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Introductio n 

Newl y bo 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  o f  innatel y guide d 
learnin g i s describe d whic h account s fo r  thi s ability .  Th e ap -
proac h take n ha s bee n t o develo p a  mode l  o f  innatel y guide d 
learnin g i n whic h a n artificia l  neura l  networ k  (ANN )  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  possibl 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 
been traine d o n speec h spectr a fro m an y huma n languag e s o 
fa r  teste d (English ,  Cantonese ,  Swahili .  Farsi ,  Czech ,  Hindi , 
Hungarian ,  Korean ,  Polish ,  Russian ,  Slovak ,  Spanish ,  Ukra -
nia n an d Urdu) .  Trainin g th e featur e detector s require s expo -
sur e t o jus t  on e minut e o f  speec h i n an y  o f  thes e languages . 

Description of the Model 

The mode l  build s o n previou s connectionis t  models ,  partic -
ularl y th e broa d clas s o f  model s know n a s interactiv e acti -
vatio n models ,  wit h thre e majo r  modifications .  Firstly ,  eac h 
networ k learn s usin g nuui y different ,  unsupervise d learnin g 
rules .  Thes e us e onl y loca l  information ,  an d s o ar e biologi -
call y plausible .  Secondly ,  ever y networ k  i s spli t  int o a  numbe r 
of  separat e subnetworks .  Thi s allow s exploratio n o f  differen t 
neurona l  architectures ,  an d i t  become s possibl e t o us e differ -
ent  learnin g rule s  t o connec t  subnetworks .  Eac h subnetwor k 
has it s ow n time-constant ,  an d therefor e respond s t o informa -
tio n i n a  specifi c  rang e o f  time-scales .  Finally ,  network s ar e 
evolve d usin g a  techniqu e calle d geneti c connectionism .  Us -
in g a  geneti c algorith m allow s grea t  flexibility  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 neu -
ra l  networ k ca n b e simultaneousl y optimise d rathe r  tha n jus t 
th e connections .  I n thi s mode l  th e architecture ,  learnin g rule s 
and time-constant s  ar e al l  optimise d together . 

The dynamic s  o f  al l  unit s  i n th e networ k  ar e first  orde r  an d 
determine d b y summin g activatio n fro m al l  connecte d unit s 
and makin g a  chang e i n activit y proportiona l  t o th e summed 
inpu t  activity ,  scale d b y  th e tim e constant .  Comple x architec -
ture s ca n b e represente d i n th e mode l  b y usin g a  subnetwor k 
connectivit y matri x tha t  determine s whic h learnin g rul e wil l 
be 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 
subnetworks .  A  positiv e intege r  elemen t  indicate s tha t  sub -
network 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  connection s a s show n i n figure  1 . 
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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 em -
ploye 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 (learn -
in g rul e 2 )  an d dotte d arro w (learnin g rul e 3) . 

Result s 

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 
traine d o n whit e nois e neve r  reache d tha t  o f  th e sam e networ k 
traine d o n huma n speech . 

The advantage s o f  innatel y guide d learnin g ove r  conven -
tiona l  self-organisin g network s ar e tha t  innat e learnin g i s 
much faste r  an d i s les s dependen t  o n th e "correct "  environ -
menta l  statistics .  I t  als o offer s a n accoun t  o f  ho w infant s fro m 
differen t  linguisti c environment s ca n com e u p wit h th e sam e 
featura l  representatio n s o soo n afte r  birth .  Th e mode l  there -
for e demonstrate s ho w gene s an d th e environmen t  coul d in -
terac t  t o ensur e rapi d developmen t  o f  a  featura l  representatio n 
of  speech . 
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