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Abstrac t 

Newl y b o m infant s ar e abl e t o finely  discriminat e almos t  al l 
human speec h contrast s an d thei r  phonemi c categor y bound -
arie s ar e initiall y  identical ,  eve n fo r  phoneme s outsid e thei r 
targe t  language ,  A  connectionis t  mode l  i s  describe d whic h ac -
count s fo r  thi s ability .  Th e approac h take n ha s bee n t o de -
velo p a  mode l  o f  innatel y guide d learnin g i n whic h a n arti -
ficial  neura l  networ k ( A N N )  i s store d i n a  "genome "  whic h 
encode s it s architectur e an d learnin g rules .  Th e spac e o f  pos -
sibl e A N N s i s searche d wit h a  geneti c algorith m fo r  network s 
tha t  ca n lear n t o discriminat e huma n speec h sounds .  Thes e 
network s perfor m equall y wel l  havin g bee n traine d o n speec h 
spectr a fro m an y huma n languag e s o fa r  teste d (English ,  Can -
tonese ,  Swahih ,  Farsi ,  Czech ,  Hindi ,  Hungarian ,  Korean ,  Pol -
ish ,  Russian ,  Slovak .  Spanish ,  Ukrania n an d Urdu) .  Trainin g 
th e featur e detector s require s exposur e t o jus t  on e minut e o f 
speec h i n an y o f  thes e languages .  Categorisatio n o f  speec h 
sound s base d o n th e networ k representation s showe d th e hall -
mark s o f  categorica l  perception ,  a s foun d i n huma n infant s an d 
adults . 

I n t r o d u c t i o n 

Precocious abilities in newborn infants are frequently taken 
as evidenc e o f  "hard-wire d microcircuitry "  tha t  i s  innatel y 
specified .  O n e suc h abilit y  i s  tha t  o f  newbor n infant s t o b e 
universa l  listeners ,  abl e t o discriminat e speec h contrast s o f 
al l  languages .  Thi s i s al l  th e mor e remarkabl e sinc e th e low -
pas s filtere d speec h sound s tha t  foetuse s hea r  i n uter o var y 
widel y betwee n differen t  languages . 

Eima s e t  al .  (1971 )  showe d tha t  1- 4 mont h ol d infant s dis -
playe d categorica l  perceptio n o f  th e syllable s /ba /  an d /pa/ . 
Tha t  i s t o say ,  infant s carv e u p th e phoneti c spac e int o a  se t 
of  categorie s wit h shar p boundaries .  Variant s o f  phoneme , 
suc h a s /b/ ,  ar e no t  discriminable ,  eve n thoug h the y diffe r 
acousticall y b y th e sam e amoun t  a s /p /  an d /b/ .  M o r e re -
cen t  researc h ha s show n tha t  th e categorie s ar e universal , 
so tha t  English-learnin g infant s ca n discriminat e non-nativ e 
contrast s i n Czec h (Trehub ,  1973) ,  Hind i  (Werker ,  Gilbert , 
Humphrey ,  &  Tees ,  1981) ,  Nthlakamp x (Werke r  &  Tees , 
1984) ,  Spanis h (Aslin ,  Pisoni ,  Hennessy ,  &  Perey ,  1981 )  an d 
Zul u (Best ,  McRoberts ,  &  Sithole ,  1988) .  Thi s suggest s tha t 
infant s develo p a n initia l  representatio n o f  speec h tha t  i s  uni -
versa l  an d largel y insensitiv e t o th e particula r  languag e t o 
whic h the y ar e exposed . 

M a ny connectionis t  model s o f  languag e acquisitio n tak e 
a full y  develope d featura l  o r  phonemi c representatio n o f  th e 
speec h signa l  a s thei r  inpu t  rathe r  tha n spectr a (Christiansen , 
Allen ,  &  Seidenberg ,  I n press ;  Elman ,  1990) .  Thi s side-step s 

th e proble m o f  acousti c variabilit y  an d make s th e tas k o f  ac -
quisitio n considerabl y easier .  Suc h model s woul d b e mor e 
convincin g i f  i t  coul d b e demonstrate d tha t  suitabl e feature s 
coul d b e rapidl y learne d wel l  befor e wor d comprehensio n be -
gins . 

Description of the Model 

Th e mode l  build s o n interactiv e activatio n models ,  wit h thre e 
majo r  modifications : 

Learning Each network learns using many different, unsu-
pervise d learnin g rules .  Thes e us e onl y loca l  information , 
and s o ar e biologicall y plausible . 

Flexible Architecture Every network is split into a number 
of  separat e subnetworks .  Thi s allow s exploratio n o f  differ -
ent  neurona l  architectures ,  an d i t  become s possibl e t o us e 
differen t  learnin g rule s t o connec t  subnetworks .  Subnet -
work s diffe r  i n thei r  time-constants ,  an d therefor e respon d 
t o informatio n ove r  a  rang e o f  time-scales . 

Genetic Selection Networks are evolved using a technique 
calle d geneti c connectionism .  Usin g a  geneti c algorith m 
allow s grea t  flexibilit y  i n th e typ e o f  neura l  networ k tha t 
ca n b e used .  Al l  th e attribute s o f  th e neura l  networ k ca n 
be simultaneousl y optimise d rathe r  tha n jus t  th e connec -
tions .  I n thi s mode l  th e architecture ,  learnin g rule s an d 
time-constant s ar e al l  optimise d together . 

Genome Design and Sexual Reproduction 

Th e genom e ha s bee n designe d t o hav e tw o chromosome s 
store d a s array s o f  numbers .  O n e chromosom e store s th e at -
tribute s o f  eac h subnetwork ,  suc h a s th e numbe r  o f  unit s i n 
th e subnetwork ,  th e subnetwor k tim e constan t  an d th e indice s 
of  th e othe r  subnetwork s t o whic h th e subnetwor k projects . 
Th e othe r  chromosom e store s learnin g rule s whic h ar e use d 
t o modif y connection s betwee n individua l  units . 

Durin g sexua l  reproductio n o f  tw o network s th e tw o chro -
m o s o m es fro m eac h paren t  ar e independentl y recombined .  I n 
recombination ,  a  poin t  withi n a  chromosom e arra y i s ran -
doml y chosen ,  an d al l  th e informatio n u p t o tha t  poin t  i s 
copie d fro m th e paterna l  chromosom e an d th e res t  o f  th e 
chromosom e i s copie d fro m th e materna l  chromosom e creat -
in g a  hybri d chromosom e wit h informatio n from  bot h parents . 
Clearly ,  th e subnetwor k an d learnin g rul e chromosome s mus t 
be th e sam e lengt h fo r  sexua l  recombinatio n t o occur ,  s o no t 
al l  pair s o f  parent s ca n reproduce .  Parent s mus t  b e sexuall y 
compatibl e i.e .  mus t  hav e th e sam e numbe r  o f  subnetwork s 
and learnin g rules . 
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D y n a m i c s 

The dynamic s o f  al l  unit s i n th e networ k ar e governe d b y th e 
first  orde r  equatio n 

:i ) 

Where t ^  i s th e tim e constan t  fo r  subnetwor k n ,  a j  i s  th e 

activit y o f  th e j' h uni t  i n subnetwor k s ,  a ^  i s th e activit y o f 

th e jt h uni t  i n subnetwor k n ,  w'J* "  i s th e synapti c strengt h 

betwee n th e j ^ ^  uni t  i n subnetwor k s  an d th e it h uni t  i n sub -
networ k n .  I n othe r  words ,  th e rat e o f  chang e i n th e activatio n 
of  a  uni t  i s a  weighte d su m o f  th e activit y o f  th e unit s whic h 
ar e connecte d t o th e uni t  i ,  minu s a  deca y term .  I f  ther e i s 
no inpu t  t o th e uni t  it s activit y die s awa y exponentiall y  wit h 
tim e constan t  Tn -  Th e activit y o f  a  uni t  wil l  b e stead y whe n 
th e activit y o f  th e uni t  i s  equa l  t o it s ne t  input .  Activitie s wer e 
constraine d t o li e i n th e rang e 0. 0 <  a  <  1.0 .  Networ k activ -
it y  fo r  al l  th e unit s wa s update d i n a  synchronou s fashio n wit h 
a fixed  time-ste p o f  1 0 m s usin g a  fourt h orde r  Runge-Kutt a 
integratio n schem e adapte d fro m Numerica l  Recipe s (Press , 
Flannery ,  Teukolsky ,  &  Vetterling ,  1988) . 

Architecture 

The architectur e ha s t o b e store d i n a  "genome "  t o allo w i t  t o 
evolv e wit h a  geneti c algorithm ,  an d on e ver y flexibl e metho d 
of  encodin g th e architectur e i s t o creat e a  subnetwor k con -
nectivit y matrix .  I f  ther e ar e n  subnetwork s i n th e network , 
the n th e subnetwor k connectivit y matri x wil l  b e a n n  b y n 
matrix .  Th e colum n numbe r  indicate s th e subnetwork/ro m 
whic h connection s project ,  an d th e ro w numbe r  indicate s th e 
subnetwork s t o whic h connection s project . 

Comple x architecture s ca n b e represente d usin g a  subnet -
wor k connectivit y matrix .  Th e matri x allow s diagona l  ele -
ment s t o b e non-zero ,  allowin g a  subnetwor k t o b e full y con -
necte d t o itself .  I n addition ,  th e subnetwor k connectivit y ma -
tri x i s use d t o determin e whic h learnin g rul e wil l  b e use d 
fo r  th e connection s betwee n an y pai r  o f  subnetworks .  I f  a n 
elemen t  i s zer o ther e ar e n o connection s betwee n tw o sub -
networks .  A  positiv e intege r  elemen t  indicate s tha t  subnet -
work s ar e full y  connecte d an d th e valu e o f  th e intege r  spec -
ifie s whic h on e o f  th e man y learnin g rule s t o us e fo r  tha t  se t 
of  connections .  A  simpl e architectur e i s show n i n Figur e 1 
alongsid e it s correspondin g subnetwor k connectivit y mau-ix . 

Learning Rules 

Learnin g rule s ar e o f  th e genera l  for m show n i n equatio n 2 . 
They ar e store d i n th e networ k genom e i n group s o f  seve n 
coefficient s fco  t o fee  followin g th e representatio n use d b y 
Chalmer s (1990) . 

Awij = l{ko + kiai+ k2aj + fcsajttj -I-

k4Wi j  +  k^UiWi j  +  keajWij )  (2 ) 

In Equation 2, Awij is the change in synaptic strength be-
twee n unit s j  an d z ,  /  i s  th e learnin g rate ,  a ^  i s th e activit y 
of  uni t  i ,  Q j  i s  th e activit y o f  uni t  j  an d Wi j  i s  th e curren t 
synapti c strengt h betwee n unit s j  an d i .  Th e learnin g rat e 
/  i s  use d t o scal e weigh t  change s t o smal l  value s fo r  eac h 

tim e ste p t o avoi d undesirabl y rapi d weigh t  changes .  Th e 
coefficient s i n thi s equatio n determin e whic h learnin g rul e 
i s used .  Fo r  example ,  a  Hebbia n learnin g rul e woul d b e 
represente d i n thi s schem e wit h /c a >  0  an d fco <  0  an d 
ki  -  k 2 — k i  =  k ^  — k ^  =  0 .  Connection s betwee n unit s 
usin g thi s learnin g rul e woul d b e strengthene d i f  bot h unit s 
wer e simultaneousl y active .  A  networ k ha s severa l  learn -
in g rule s i n it s genom e store d a s a  se t  o f  thes e coefficients . 
Weigh t  value s ar e clippe d t o avoi d extremel y larg e value s 
developin g ove r  lon g trainin g periods .  Th e rang e use d wa s 
-1. 0 <  A w i j  <  +1.0 . 

Training and Evaluation of Fitness 

Networks were trained and evaluated using digitised speech 
files  take n fro m th e D A R P A T I M I T Acoustic-Phoneti c Con -
tinuou s Speec h Corpu s (TIMIT )  a s describe d i n Garofol o e t 
al .  (1990) .  Al l  network s wer e constraine d t o hav e 6 4 in -
put  unit s becaus e speec h sound s wer e represente d a s powe r 
spectr a wit h 6 4 values .  Thi s wa s a n artificia l  constrain t  im -
pose d b y th e forma t  o f  th e spectra .  Th e powe r  spectr a wer e 
calculate d wit h a  modifie d versio n o f  th e O G I  speec h tool s 
progra m M A K E D FT wit h a  windo w siz e o f  1 0 m s an d wit h 
successiv e window s adjacen t  t o on e another .  Fo r  thes e simu -
lation s 8  outpu t  subnetwork s wer e use d t o represen t  feature s 
becaus e thi s i s roughl y th e numbe r  claime d t o b e necessar y 
fo r  distinguishin g al l  huma n speec h sound s b y som e phoneti -
cian s (Jakobso n &  Waugh ,  1979) . 

Al l  th e connections ,  bot h withi n an d betwee n subnetworks , 
wer e initiall y  randomise d t o value s betwee n -1. 0 an d +1.0 . 
Network s wer e the n expose d t o a  fixed  numbe r  o f  different , 
randoml y selecte d trainin g sentence s (usuall y  30) .  O n eac h 
time-ste p activit y wa s propagate d throug h th e networ k o f  sub -
network s t o produc e a  respons e activit y o n th e outpu t  units . 
Al l  connection s wer e the n modifie d accordin g t o th e learnin g 
rule s specifie d i n th e genome .  O n th e nex t  time-ste p a  ne w in -
put  patter n correspondin g t o th e nex t  time-slic e o f  th e speec h 
signa l  wa s presente d an d th e proces s o f  activit y propagatio n 
and weigh t  modificatio n repeated .  Th e proces s o f  integratin g 
activitie s an d weigh t  update s wa s repeate d unti l  th e networ k 
had worke d it s wa y throug h al l  th e time-slice s o f  eac h sen -
tence . 

I n th e testin g phas e activatio n wa s propagate d throug h th e 
networ k withou t  weigh t  changes .  Th e weight s wer e froze n 
at  th e value s the y attaine d a t  th e en d o f  th e trainin g phase . 
Testin g sentence s wer e alway s differen t  fro m trainin g sen -
tences .  W h e n a  time-slic e corresponde d wit h th e mid-poin t  o f 
a phoneme ,  a s define d i n th e T I M I T phonologica l  transcrip -
tio n file,  th e outpu t  uni t  activitie s wer e store d alongsid e th e 
correc t  identit y o f  th e phoneme .  Networ k fitness  wa s calcu -
late d usin g th e store d outpu t  uni t  activitie s afte r  th e networ k 
had bee n expose d t o al l  th e testin g sentences .  Th e fitness 
functio n /  wa s 

, ^  T, ^  T,'i'=i+idist{oi,Oj )  • 

'  ~  N{ N -  1 ) 
(3 ) 

Where s  =  -1- 1 i f  i  an d j  ar e differen t  phoneme s an d 
s =  - 1 i f  i  an d j  ar e th e identica l  phonemes ,  6 1 an d O j  wer e 
th e outpu t  uni t  activitie s a t  th e midpoin t  o f  al l  T V phoneme s 
and s  wa s eithe r  + 1 o r  - 1 dependin g o n whethe r  phoneme s i 
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Figur e 1 :  A  networ k wit h 9  subnetworks .  Subnetwor k 1  an d 2  ar e th e inpu t  an d outpu t  subnetworks ,  respectively .  Arrow s 
represen t  set s o f  connection s an d th e typ e o f  learnin g rul e employe d b y thos e set s o f  connections .  Ther e ar e thre e learnin g 
rule s used ;  soli d arro w (learnin g rul e 1) ,  dashe d arro w (learnin g rul e 2 )  an d dotte d arro w (learnin g rul e 3) .  S o m e subnetwork s 
ar e full y  connecte d t o themselves ,  suc h a s subnetwor k 8  (sinc e Cg g =  1) ,  whil e other s ar e informatio n way-stations ,  suc h a s 
subnetwor k 5  (C5 5 — 0) . 

and j  wer e differen t  an d dis t  wa s euclidea n distance .  Thi s fit-
nes s functio n favoure d network s tha t  represente d occurrence s 
of  th e sam e phonem e a s similarl y a s possibl e an d differen t 
phoneme s a s differentl y a s possible .  A  perfec t  networ k woul d 
hav e al l  instance s o f  a  give n phonem e typ e mappin g ont o th e 
same poin t  i n th e outpu t  uni t  spac e an d differen t  phoneme s a s 
fa r  apar t  a s possible .  Not e tha t  constan t  outpu t  uni t  activitie s 
woul d resul t  i n a  fitness  o f  0.0 .  A n idea l  learnin g rul e woul d 
be abl e t o find  a n appropriat e se t  o f  weight s whateve r  th e ini -
tia l  startin g poin t  i n weigh t  space .  Eac h networ k wa s traine d 
and teste d thre e time s fro m completel y differen t  rando m ini -
tia l  weight s o n completel y differen t  sentences .  Thi s reduce d 
rando m fitness  variation s cause d b y th e varyin g difficult y o f 
training/testin g sentence s an d th e choic e o f  initia l  weights . 

Evolutio n wa s carrie d ou t  wit h a  populatio n o f  5 0 net -
works .  G e n o m e s wer e initiall y  generate d wit h certai n lim -
it s o n th e variables .  Al l  genome s ha d 1 6 inpu t  subnetwork s 
and 8  outpu t  subnetwork s wit h tim e constant s randoml y dis -
tribute d i n th e rang e 10 0 m s t o 40 0 ms .  Th e inpu t  subnet -
work s ha d 4  unit s eac h an d th e outpu t  subnetwork s ha d 1  uni t 
each .  Eac h networ k starte d wit h 1 0 differen t  learnin g rule s 
wit h intege r  coefficient s randoml y distribute d i n th e rang e - 2 
t o +2 .  Subnetwor k connectivit y matrice s wer e generate d wit h 
a probabilit y  o f  an y elemen t  bein g non-zer o o f  0.3 .  I f  a n ele -
ment  wa s non-zero ,  th e learnin g rul e use d fo r  th e connection s 
betwee n th e subnetwork s wa s randoml y selecte d fro m th e 1 0 
learnin g rule s define d fo r  th e network .  Th e network s wer e 
als o constraine d t o b e feed-forward . 

Results 

AH results shown are from the best network evolved (fit-
ness=0.45 )  afte r  i t  ha d bee n u-aine d o n 3 0 Englis h sentence s 
correspondin g t o abou t  2  minute s o f  continuou s speech .  Fig -
ur e 2  show s th e respons e o f  thi s networ k t o on e o f  th e T I M I T 
testin g sentences .  F ro m th e respons e o f  th e featur e unit s t o 
speec h sound s (se e Figur e 2 )  i t  wa s clea r  tha t  som e unit s wer e 
switche d of f  b y fricatives ,  an d som e unit s wer e switche d o n 
by voicing ,  s o bot h excitatio n an d inhibitio n pla y a n impor -

tan t  par t  i n th e functionin g o f  th e featur e detectors .  Th e fea -
tur e uni t  response s di d no t  see m t o correlat e directl y wit h an y 
othe r  standar d acousti c feature s (e.g .  nasal ,  compact ,  grave , 
flat  etc.) .  A n analysi s o f  th e frequenc y respons e o f  th e eigh t 
featur e detector s (se e Figur e 3 )  showe d tha t  eac h uni t  ha d ex -
citator y projection s fro m severa l  frequenc y bands .  Generally , 
th e frequenc y response s wer e mutuall y exclusiv e s o tha t  eac h 
uni t  responde d t o slightl y differen t  sounds ,  a s on e woul d ex -
pect . 

Featur e Uni t  8  • 

Feature Unit 7 

Feature Unit 6 

Feature Unit 5 III 

Feature Unit 4 11 

Feature Unit 3 

Feature Unit 2 

Feature Unit 1 

0 2 4 6 
Frequenc y /  kH z 

Figur e 3 :  Comple x frequenc y respons e o f  al l  eigh t  featur e 
unit s t o pur e tones .  Featur e unit s 2  an d 3  receiv e stron g ex -
citator y input s fro m lo w frequencie s (belo w 4  kHz )  an d ar e 
therefor e activate d b y voicing . 

In order to determine the cross-linguistic performance of 
th e "innate "  feature s evolve d o n Englis h speech ,  soun d files 
of  th e new s i n severa l  language s wer e obtaine d fro m th e Voic e 
of  Americ a F T P sit e ( f t p . v o a . g o v ) .  Sinc e phonologi -
cal  transcriptio n files  wer e no t  availabl e fo r  thes e files  the y 
coul d no t  b e use d t o tes t  th e network ,  becaus e th e time s o f  th e 
phoneme mid-point s wer e unknown .  Al l  th e V G A broadcas t 

•  n 
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Figur e 2 :  N e t w o r k respons e t o th e sentenc e "Agricultura l  product s ar e unevenl y distributed "  ( T I M I T speec h file 
test/dr3/fkms0/sxl40) .  Inpu t  unit s ar e fe d wit h s o u n d spectr a a n d activat e th e featur e units .  Activit y i s s h o w n a s a  gre y scal e 
( m a x i m u m activit y i s portraye d a s black )  wit h t im e o n th e horizonta l  axis .  P h o n e a n d w o r d star t  a n d e n d t ime s a s liste d i n 
TIMI T ar e show n i n th e botto m two  panels .  Thi s  i s th e sam e networ k a s show n i n Figur e 3 . 

languages '  wer e use d a s trainin g files,  an d th e networ k wa s 
teste d o n 3 0 America n Englis h sentence s foun d i n th e TIMI T 
speec h files.  Th e time-cours e o f  developmen t  fo r  fou r  lan -
guage s ar e show n i n Figur e 4 .  Maximu m fitness  wa s reache d 
afte r  trainin g o n an y languag e fo r  roughl y 2 0 sentence s (eac h 
lastin g abou t  3  seconds) . 

Al l  o f  th e huma n language s teste d seeme d t o b e equall y  ef -
fectiv e fo r  trainin g th e networ k t o represen t  Englis h speec h 
sounds .  T o se e whethe r  an y sound s coul d b e use d fo r  train -
ing ,  th e networ k wa s traine d o n whit e noise .  Thi s resulte d i n 
slowe r  learnin g an d a  lowe r  fitness.  Th e fitness  fo r  a  networ k 
U-aine d o n whit e nois e neve r  reache d tha t  o f  th e sam e net -
wor k traine d o n huma n speech .  A n eve n wors e impedimen t 
t o learnin g wa s t o trai n o n low-pas s filtered  huma n speech . 

Categorica l  perceptio n o f  som e phoneme s i s a  robus t  phe -
nomenon observe d i n bot h infant s an d adults .  W e teste d 
th e networ k o n a  speec h continuu m rangin g betwee n tw o 
phonemes an d calculate d th e chang e i n th e representatio n o f 
th e speec h token s alon g thi s continuum .  Not e tha t  thi s mode l 
simpl y create s a  representatio n o f  speec h o n whic h identifi -
catio n judgement s ar e based .  I t  doe s no t  identif y phoneme s 
itself .  Al l  tha t  th e mode l  ca n provid e i s distance s betwee n it s 
interna l  representation s o f  differen t  sounds .  Categorica l  per -
ceptio n ca n b e exhibite d b y thi s networ k i f  th e interna l  rep -
resentatio n exhibit s non-linea r  shift s wit h gradua l  change s i n 
th e inpu t  i.e .  a  smal l  chang e i n th e inpu t  spectru m ca n caus e 
a larg e chang e i n th e activit y o f  th e outpu t  units . 

Usin g a  pai r  o f  rea l  /J /  an d /s /  specu- a fro m a  mal e speaker , 
a serie s o f  eleve n specU- a wer e create d whic h forme d a  lin -
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Figur e 4 :  N e t w o r k p e r f o r m a n c e increase s t o it s final  valu e 
afte r  presentatio n o f  jus t  2 0 sentence s regardles s o f  th e lan -
g u a g e use d t o trai n th e ne twork .  T h e si x curve s s h o w th e 
learnin g curve s fo r  a  n e t w o r k teste d o n 3 0 sentence s o f  E n -
glis h havin g bee n traine d o n English ,  C a n t o n e s e ,  Swahil i , 
Farsi ,  whit e nois e a n d low-pas s filtered  English . 

'English ,  Cantonese ,  Swahili ,  Farsi ,  Czech ,  Hindi ,  Hungarian , 
Korean ,  Polish ,  Russian ,  Slovak ,  Spanish ,  Ukrania n an d Urdu . 
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ear  continuu m fro m a  pur e // /  t o a  pur e /s/ .  Thi s wa s don e 
by linearl y interpolatin g betwee n th e tw o spectra ,  s o th e sec -
on d spectru m i n th e continuu m wa s a  linea r  su m o f  0. 9 time s 
th e // /  spectru m plu s 0. 1 time s th e /s /  spectrum .  Th e nex t 
spectru m wa s a  linea r  s u m o f  0. 8 time s th e // /  spectru m plu s 
0. 2 time s th e /s /  spectrum ,  an d s o o n fo r  al l  nin e intermediat e 
spectr a u p t o th e pur e /s/ .  Eac h o f  th e eleve n spectr a i n th e 
continuu m wer e individuall y fe d int o th e inpu t  o f  a  networ k 
tha t  ha d bee n traine d o n 3 0 sentence s o f  continuou s speec h 
i n English .  Th e outpu t  featur e response s wer e store d fo r  eac h 
spectru m i n th e continuum .  Th e distance s o f  thes e featur e 
vector s fro m th e pur e /J" /  an d pur e /s /  ar e show n i n Figur e 5 . 

/sh / 
Inpu l  Spcclru m 

Figur e 5 :  Respons e o f  th e networ k t o inpu t  o n a  // /  -  /s /  con -
tinuum .  Circle s sho w th e distanc e fro m a  pur e // /  an d trian -
gle s sho w th e distanc e fro m a  pur e /s/ . 

Clearly, the distance of the pure /J/ from itself is zero, but 
movin g alon g th e continuum ,  th e distanc e fro m th e pur e // / 
increase s steadil y unti l  i t  reache s a  m a x i m u m fo r  th e pur e 
/s /  (distance s wer e scale d suc h tha t  th e m a x i m u m distanc e 
was 1) .  I t  i s  clea r  fro m Figur e 5  tha t  th e representatio n i s 
non-linear .  Tha t  is ,  linea r  variation s i n th e inpu t  spectru m 
do no t  resul t  i n linea r  change s i n th e activit y o f  th e featur e 
units .  Compare d t o th e spectra l  representatio n o f  th e // / 
/s /  continuum ,  th e networ k re-represent s th e distance s i n th e 
followin g ways : 

• There is a discontinuity in the distances which occurs 
close r  t o th e // /  tha n th e Isl . 

• The distance from the representation of a pure /s/ remains 
smal l  fo r  spectr a tha t  ar e a  thir d o f  th e wa y towar d th e pur e 

A classifier system using this representation would there-
for e shif t  th e boundar y betwee n th e tw o phoneme s towar d 
// /  an d b e relativel y insensitiv e t o spectra l  variation s tha t  oc -
curre d awa y fro m thi s boundary .  Thes e ar e th e hallmark s o f 
categorica l  perception . 

D iscuss io n 

By developin g a n appropriat e architecture ,  time-constant s 
and learnin g rule s ove r  man y generations ,  th e tas k o f  learn -
in g t o represen t  speec h sound s i s mad e mor e rapi d ove r  th e 
cours e o f  developmen t  o f  a n individua l  network .  Evolutio n 
doe s al l  th e har d wor k an d give s th e networ k a  developmen -
ta l  "leg-up" .  However ,  havin g th e correc t  innat e architectur e 
and learnin g rule s i s no t  sufficien t  fo r  creatin g goo d represen -
tations .  Weight s ar e no t  inherite d betwee n generation s s o th e 
networ k i s dependen t  o n th e environmen t  fo r  learnin g th e cor -
rec t  representation .  I f  deprive d o f  soun d inpu t  o r  fe d acousti -
call y  filtered  speec h input ,  th e mode l  canno t  for m meaningfu l 
representation s becaus e eac h networ k start s lif e wit h a  ran -
d o m se t  o f  weights .  Bu t  give n th e sor t  o f  auditor y inpu t  hear d 
by a n infan t  th e mode l  rapidl y create s th e sam e se t  o f  univer -
sal  features ,  whethe r  o r  no t  i t  i s  i n a  nois y environmen t  an d 
whateve r  th e languag e i t  hears . 

We envisag e tha t  thi s metho d o f  creatin g a  quic k an d dirt y 
initia l  representatio n o f  sound s b y innatel y guide d learnin g i s 
not  specifi c  t o humans .  Clearly ,  human s an d othe r  animal s 
hav e no t  bee n selecte d fo r  thei r  abilit y  t o discriminat e th e 
phonemes o f  English .  Bu t  w e woul d expec t  result s simila r  t o 
thos e presente d her e i f  th e selectio n criterio n wer e th e abilit y 
t o discriminat e a  wid e rang e o f  spectrall y dissimila r  sound s i n 
th e environmen t  fro m onl y limite d exposur e t o thei r  pattern s 
of  regularit y e.g .  discriminatio n o f  th e materna l  cal l  fro m 
othe r  conspecifi c  calls ,  an d th e soun d o f  predator s fro m ev -
eryda y environmenta l  noises .  I t  i s  therefor e unsurprisin g tha t 
animal s hav e bee n found ,  afte r  suitabl e training ,  t o discrimi -
nat e som e phoneme s i n simila r  way s a s d o human s (Kuh l  & 
Miller ,  1975) . 

The advantage s o f  innatel y guide d learnin g ove r  othe r  self -
organisin g network s ar e tha t  i t  i s  m u c h faste r  an d i s les s de -
penden t  o n th e "correct "  environmenta l  statistics .  I t  als o of -
fer s a n accoun t  o f  h o w infant s fro m differen t  linguisti c en -
vironment s ca n c o m e u p wit h th e sam e featura l  representa -
tio n s o soo n afte r  birth .  I n thi s sens e innatel y guide d learn -
in g a s implemente d i n thi s mode l  show s h o w gene s an d th e 
environmen t  coul d interac t  t o ensur e rapi d developmen t  o f  a 
featura l  representatio n o f  speec h o n whic h furthe r  linguisti c 
developmen t  depends .  I n term s o f  th e taxonom y o f  "way s 
t o b e innate "  offere d b y Elma n e t  al .  (1996) ,  thi s mode l  i s 
lackin g i n an y for m o f  representationa l  innatenes s — ther e 
i s n o hard-wirin g o f  th e microcircuitry .  O n th e othe r  hand , 
th e mode l  exemplifie s wha t  Elma n e t  al .  cal l  "architec -
tural/computationa l  innateness "  — innat e processin g biase s 
i n th e networ k m a k e i t  ideall y suite d t o extractin g structura l 
informatio n fro m speec h inpu t  whe n th e opportunit y present s 
itself .  Speec h offer s th e networ k a  nutritiou s environmen t  i n 
whic h t o grow . 
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