres s an d erro r  ar e 
abov e threshold .  Followin g trainin g o f  th e autopredic -
tiv e network ,  i t  turn s ou t  tha t  thi s happen s onl y o n tim e 
slice s tha t  ar e comprise d o f  exactl y on e consonan t  an d 
on e vowel .  I n effect ,  th e gatin g mechanis m filters  syste m 
inpu t  s o tha t  th e classificatio n networ k receive s onl y in -
varian t  demisyllable s a s it s input .  Thi s provide s th e basi s 
fo r  a n accoun t  o f  certai n earl y perceptua l  phenomen a i n 
h u m an infants ,  discusse d i n th e nex t  section . 

Inpu t  tha t  doe s reac h th e classificatio n networ k enter s 
it s inpu t  layer .  A s note d above ,  thre e architecture s wer e 
examine d fo r  th e classificatio n network .  Fo r  th e D B M 
an d M L P ,  th e tas k o f  th e networ k  i s t o reproduc e th e inpu t 
laye r  vecto r  a t  th e outpu t  laye r  (se e Figur e 3) .  Fo r  th e 
C L architecture ,  th e tas k i s t o categoriz e th e inpu t  laye r 
vector ,  b y turnin g o n exactl y on e o f  th e outpu t  laye r  units . 

For  th e D B M ,  th e outpu t  activatio n i s obtaine d b y  ̂ -

plyin g th e inpu t  vector ,  an d the n performin g synchronou s 
update s o f  uni t  activation s i n repeate d cycle s unti l  th e mag -
nitud e o f  change s i n unitJictivation s fall s  belo w a  specifie d 
criterion ,  i.e. ,  unti l  th e networ k settles .  Th e outpu t  uni t 
activation s a t  thi s tim e constitut e th e network' s output . 
For  th e M L P ,  th e outpu t  laye r  activatio n i s produce d b y 
propagatin g th e inpu t  vecto r  forwar d i n on e pass . 

For  th e C L architecture ,  th e "winner "  i s chose n t o b e 
th e uni t  wit h weight s closes t  t o thos e o f  th e inpu t  vector , 
as i n th e standar d algorith m (Kohonen ,  1984) ,  bu t  wit h 
th e additiona l  requiremen t  tha t  th e erro r  fo r  th e winne r  b e 
belo w a  specifie d criterion .  I f  i t  i s not ,  a n "uncommitted " 
uni t  i s chose n t o b e th e winner ,  i n simila r  fashio n t o A R T -
1 (Grossberg ,  1987) .  Durin g training ,  thi s erro r  criterio n 
was progressivel y relaxed . 

Weigh t  adjustmen t  fo r  th e autopredictiv e networ k an d 
M LP classificatio n networ k wa s vi a th e back-propagatio n 
algorith m (Rumelharte t  al. ,  1986a) .  Weight s i n th e D B M 
classificatio n networ k wer e adjuste d vi a contrastiv e Heb -
bia n learnin g (Hinton ,  1989) .  I n th e C L classificatio n 
network ,  th e winner' s weight s wer e adjuste d vi a th e com -
petitiv e learnin g equatio n give n i n Kohone n (1984) . 

Simulations and data 

Lik e th e huma n infant ,  th e syste m i s expose d t o eviron -
menta l  speec h sounds .  T o mode l  this ,  a  se t  o f  mono -  an d 
di-syllabi c word s wa s constructe d usin g consonant s fro m 
th e se t  {p ,  b ,  t ,  d ,  k ,  g ,  m ,  f} ,  an d vowel s draw n from  th e 
set  {a ,  o ,  i ,  e} .  N o attemp t  wa s m a d e t o mirro r  th e precis e 
environmenta l  distribution ;  th e aim ,  rather ,  wa s t o con -
struc t  a  limite d sampl e incorporatin g som e o f  th e salien t 
characteristic s o f  th e speec h signa l  i n English ,  usin g th e 
representationa l  schem e describe d earlier .  Thi s sampl e 
consiste d o f  a  se t  o f  4 8 word s suc h a s poi ,  dog ,  cat ,  big , 
pocket ,  an d wil l  b e referre d t o a s th e inpu t  corpus . 

I n th e simulation s describe d below ,  w e assum e a  roug h 
correspondenc e o f  1 0 trainin g epoch s t o on e mont h o f 
chronologica l  age .  Simulatio n experiment s wer e per -
forme d a t  20 ,  80 ,  an d 10 0 epoch s o f  training ,  modelin g 
empirica l  dat a from  2 ,  8 ,  an d 1 0 months ,  respectively . 
Durin g th e firs t  8 0 epochs ,  onl y th e autopredictiv e net -
wor k wa s trained .  B y thi s point ,  i t  ha d becom e stabl e i n it s 
predictions ,  an d the n i n th e nex t  2 0 epochs ,  weight s i n th e 
classificatio n networ k wer e als o adjusted .  Thi s trainin g 
procedur e ha s th e sam e qualitativ e effec t  a s trainin g bot h 
network s simultaneousl y from  th e beginning ,  becaus e th e 
classificatio n networ k canno t  establis h suibl e categorie s 
unti l  th e autopredictiv e networ k stabilize s it s responses . 

The two-month-old infant 

(")n e particula r  focu s o f  interes t  her e i s o n experimenta l 
wor k examinin g th e diflferentia l  sensitivit y o f  two-month -
ol d infant s t o syllable-size d vs .  non-syllabl e size d units . 
Jusczy k an d colleague s (Jusczyk ,  1992 )  hav e studie d two -
month-ol d infant s w h o wer e expose d t o a  se t  o f  bisyllabi c 
stimul i  tha t  eithe r  di d o r  di d no t  contai n a  c o m m o n syllabl e 
(e.g. ,  [bazi] ,  [balo] ,  [bamit ]  vs .  [pazi] ,  [nalo] ,  [kamit]) . 
Afte r  a  two-minut e dela y perio d followin g exposur e t o 
on e o f  thes e set s o f  stimuli ,  th e infant s wer e expose d t o 
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a modifie d versio n o f  th e origina l  stimulu s set .  T h e first 
syllabl e o f  on e nonsens e wor d ha d bee n change d fro m b a 
t o da ,  s o tha t  th e stimulu s se t  w a s n o w eithe r  [bazi] ,  [dalo] , 
[bamit ]  o r  [pazi] ,  [dalo] ,  [kamit] .  On l y infjint s w h o ha d 
previousl y hear d th e se t  containin g th e c o m m o n syllahl o 
(i.e. ,  th e first  se t  liste d above )  detecte d th e sub.sci|uen i 
chang e t o th e set . 

I n a  simila r  test ,  th e infant s wer e initiall y  fiuniliiirize d 
wit h stimulu s set s tha t  eithe r  share d ([bi ,  ba ,  bu] )  o r  di d 
not  shar e ([si ,  ba ,  tu] )  a  c o m m o n p h o n e m e .  Afte r  th e two -
minut e delay ,  the y wer e presentei d wit h a  modificatio n o f 
th e origina l  set ,  i n whic h [ba ]  ha d bee n replace d wit h [da] . 
Ther e w a s n o advantag e fo r  th e se t  wit h share d mater ia l — 
tha t  is ,  ther e w a s n o significan t  dififerenc e i n respondin g 
t o th e change d stimulu s se t  whethe r  o r  no t  th e origina l  se t 
ha d share d a  c o m m o n phoneti c segmen t  (Jusczyk ,  1992) . 

Thes e findings  sugges t  tha t  th e presenc e o f  a  share d 
syllabl e i n a  se t  o f  stimul i  lead s t o a  perceptio n o f  similarit y 
tha t  doe s notaris e w h e n these t  o f  stimul i  share s a c o m m o n 
phoneti c segment^ .  Thi s i n tur n suggest s that ,  a s note d 
earlier ,  th e syllabl e i s a  m o r e readil y accessibl e perceptua l 
uni t  tha n th e segment . 

To simulat e thes e experiments ,  w e constructe d th e set s 
of  stimul i  s h o w n i n Tabl e 1 .  A t  th e en d o f  2 0 epoch s 
of  trainin g o n th e inpu t  corpu s (wit h weigh t  adjustmen t  o f 
th e autopredict i  v e networ k only) ,  th e variou s stimulu s set s 
abov e wer e presente d a s inpu t  t o th e overal l  system ,  an d 
th e response s o f  th e classificatio n networ k wer e recorde d 
(wit h al l  thre e architectures) .  Thi s w a s mean t  t o simulat e 
th e response s o f  th e two-month-ol d infant . 

Result s fro m th e C L architectur e provid e th e cleares t 
pictureofhowtheclassificationnetworkresponds .  Tabl e 1 
show s th e indice s o f  th e sequenc e o f  winnin g competitiv e 
unit s fo r  eac h stimulus .  A s a n example ,  th e first  entr y 
i n th e lef t  co lum n indicate s that ,  w h e n th e stimulu s ba -
k e wa s bein g presente d t o th e system ,  th e classificatio n 
network' s respons e consiste d o f  sequentia l  activatio n o f 
th e unit s w h o s e indice s ar e 10 1 an d 116 . 

F o r t h e S Y L stimuli ,  uni t  10 1 i s repeatedl y activ e (a t  th e 
beginnin g o f  eac h stimulus) ,  an d thi s patter n o f  repeate d 
activit y i s  change d b y t h e S Y L - C stimuli .  Fo r  t h e N O S Y L 
stimuli ,  however ,  ther e i s n o repetitiv e activit y o f  an y par -
ticula r  unit ,  an d s o th e N (  ) S Y L - C stimul i  d o no t  represen t 
disruptio n o f  a  regula r  pattern .  I t  seem s entirel y reason -
abl e tha t  th e repeate d visitin g o f  a  particula r  networ k stat e 
(activit y o f  uni t  101 )  wou l d produc e a  highl y salien t  per -
ceptua l  experience ,  deviatio n f ro m whic h wou l d b e easil y 
detected .  Thi s provide s a  basi s fo r  understandin g w h y 
th e S Y L / S Y L - C chang e migh t  b e m o r e easil y detecte d 
tha n th e N ( ) S Y L / N ( ) S Y L - C change .  Ne two r k suite s fo r 
th e S E G / S E G - C an d N ( ) S E G / N ( ) S E G - C stimulu s sets ,  i n 
contrast ,  illustrat e th e fac t  tha t  th e variou s syllable s ba . 
bi  etc .  ar e categorize d a s distinc t  percepts .  Accordingly , 
th e patternin g o f  networ k response s t o th e S E G stimul i  i s 

'since there are two segments of overlap in the caseof [bazi], 
[balo] ,  [bamIt] ,  bu t  onl y on e segmen t  o f  overla p i n th e cas e o f 
[bi ,  ba ,  bu] ,  i t  coul d simpl y b e th e greate r  degre e o f  overla p tha t 
cause s perceptio n o f  similarit y i n th e first  case .  Th e appropriat e 
contro l  ha s bee n performe d t o rul e ou t  thi s possibilit y  (Jusczyk , 
1992) ,  althoug h w e wil l  no t  describ e i t  here . 

1 SY L 
ba-k e 
ba-i o 
ba-m i 

101 
101 
101 

116 
17 
62 

\  SYL- f 
bak e 
fa-l o 
ba mi 

101 
180 
101 

116 
17 
62 

NOSYL 
pa-k e 18 2 
da-t o 6 7 
ka-m i  11 6 

116 
17 
62 

NOSYL-C 
pa-k e 18 2 
fa-l o 18 0 
ka-m i  11 6 

116 
17 
62 

SE« 
bi  4 0 
ba 10 1 
bo 20 4 

SEĜ" 
bi  4 0 
da 6 7 
bo 20 4 

NI)!)E< i 
^  5 7 
ba 10 1 
10 1 7 

NOSEC..̂ ' 
fi  5 7 
da 6 7 
10 1 7 

Tabl e 1 :  Response s o f  C L classificatio n networ k t o stim -
ulu s sets ,  i.e. ,  indice s o f  th e sequenc e o f  winnin g com -
petitiv e unit s i n C L networ k i n respons e t o eac h stimulus . 
Descriptio n o f  stimuli :  (SYL )  {ba-k e ba-t o ba-mi }  (share d 
syllable) ;  (SYL-C )  {ba-k e fa-t o ba-mi )  (share d syllable , 
changed) ;  ( N O S Y L )  {pa-k e da-t o ka-mi }  (n o share d sylla -
ble) ;  ( N O S Y L - C )  {pa-k e fa-t o ka-mi }  (n o share d syllable , 
changed) ;  (SEG )  {b i  b a bo }  (share d segment) ;  (SEG-C ) 
{b i  d a bo }  (share d segment ,  changed) ;  ( N O S E G )  {f i  b a 
to }  (n o share d segment) ;  ( N O S E G - C )  {/ i  d a w }  (n o share d 
segment ,  changed) . 

no mor e salien t  tha n fo r  th e N O S E G stimuli ,  an d ther e 
woul d b e n o basi s fo r  differentia l  sensitivit y betwee n th e 
SEG/SEG-C an d N O S E G / N O S E G -C changes . 

I t  i s importan t  t o not e tha t  equivalen t  result s wer e ob -
taine d wit h bot h th e othe r  classificatio n networ k archi -
tectures .  Outpu t  uni t  response s fo r  bot h th e D B M an d 
M LP architecture s wer e projecte d ont o th e first  tw o prin -
cipa l  components .  Trajectorie s i n thi s two-dimensiona l 
spac e durin g presentatio n o f  th e S Y L stimul i  al l  bega n 
at  th e sam e point ,  whic h ca n b e though t  o f  a s repre -
sentin g th e syllabl e ba .  Non e o f  th e othe r  stimulu s set s 
SYL-C ,  N O S Y L o r  N O S Y L - C ha d trajectorie s wit h thi s 
property .  Thi s behavio r  provide s a  rational e fo r  w h y i t 
woul d b e easie r  t o detec t  th e SYL /SYL- C chang e tha n 
th e N O S Y L / N O S Y L - C change ,  completel y analogou s t o 
tha t  fo r  th e C L architecture ,  excep t  tha t  th e networ k state s 
ar e distribute d representation s rathe r  tha n discret e uni t  ac -
tivations .  Th e result s fo r  stimulu s set s SEG/SEG- C an d 
N O S E G / N O S E G -C wer e als o analogou s t o thos e obtaine d 
wit h th e C L architecture . 

The classificatio n networ k response s thu s provid e a n 
accoun t  o f  th e phenomen a observe d i n two-month-ol d in -
fants .  Thi s behavio r  i s  base d o n th e fac t  tha t  th e classifica -
tio n networ k use s demisyllable-size d perceptua l  chunks . 
That  is ,  demisyllable s suc h a s ba ,  b i  an d b o ar e al l  classi -
fied  a s distinc t  percepts .  I n consequence ,  ba-m i  an d ba-t o 
ar e similar ,  wherea s b a an d b i  ar e not . 

T wo feature s o f  th e mode l  ar e critica l  i n establishin g 
thi s perceptua l  unit .  First ,  consonant s i n th e inpu t  ar e 
neve r  pure ,  bu t  ar e alway s flavored  b y adjacen t  vowels , 
whic h i s a  realisti c propert y o f  th e inpu t  representation . 
As a  result ,  ther e i s n o tim e slic e fro m whic h th e clas -
sificatio n networ k coul d deriv e th e percep t  o f  b .  Thi s 
exclude s th e possibilit y  o f  consonanta l  perceptua l  units . 
Second ,  th e establishmen t  o f  demisyllable s a s th e unit s 
result s fro m join t  modulation ,  b y th e autopredict i  v e erro r 
and stres s level ,  o f  inpu t  gating .  A s show n i n Figur e 1  fo r 
gi ,  th e first  tim e slic e i s flavored  b y bot h adjacen t  vowel s 
(agai n representin g coarticulatio n effects) ,  whic h mean s 
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tha t  ther e i s n o completel y inviuiiui t  inpu t  representatio n 
fo r  an y give n deinisyliable .  Th e secon d an d thir d tim e 
slice s o f  th e demisyllabl e ar e invariant ,  however ,  an d th e 
combine d effec t  o f  th e stres s an d erro r  signal s i s t o filte r 
th e inpu t  s o tha t  onl y thes e invarian t  tim e slice s reac h th e 
classificatio n net .  Thus ,  realisti c propertie s o f  th e inpu t 
representation ,  togethe r  wit h th e filtering  effect s o f  stres s 
an d error ,  lea d th e classificatio n networ k t o se e onl y demi -

syllable s a s it s input . 

Loss of sensitivity to nonnative contrasts 

A numbe r  o f  developmenta l  speec h perceptio n result s 
hav e bee n describe d fo r  th e perio d betwee n 6  an d 1 2 
month s o f  age .  relatin g t o a  los s o f  sensitivit y t o non -
nativ e languag e contrasts .  Fo r  ex;unple .  i t  ha s bee n foun d 
tha t  English-learnin g infant s age d 6- 8 month s ar e abl e t o 
discriminat e Hind i  an d certai n othe r  nonnativ e contrasts , 
whil e infant s age d 10-1 2 month s ar e mostl y unabl e t o 
d o so ,  a s ar e adul t  nativ e speaker s o f  English .  H o w -
ever ,  English-learnin g infant s a t  al l  ages ,  a s wel l  a s adults , 
retai n th e abilit y  t o discriminat e certai n othe r  nonnativ e 
contrasts ,  suc h a s tha t  betwee n tw o Zul u click s (Werker , 
1991) .  Par t  o f  Werker' s accoun t  o f  thes e phenomen a i s 
tha t  bot h sound s i n th e Hind i  contras t  (involvin g a  denta l 
vs .  a  retrofle x [ta] )  m a y b y th e late r  ag e hav e becom e 
assimilate d t o th e nativ e Englis h alveloa r  [ta] ,  an d thu s 
cease d t o b e discriminable .  Th e Zul u clicks ,  o n th e othe r 
hand ,  m a y no t  b e easil y assimilabl e t o an y know n cate -
gory ,  an d henc e remai n discriminable . 

To examin e th e model' s response s t o unknow n sounds , 
a "dental "  an d "retroflex "  t  wer e simulate d b y modify -
in g th e valu e o f  th e "coronality "  feature ,  fro m 1. 0 fo r  th e 
alveola r  i ,  t o 0. 7 an d 0. 3 fo r  th e denta l  an d retrofle x ver -
sion s respectively .  Thes e wer e use d t o creat e "nonnative " 
stimuli :  a  denta l  ta ,  whic h wil l  b e denote d b y i(d)a ,  an d 
a retrofle x ta ,  denote d b y i(r)a .  Th e syllable s n a an d ng a 
wer e treate d a s a  secon d nonnativ e contrast ,  sinc e neithe r 
of  the m wa s include d i n th e inpu t  corpus . 

As mentione d above ,  adjustmen t  o f  weight s i n th e clas -
sificatio n networ k bega n afte r  th e overal l  syste m ha d bee n 
expose d t o th e inpu t  corpu s fo r  8 0 epochs ,  an d continued 
fo r  2 0 epochs .  Jus t  prio r  t o th e star t  o f  thi s trainin g (i.e. , 
at  8 0 epochs) ,  th e overal l  syste m wa s teste d o n th e non -
nativ e stimulu s set̂ .  Thi s i s mean t  t o simulat e testin g o f 
th e infant' s abilitie s a t  ag e 8  months .  Result s fro m th e C L 
classificatio n networ k ar e show n i n th e left-han d par t  o f 
Tabl e 2 .  A s shown ,  th e nonnativ e stimul i  ar e responde d 
t o b y dififeren t  units ,  indicatin g thei r  discriminability . 

Th e overal l  syste m wa s teste d agai n o n th e nonnativ e 
stimuli ,  a t  th e th e en d o f  th e 2 0 epoch s o f  training .  Result s 
from  th e C L classificatio n networ k ar e show n i n th e right-
han d par t  o f  Tabl e 2 .  Th e sam e uni t  n o w respond s t o 
ta ,  t(d)a .  an d t(r)a ,  indicatin g tha t  th e nonnativ e stimul i 
hav e bee n assimilate d t o th e k n o w n t a category .  Th e n a 
an d ng a stimul i  ar e stil l  responde d t o b y differen t  units , 
however ,  indicatin g tha t  the y ar e no t  assimilabl e t o k n o w n 

Befor e trainin g 

t a 15 3 
t(d) a 15 3 
t(r) a 5 0 

ma 9 2 
na 14 9 
nga 20 4 

Afte r  trainin g 

l a 15 3 
tid) a 15 3 
t(r) a 15 3 

ma 
na 
nga 

92 
100 
39 

"Th e syllable s t a an d m a wer e include d i n th e testing ,  fo r 
purpose s o f  comparison ,  bein g th e closes t  traine d stimul i  t o th e 
t(d)a-t(r) a an d na-ng a contrasts ,  respectively . 

Tabl e 2 :  Response s o f  C L classificatio n networ k t o non -
nativ e stimuli . 

categories . 

Equividen t  result s wer e obtaine d wit h th e D B M ,  bu t  no t 
th e M L P iirchitecture .  ()utpu t  response s o f  th e D B M clas -
sificatio n networ k wer e projecte d ont o th e first  tw o princi -
pal  components .  Befor e training ,  th e network' s response s 
wer e quit e widel y separate d i n stat e spjice ,  indicatin g dis -
criminabilit y o f  al l  th e stimuli .  Afte r  training ,  howeve r 
response s t o th e stimul i  wer e muc h les s disperse d i n stat e 
space .  However ,  n a an d ng a wer e considerabl y furthe r 
disperse d thii n t(d) a an d t(r)a .  Thes e result s <ir e analo -
gou s t o thos e obtaine d wit h th e C L architecture .  Wit h th e 
M LP architecture ,  however ,  th e opposit e tren d appeared : 
response s t o th e stimul i  wer e mor e widel y disperse d afte r 
trainin g tha n befor e training . 

Thes e result s ca n als o b e examine d i n term s o f  th e aver -
age pairwis e distanc e betwee n member s o f  th e ta-t(d)a -
i(r) a an d ma~na-ng a triples .  Wit h th e D B M ,  th e rati o o f 
thi s averag e dismnc e afte r  trainin g t o th e averag e distanc e 
befor e trainin g wa s 0.4 2 fo r  th e stops ,  an d 0.5 7 fo r  th e 
nasals ,  illustratin g tha t  discriminabilit y  ha d decrease d fo r 
bot h groups ,  bu t  mor e s o fo r  th e stops .  Wit h th e M L P 
architecture ,  however ,  th e after-befor e rati o wa s 2.7 7 fo r 
th e stop s an d 15.0 1 fo r  th e nasals ,  indicatin g tha t  th e m e m-
ber s o f  eac h grou p ha d becom e mor e discriminabl e afte r 
training . 

Th e result s obtaine d wit h th e C L an d D B M architecture s 
demonstrat e los t  sensitivit y t o certai n nonnative  contrast s 
as wel l  a s retaine d sensitivit y t o certai n othe r  nonnativ e 
contrasts .  Thi s no t  onl y simulate s th e observe d devel -
opmenta l  phenomena ,  i t  als o provide s a  computationa l 
accoun t  o f  suc h a  process ,  an d thereb y a  basi s fo r  un -
derstandin g w h y th e observe d selectiv e los s o f  nonnativ e 
contrast s i n infant s migh t  arise .  A s th e perceptua l  ("clas -
sification" )  syste m develops ,  i t  become s attune d to ,  an d 
begin s t o categorize ,  sound s occurrin g i n th e environment . 
Othe r  (nonnative )  sound s n o w ten d t o b e interprete d i n 
term s o f  th e categorie s develope d fo r  known ,  occurrin g 
sounds . 

Th e D B M i s a n "attractor "  network ,  i n whic h th e 
learne d state s represen t  basin s o f  attraction .  Thi s mean s 
tha t  input s simila r  t o thos e tha t  hav e bee n learne d wil l  ten d 
t o resul t  i n on e o f  thes e attracto r  states .  Th e C L classi -
fication  networ k discretel y approximate s thi s propert y o f 
th e D B M ,  i n tha t  a n inpu t  i s mappe d t o th e outpu t  uni t 
wit h mos t  closel y simila r  weights .  Th e fac t  tha t  th e los s 
of  nonnativ e contrast s i s simulate d wit h th e C L an d D B M 
architectures ,  bu t  no t  th e M L P architectur e i s therefor e in -
teresting ,  suggestin g tha t  th e formatio n o f  attracto r  state s 
i s necessar y t o simulat e thi s developmenta l  trend .  Th e 
M LP doe s no t  for m attractors ,  an d i s therefor e unabl e t o 
captur e thi s phenomenon . 
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D i s c u s s i o n 

T h e presen t  wor k provide s a  numbe r  o f  interestin g demon -
strations ,  i n th e contex t  o f  tw o selecte d phenomen a fro m 
infan t  speec h perception .  First ,  th e simulation s provid e a 
goo d accoun t  o f  th e selecte d developmenUi l  phcrumicna . 
and thu s sugges t  computationa l  mechitnism s (ha i  coul d 
implemen t  thes e processes .  Th e simulation s furlhe r  sug -
ges t  tha t  th e developmen t  o f  attracto r  state s m a y b e nec -
essar y i n modelin g thes e phenomena .  Second ,  th e sim -
ulation s provid e specifi c  suggestion s abou t  th e natur e o f 
e<irl y phonologica l  representations ;  i n particular ,  the y sug -
ges t  tha t  thes e representation s m a y b e organize d aroun d 
demisyllable-size d units .  Third ,  th e wor k suggest s tha t  a 
simpl e mechanis m utilizin g informatio n abou t  predictiv e 
erro r  an d stres s leve l  ca n implemen t  tempora l  integratio n 
ove r  a  demisyllable-size d window .  Thi s i s interestin g i n 
tw o ways :  (i )  i t  provide s a  mean s o f  extractin g stati c 
representation s fro m a  dynami c an d nonlinea r  signal ;  (ii ) 
althoug h th e significanc e o f  bot h th e syllabl e an d o f  stres s 
i n speec h perceptio n ha s lon g bee n note d (Gleitma n e t  al. , 
1988) ,  th e presen t  wor k provide s a  specifi c  demonstratio n 
of  h o w stres s informatio n migh t  b e utilize d i n generatin g 
syllable-lik e perceptions . 

Of  course ,  m u c h o f  th e interes t  o f  suc h result s lie s i n 
what  the y migh t  revea l  abou t  th e natur e o f  phonologica l 
processin g o f  mor e comple x wor d forms ,  involving ,  fo r 
example ,  consonan t  clusters .  I t  i s  unclea r  whethe r  o r 
h o w th e presen t  mode l  woul d scal e u p t o dealin g wit h 
these .  Also ,  th e classificatio n networ k essentiall y  repond s 
t o word s b y spellin g the m ou t  a s demis y Uables ,  an d i t  i s  no t 
clea r  whethe r  thi s provide s a  realisti c accoun t  o f  syllabi c 
sensitivitie s outsid e o f  th e experiment s considere d here . 
Thes e ar e obviou s question s fo r  furthe r  research . 
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