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Abstrac t 

Populations of simple lecuiient neuial networks were 
subjec t  t o simulation s o f  evolutio n wher e th e selectio n 
criterio n wa s th e abilit y  o f  a  networ k t o lear n t o recog -
niz e string s fro m contex t  fre e grammars .  Afte r  a  numbe r 
of  generations ,  network s emerge d tha t  us e th e activatio n 
value s o f  th e unit s feedin g thei r  recurren t  connection s t o 
represen t  th e dept h o f  embeddin g i n a  string .  Network s 
inherite d innat e biase s t o accuratel y lear n member s o f  a 
clas s o f  relate d context-fre e grammars ,  and ,  whil e learn -
ing ,  passe d throug h period s durin g whic h exposur e t o 
spuriou s inpu t  interfere d wit h thei r  subsequen t  abilit y 
t o lear n a  grammar . 

Introduction 

H u m an language s ar e quit e complex ,  ye t  childre n ar e 
abl e t o lear n t o understan d an d spea k thei r  nativ e lan -
guage s befor e reachin g th e ag e o f  four .  O n e o f  th e mos t 
popula r  (albei t  controversial )  response s t o thi s puzzl e i s 
t o hypothesiz e tha t  human s ar e bor n wit h innat e biase s 
t o b e abl e t o recogniz e certai n kind s o f  linguisti c struc -
tures .  Thes e innat e biase s m a y b e specifi c t o languag e 
(Chomsky ,  1987) ,  o r  m a y b e par t  o f  genera l  cognitiv e 
mechanisms .  I n eithe r  case ,  th e proposa l  o f  innat e bi -
ases raise s difficul t  questions .  Precisel y wha t  sort s o f 
biase s ar e there ;  h o w coul d the y b e encode d genetically ; 
ho w coul d the y evolve ? 

We ar e explorin g thes e issue s b y mean s o f  computa -
tiona l  simulation s o f  th e evolutio n o f  neura l  network s 
capabl e o f  recognizin g an d generatin g string s fro m for -
mal  languages .  T h e clas s o f  "context-free "  language s 
(Hopcrof t  &  Ullman ,  1979 )  i s  th e simples t  clas s whic h 
exhibit s recursivel y embedde d structure .  I n ou r  simula -
tions ,  network s emerg e whic h ar e capabl e o f  recognizin g 
string s generate d b y simpl e context-fre e languages .  T h e 
network s us e som e o f  thei r  recurren t  connection s t o rep -
resen t  th e dept h o f  embeddin g i n th e strings .  T h e m e m-
ber s o f  a  populatio n o f  network s traine d o n string s gen -
erate d b y a  clas s o f  relate d context-fre e language s even -
tuall y evolv e a  bia s t o efficientl y lear n language s fro m 
th e class . 

Networks, Grammars, Evolution 

Recurren t  neura l  network s (a s show n i n figure  1 )  hav e 
bee n show n t o b e capabl e o f  recognizin g an d gener -
atin g string s generate d b y forma l  grammar s (Serven -
Schreiber ,  e t  al. ,  1988 ;  Elman ,  1990) .  A  typica l  trainin g 
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Figure 1: A simple recurrent network for recognizing 
string s generate d b y a  g rammar .  Symbol s fro m th e 
strin g ar e presente d sequentiall y  t o th e inpu t  units .  T h e 
networ k i s  traine d t o predic t  th e nex t  symbo l  i n th e 
string .  Recurren t  connection s fro m hidde n unit s fee d 
bac k t o th e inpu t  layer .  Eac h uni t  i n a  laye r  ha s connec -
tion s t o eac h o f  th e unit s i n th e nex t  layer ;  thes e con -
nection s ar e no t  shown .  T h e specifi c  number s o f  inpu t 
units ,  hidde n units ,  outpu t  units ,  an d recurren t  connec -
tion s varie d i n th e differen t  experiments . 

regime n (an d th e on e use d i n th e experiment s reporte d 
here )  consist s o f  presentin g th e symbol s fro m a  strin g 
generate d b y th e g ramma r  sequentiall y  t o th e inpu t  unit s 
of  th e network .  Activatio n i s the n fe d forwar d throug h 
th e network .  T h e activation s o f  th e outpu t  unit s ar e 
take n a s a  predictio n o f  th e nex t  symbo l  i n th e string . 
T h e predictio n i s compare d wit h th e actua l  symbo l  tha t 
appear s next ,  an d th e erro r  betwee n th e predicte d an d 
correc t  valu e i s backpropagate d throug h th e networ k t o 
adjus t  th e connectio n weight s betwee n units . 

I t  ha s bee n show n that ,  i n principle ,  a  recurren t  neu -
ra l  networ k ca n recogniz e an y clas s o f  g r a m m a r  (Pol -
lack ,  1991 ;  Siegelmann ,  1994) .  Howeve r  i t  i s  no t  clea r  i f 
a networ k ha s actuall y bee n traine d t o recogniz e a  lan -
guag e generate d b y a  context-fre e g rammar ,  a s oppose d 
t o a  simple r  approximatio n t o th e language .  Giles ,  e t 
al. ,  (1990) ,  hav e show n tha t  network s equippe d wit h a n 
externa l  stac k ca n lear n t o recogniz e context-fre e gram -
mars .  T o demonstrat e tha t  a n unaccessorize d simpl e 
recurren t  networ k i s  reall y recognizin g string s fro m a 
context-fre e language ,  on e mus t  sho w tha t  th e networ k 
has someho w bee n traine d t o kee p trac k o f  th e dept h o f 
embeddin g i n th e string . 

Researcher s i n th e nascen t  fields  o f  "artificia l  life "  an d 
"evolutionar y programming, "  hav e explore d computa -
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tiona l  simulatio n o f  evolutio n b y natura l  selection ,  bot h 
t o bette r  understan d th e mechanism s o f  evolution ,  an d 
t o us e thos e mechanism s t o discove r  solution s t o difficul t 
computationa l  problem s (Langton ,  1989) .  A  compellin g 
intuitio n (firs t  presente d b y Baldwin ,  1896 )  i s tha t  evolu -
tio n an d learnin g ca n wor k synergistically :  th e member s 
of  a  specie s ca n inheri t  biase s fro m whic h learnin g ca n ef -
ficientl y an d reliabl y deriv e superio r  solution s t o difficul t 
problems .  Thi s intuitio n ha s bee n explore d b y simulat -
in g th e evolutio n o f  population s o f  neura l  network s wher e 
th e selectio n criterio n i s th e networks '  ultimat e abilit y  t o 
lear n som e tcis k (Hinto n &  Nowlan ,  1987 ;  Belew ,  e t  al. , 
1991) . 

I n ou r  simulations ,  th e "genome "  o f  a  networ k i s a 
specificatio n o f  it s  initia l  connectio n weights .  Eac h o f  th e 
members o f  a  populatio n o f  network s i s traine d t o recog -
niz e string s fro m a  g ramma r  o r  a  se t  o f  relate d grammars . 
Th e network s whic h lear n th e grammar s bes t  ar e use d 
t o generat e th e nex t  generatio n o f  th e populatio n b y cre -
atin g ne w network s whos e initia l  weight s ar e th e sam e 
as thos e o f  th e bes t  networks .  Th e genome s o f  som e o f 
th e offsprin g network s ar e the n "mutated "  b y modifyin g 
some o f  th e weight s randoml y befor e th e member s o f  th e 
nex t  generatio n ar e traine d o n th e grammars . 

Learning a Simple Context-Free 

G r a m m ar 

A ver y simpl e context-fre e gramma r  consist s o f  string s 
of  th e for m a"b" ,  tha t  is :  som e numbe r  o f  token s o f 
th e symbo l  a ,  followe d b y th e sam e numbe r  o f  token s 
of  th e symbo l  b .  Th e patter n exhibite d b y string s fro m 
thi s languag e correspond s t o wha t  ar e calle d "center -
embedded "  construction s i n natura l  languages ,  wher e 
some constituent ,  fo r  exampl e a  nou n phrase ,  mus t  b e 
matche d wit h anothe r  constituent ,  fo r  exampl e a  ver b 
phrase ,  acros s som e intervenin g material ,  fo r  exampl e a 
relativ e clause ,  tha t  migh t  exhibi t  th e sam e structure . 

A ny machin e tha t  ca n recogniz e whethe r  a  strin g i s i n 
thi s languag e o r  no t  mus t  someho w coun t  u p th e num -
ber  o f  a' s i t  sees ,  an d coun t  dow n eac h tim e i t  see s a 
b.  A  recognize r  fo r  thi s languag e mus t  als o kee p trac k o f 
whic h o f  tw o state s i t  i s  in :  a n initia l  stat e correspondin g 
t o th e sequenc e o f  a's ,  an d a  secon d stat e correspondin g 
t o th e sequenc e o f  b's .  Durin g th e perio d th e machin e 
i s i n th e initia l  state ,  i t  m a y se e eithe r  a n a  o r  a  b ;  i f  i t 
sees a n a ,  i t  remain s i n th e initia l  stat e an d increment s 
th e counter ;  whe n i t  see s a  b ,  i t  enter s th e secon d stat e 
an d decrement s th e counter .  Whil e i n th e secon d state , 
i t  mus t  onl y se e b's ,  an d mus t  decremen t  th e counte r  fo r 
eac h one .  Whil e a  pushdow n stac k i s neede d t o recogniz e 
an arbitrar y context-fre e language ,  an y devic e capabl e o f 
recordin g a  valu e tha t  ca n b e incremented ,  decremented , 
and compare d wit h zero ,  wil l  suffic e fo r  thi s simpl e gram -
mar . 

Th e network s use d fo r  learnin g thi s gramma r  ha d 3 
inpu t  units ,  1 0 hidde n units ,  3  outpu t  unit s an d 7  recur -
ren t  connection s fro m th e hidde n unit s t o th e inpu t  layer . 
Trainin g consiste d o f  presentin g th e network s string s 
fro m th e a"b "  g ramma r  precede d an d terminate d b y a 
'space '  character .  Predictio n erro r  wa s backpropagate d 

throug h th e networ k t o updat e th e connectio n weights . 
(Th e backpropagatio n learnin g rat e fo r  al l  o f  thes e exper -
iment s wa s 0.1 .  N o m o m e n t u m ter m wa s used. )  Eac h 
networ k wa s traine d fo r  a  tota l  o f  500,00 0 characters , 
whic h work s ou t  t o abou t  33,00 0 strings .  (Th e string s 
range d i n lengt h fro m 4  t o 2 6 characters ,  wit h a n averag e 
lengt h o f  1 5 characters. ) 

To asses s th e difficult y network s woul d hav e learnin g 
thi s grammar ,  51 3 randoml y initialize d network s (initia l 
weight s wer e uniforml y distribute d betwee n —1 an d +1 ) 
wer e traine d o n string s fro m th e grammar .  Thei r  perfor -
mance o n a  se t  o f  tes t  string s wai s the n measured .  Th e 
averag e o f  th e networks '  predictio n error s pe r  characte r 
was wa s 0.244 ,  wit h a  standar d deviatio n o f  0.031 .  Th e 
bes t  networ k i n thi s se t  achieve d a n averag e predictio n 
erro r  o f  0.168 . 

Th e performanc e o f  a  randoml y initiahze d networ k af -
te r  trainin g o n string s fro m th e a^b "  languag e i s show n 
i n figur e 2 .  Th e value s plotte d ar e th e activatio n val -
ues o f  th e network' s outpu t  units ,  afte r  th e character s 
fro m th e strin g ar e inpu t  t o th e network .  Th e networ k 
correctl y predict s th e appearance s o f  th e a  characte r  fo r 
th e firs t  hal f  o f  th e string ,  an d onc e th e first  b  i s seen , 
th e predictio n fo r  a  drop s t o zero .  I n th e secon d hal f 
of  th e string ,  th e predictio n fo r  b ,  initiall y  high ,  begin s 
t o dro p off ,  an d th e th e predictio n fo r  th e 'space '  char -
acte r  begin s t o rise .  Althoug h thes e prediction s accor d 
wit h th e statistic s o f  th e trainin g strings ,  th e networ k 
has hardl y learne d th e gramma r  ver y well .  I t  shoul d b e 
predictin g onl y b  unti l  a s m a n y b' s a s a' s hav e bee n seen , 
at  whic h poin t  i t  shoul d predic t  onl y th e 'space '  charac -
ter .  T h e behavio r  o f  th e networ k show n i n figure 2  i s 
representativ e o f  virtuall y al l  o f  th e randoml y initialize d 
networks . 

Th e evolutionar y simulatio n wa s begu n b y creatin g a  a 
populatio n o f  2 4 recurren t  networks .  Eac h networ k wa s 
give n rando m initia l  weights .  Fo r  eac h generatio n o f  th e 
simulation ,  eac h networ k wa s traine d o n string s fro m th e 
language ,  seein g a  tota l  o f  500,00 0 characters ,  a s above . 
Th e networ k Wci s assigne d a  fitness  valu e tha t  depende d 
on th e averag e predictio n erro r  i t  obtaine d whe n th e net -
wor k wa s the n teste d o n string s fro m th e grammar .  A t 
th e en d o f  eac h generation ,  th e 8  bes t  network s wer e 
retaine d int o th e nex t  generatio n an d thei r  connectio n 
weight s rese t  t o th e value s store d i n thei r  genomes .  I n 
addition ,  th e genome s o f  thos e to p network s wer e copie d 
int o th e remainin g 1 6 network s an d modifie d b y a  muta -
tio n operato r  whic h change d som e o f  th e initia l  weight s 
by smal l  rando m value .  Th e network s o f  thi s ne w gen -
eratio n wer e the n traine d o n th e gramma r  again . 

By th e 155t h generatio n o f  thi s simulation ,  th e bes t 
networ k ha d a n erro r  o f  0.15 1 an d th e averag e erro r  fo r 
al l  o f  th e network s i n th e populatio n wa s 0.179 .  Thi s i s 
2. 2 standar d deviation s bette r  tha n randoml y initialize d 
networks . 

Figur e 3  show s th e activatio n value s o f  som e o f  th e 
unit s o f  a  networ k tha t  evolve d i n thi s experiment ,  afte r 
trainin g o n string s fro m th e grammar ,  whil e th e networ k 
i s show n string s o f  variou s lengths .  Fo r  eac h string ,  th e 
networ k strongl y predict s th e characte r  a  unti l  i t  see s a 
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Figur e 2 :  Performanc e o f  a  randoml y initialize d networ k 
afte r  trainin g o n 500,00 0 character s fro m string s i n th e 
a"b "  language .  Value s plotte d ar e th e activatio n value s 
of  outpu t  units ,  afte r  th e character s fro m th e strin g ar e 
presente d t o th e network .  T h e symbo l  'sp '  stand s fo r  th e 
string-delimitin g 'space '  character .  Thi s networ k ha d 
an averag e predictio n erro r  o f  .25 1 fo r  th e se t  o f  tes t 
string s — approximatel y th e media n valu e fo r  a  se t  o f 
513 randoml y initiaUze d networks . 
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b,  a t  whic h poin t  i t  predict s b  unti l  th e en d o f  th e string , 
wher e i t  predict s th e 'space '  character . 

T h e plot s labele d re c o n th e graph s i n figure  3  s h o w 
th e valu e passe d f ro m a  uni t  i n th e hidde n laye r  o f  th e 
networ k bac k t o th e inpu t  laye r  vi a on e o f  th e network' s 
recurren t  connections .  Thes e value s s h o w tha t  thi s uni t 
seems t o b e behavin g lik e a  counter :  Eac h a  increase s it s 
activatio n unti l  b  i s seen ,  afte r  whic h th e valu e decreases . 
W h en th e activatio n valu e o f  th e uni t  approache s zero , 
th e networ k predict s th e s p character .  T h e behavio r  o f 
thi s uni t  i s  precisel y w h a t  i s  require d fo r  th e networ k t o 
recogniz e string s o f  th e for m a"b" . 

Learning From a Class of Grammars 

T h e populatio n o f  network s i n th e first  experimen t  w a s 
abl e t o combin e evolutionar y searc h wit h backpropaga -
tio n learnin g t o lear n a  particula r  language .  Obviousl y 
an idea l  solutio n wou l d hav e bee n fo r  a  networ k t o nee d 
n o trainin g a t  al l  — i t  wou l d b e "born "  wit h it s  con -
nection s alread y appropriat e t o recogniz e th e targe t  lan -
guage .  Thi s solutio n i s no t  availabl e t o h u m a n s .  Chil -
dre n ar e abl e t o lear n whateve r  languag e the y ar e ex -
pose d to ,  n o matte r  w h a t  languag e thei r  parent s spoke . 
Ther e ar e apparentl y n o innat e bieise s t o lear n particu -
la r  h u m a n languages .  I t  ha s bee n suggested ,  however , 
tha t  al l  h u m a n language s shar e certai n abstrac t  struc -
tura l  features ,  an d childre n ar e bor n wit h a n innat e bia s 
t o lear n language s wit h thos e structura l  feature s ( C h o m -
sky ,  1987) . 

A secon d evolutionar y simulatio n w a s performe d t o 
explor e thi s idea .  I n thi s experiment ,  eac h m e m b e r  o f  a 
populatio n o f  network s w a s traine d o n a  languag e f ro m a 
clas s o f  3 6 relate d context-fre e languages .  T h e network' s 
abilit y t o lear n th e languag e w a s use d t o c o m p u t e it s  fit-
nes s value ,  an d henc e whethe r  i t  survive d int o th e nex t 
generatio n an d reproduced .  B u t  i n th e nex t  generatio n 
th e networ k an d it s offsprin g would ,  i n general ,  fac e dif -
feren t  languages .  S o t o d o well ,  network s m u s t  develo p 
biase s no t  fo r  a  specifi c  language ,  bu t  fo r  th e clas s o f 
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Figur e 3 :  Activatio n value s o f  unit s o f  a n evolve d net -
wor k afte r  training ,  whil e recognizin g string s o f  variou s 
lengths .  Plot s labele d a ,  b ,  an d s p s h o w activatio n val -
ue s o f  outpu t  units .  T h e plot s labele d r e c s h o w th e 
activatio n value s o f  a  uni t  feedin g on e o f  th e network' s 
recurren t  connections . 
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F igur e 4 :  T h e evolutio n o f  ne two rk s traine d o n language s f r o m th e class  o f  context-fre e g r a m m a r s .  T h e valu e plotte d 
i s th e averag e o f  th e 'pred '  score s o f  th e ne two rk s i n eac h generation . 

language s a s a  whole . 

Eac h o f  th e language s i n th e clas s use s th e symbol s 
a,  b ,  c ,  an d d .  Fo r  a  specifi c  language ,  eac h o f  th e fou r 
symbol s i s £issigne d t o on e o f  thre e categories :  th e 'push ' 
symbols ,  th e 'pop '  symbol s an d th e 'idle '  symbols .  I n a 
grammatica l  string ,  eac h 'push '  symbo l  mus t  b e matche d 
o n it s righ t  b y a  'pop '  symbol .  A n y n u m b e r  o f  'idle '  sym -
bol s ca n appea r  anywher e i n th e string ,  excep t  tha t  th e 
firs t  symbo l  i n th e strin g m u s t  b e a  'push '  symbol ,  an d 
th e las t  symbo l  i n th e strin g m u s t  b e it s matchin g 'pop ' 
symbol .  Eac h languag e ha d a t  leas t  on e 'push' ,  'pop' , 
an d 'idle '  symbol .  T h e 3 6 possibl e language s define d 
thi s w a y fal l  int o thre e classes ,  correspondin g t o th e lan -
guage s wit h tw o 'push '  symbols ,  tw o 'pop '  symbol s an d 
tw o 'idle '  symbols .  Ther e ar e 1 2 language s i n eac h class , 
differin g onl y i n whic h symbol s ar e assigne d t o whic h 
category . 

For  exampl e on e languag e i n th e clas s ha s a  an d b 
as th e 'push '  symbols ,  d  a s th e 'pop '  symbo l  an d c  i s 
th e 'idle '  symbol .  T h e strin g 'baadcadcdd '  i s  i n thi s 
language . 

T h e intuitio n bein g explore d her e i s tha t  th e specifi c 
lexica l  item s use d i n a  languag e ar e th e mos t  arbitrar y 
aspect s o f  th e language .  Underneat h lexica l  differences , 
language s m a y shar e aspect s o f  linguisti c structur e (wor d 
order ,  cas e systems ,  phonologica l  o r  morphologica l  pro -
cesses ,  etc.) ,  an d tha t  ther e m a y b e underlyin g regulari -
tie s conmio n t o al l  languages . 

T h e g r a m m a r s i n thi s clas s ar e s o m e w h a t  easie r  t o 
recogniz e tha n tha t  i n th e first  experiment .  Al l  tha t  a 
recognize r  m u s t  d o i s t o kee p trac k o f  on e counte r  value . 
W h e n e v er  i t  see s a  'push '  symbol ,  th e recognize r  shoul d 
incremen t  th e counter ;  w h e n i t  see s a  'pop '  symbol ,  i t 
shoul d decremen t  th e counter ;  an d w h e n i t  see s a n 'idle ' 
symbol ,  i t  shoul d kee p th e counte r  a t  th e s a m e value . 
W h en th e counte r  reache s zero ,  th e en d o f  th e strin g 
ha s bee n found .  T h e networ k mus t  lear n t o d o this ,  o f 
course ,  a s wel l  a s t o lear n th e mapp ing s f ro m th e actua l 
symbol s t o thei r  categories . 

I n thi s experiment ,  network s wit h 5  inputs ,  1 0 hid -
de n layers ,  5  output s an d 1  recurren t  connectio n wer e 
used .  T h e singl e recurrent  connectio n wa s use d i n orde r 
t o m a k e th e language-learnin g tas k a s difficul t  a s possi -
bl e fo r  th e networks ,  give n th e relativ e simplicit y o f  these 
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Figur e 5 :  Activatio n value s o f  unit s i n on e o f  th e net -
work s tha t  evolve d t o lear n language s fro m th e clas s o f 
context-fre e g r a m m a r s ,  afte r  bein g traine d o n a  specifi c 
languag e f ro m th e class .  Fo r  thi s language ,  th e symbol s 
a,  an d b  ar e 'push '  symbols ,  d  i s th e 'pop '  symbol ,  an d 
c,  i s  th e 'idle '  symbol .  T h e soli d lin e plot s th e activatio n 
valu e o f  th e uni t  feedin g int o th e singl e recurren t  con -
nectio n o f  th e networ k afte r  th e give n characte r  i s seen . 
T h e dotte d lin e plot s th e network' s predictio n o f  th e en d 
of  strin g 'space '  character . 

g r a m m a r s compare d t o th e a'̂ b "  g r a m m a r . 
T h e network s wer e traine d o n string s o f  character s a s 

i n th e first  experiment .  Howeve r  i n thi s simulation ,  th e 
performanc e o f  a  networ k w a s assesse d b y comput in g th e 
averag e valu e o f  it s 'space '  outpu t  uni t  a t  th e en d o f  eac h 
of  a  se t  o f  tes t  strings .  Thi s valu e wil l  b e referre d t o a s 
th e 'pred '  valu e o f  th e network .  Ideally ,  i t  ough t  t o b e 1. 0 
— indicatin g tha t  th e networ k ha s correctl y predicte d 
th e en d o f  eac h o f  th e strings .  Thi s valu e i s m o r e in -
formativ e tha n th e averag e per-characte r  erro r  fo r  thes e 
languages ,  a s th e th e specifi c  characte r  tha t  ca n follo w 
anothe r  withi n a  strin g i s m u c h les s constraine d tha n i n 
th e earlie r  g r a m m a r .  A s before ,  th e per-characte r  pre -
dictio n erro r  w a s use d fo r  backpropagatio n training . 

T o se e h o w wel l  network s d o recognizin g thi s gram -
m ar  wit h n o evolutionar y search ,  43 6 randomize d net -
work s wit h varyin g number s o f  hidde n unit s an d recur -
ren t  connection s wer e traine d fo r  500,00 0 character s eac h 
o n g r a m m a r s fro m th e class .  T h e averag e 'pred '  valu e 
was 0.37 5 wit h a  standar d deviatio n o f  0.117 .  T h e bes t 
networ k ha d a  valu e o f  0.827 .  O f  10 3 network s wit h a 
singl e recurrent  connection ,  th e averag e 'pred '  valu e wa s 
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Figur e 6 :  Per fo rmanc e o f  a n evolve d networ k i n learnin g a  g r a m m a r  afte r  exposur e t o spuriou s input .  T h e plo t  o n 
th e lef t  illustrate s th e final  'pred '  valu e fo r  th e networ k afte r  first  bein g traine d o n th e indicate d n u m b e r  o f  character s 
f ro m r a n d o m sequences ,  a n d the n traine d o n 500,00 0 character s generate d b y a  specifi c  g r a m m a r  f r o m th e clas s o i 
context-fre e g r a m m a r s .  T h e plo t  o n th e righ t  s h o w s th e final  'pred '  valu e fo r  th e ne twor k afte r  first  bein g traine d o n 
string s f r o m a  languag e f r o m eac h o f  th e thre e subclasse s o f  language s fo r  th e indicate d n u m b e r  o f  characters ,  a n d 
the n traine d o n 500,00 0 character s f ro m a  languag e o f  clas s 1 .  T h e soli d lin e indicate s th e averag e pe r fo rmanc e o f 
randoml y initialize d networks .  B o t h plot s displa y averag e value s take n ove r  2 0 run s each .  N o t e tha t  th e scale s o f 
th e abscissa s ar e differen t  i n th e t w o plots . 

0.28 0 wit h a  standar d deviatio n o f  0.057 ;  th e bes t  net -
wor k ha d a  valu e o f  0.457 . 

T h e evolutionar y simulatio n w a s organize d i n a  simila r 
fashio n a s th e first  exper iment ,  wi t h th e 'pred '  valu e o f 
eac h networ k use d t o c o m p u t e it s fitness.  Figur e 4  s h o w s 
a recor d o f  th e simulation .  T h e valu e plotte d a t  eac h 
generatio n i s th e averag e 'pred '  valu e fo r  th e network s 
i n th e population .  Afte r  a n initia l  perio d o f  relativel y 
aimles s search ,  th e m e m b e r s o f  th e populatio n steadil y 
improv e thei r  aptitud e a t  learnin g th e g r a m m a r s .  (Thi s 
particula r  ru n too k seve n day s o n a  S u n Spar c Statio n 
10 .  I t  w a s terminate d d u e t o th e submissio n deadlin e fo r 
thi s paper. ) 

Figur e 5  illustrate s th e per formanc e o f  on e o f  th e net -
work s tha t  evolved .  T h e networ k w a s traine d fo r  500,00 0 
character s f r o m string s o f  a  specifi c  languag e i n th e class . 
T h e value s plotte d ar e th e activatio n o f  th e 'space '  out -
pu t  uni t  a n d th e uni t  feedin g th e recurren t  connectio n 
afte r  th e indicate d characte r  i s presente d t o th e network . 
As i n th e first  exper iment ,  th e uni t  feedin g th e recurren t 
connectio n i s use d a s a  counter :  th e 'push '  symbo l s a 
an d b  incremen t  it s activatio n value ;  th e 'pop '  s y m b o l  d 
decrement s it ,  an d th e 'idle '  s y m b o l  c  modifie s i t  onl y 
slightly .  W h e n th e activatio n valu e decrccise s fa r  enough , 
th e networ k signal s th e en d o f  th e string . 

Afte r  15 0 generations ,  th e averag e per formanc e o f  th e 
entir e populatio n i s bette r  tha n th e bes t  per formanc e 
fo r  th e r a n d o m l y initialize d networks .  Th i s illustrate s 
tha t  th e network s ar e indee d developin g a n innat e bia s 
toward s learnin g th e language s i n th e class . 

A networ k f r o m a  lat e generatio n o f  th e simulatio n 
w as teste d o n a  strin g f r o m a  g r a m m a r  wi thou t  havin g 
bee n traine d o n an y inpu t  a t  all .  Fo r  eac h characte r 
i n th e tes t  string ,  th e network s 'space '  outpu t  uni t  i s 
strongl y activate d — i t  i s  almos t  1. 0 fo r  eac h characte r 
of  th e strin g — a n d th e recurren t  activatio n i s ver y clos e 
t o 0. 0 throughou t  th e string .  T h u s th e " n e w b o r n "  net -
wor k i s apparentl y hypothesizin g th e m i n i m a l  languag e 

consisten t  wi t h th e da t a i t  ha s seen :  n a m e l y th e e m p t y 
set .  Fur thermore ,  thi s predictio n o f  th e 'space '  s y m b o l 
i s innatel y associate d wi t h a  zer o recurren t  input .  Th i s 
associatio n wil l  b e reinforce d late r  w h e n th e uni t  feedin g 
th e recurren t  connectio n begin s t o b e use d a s a  counter , 
a n d it s activatio n reachin g zer o signal s th e e n d o f  th e 
string . 

A straightforward consequence of a network's having in-
nat e biase s t o lear n g r a m m a r s i s tha t  thi s bia s ca n b e 
degrade d substantiall y  i f  th e weight s o f  th e network s 
diverg e f r o m thos e tha t  evolved .  O n e o f  th e network s 
tha t  evolve d t o lear n g r a m m a r s f r o m th e clas s o f  relate d 
context-fre e g r a m m a r s w a s traine d fo r  varyin g period s 
wit h r a n d o m strings .  Afte r  s o m e n u m b e r  o f  round s o f 
suc h training ,  th e networ k w a s the n traine d o n on e o f 
th e g r a m m a r s i n th e class ,  fo r  500,00 0 characters .  A s 
illustrate d i n th e lef t  h a n d plo t  o f  figure  6 ,  th e ultimat e 
per formanc e o f  th e ne twor k o n learnin g a  languag e de -
crease s wit h th e lengt h o f  exposur e t o r a n d o m input . 

M o r e dramat i c degradatio n i n th e per fo rmanc e o f  th e 
networ k i s observe d i f  th e networ k i s traine d o n on e lan -
guag e fo r  a  while ,  a n d the n switche d t o another ,  a s i s 
illustrate d i n th e righ t  h a n d plot s o f  figure  6 .  I n thi s 
exper iment ,  th e networ k w a s first  traine d fo r  th e indi -
cate d n u m b e r  o f  character s o n a  languag e f r o m o n e o f 
th e thre e subclasse s o f  languages :  clas s 1  h a d t w o 'push ' 
symbo ls ;  clas s 2  h a d t w o 'pop '  s ymbo l s ,  a n d clas s 3  h a d 
t w o 'idle '  symbo ls .  Afte r  thi s initia l  training ,  th e net -
w o r k w a s traine d fo r  500,00 0 character s o n a  languag e 
f r o m clas s 1 .  (I f  th e initia l  trainin g w a s o n a  clas s 1  lan -
guage ,  a  differen t  clas s 1  languag e w a s use d fo r  th e sub -
sequen t  training. )  A s ca n b e seen ,  th e differen t  languag e 
classe s diffe r  i n thei r  effec t  o n th e subsequen t  learnabilit y 
o f  anothe r  language .  I f  th e language s wer e simila r  (clas s 
1 first,  the n a  differen t  clas s 1  language) ,  th e degradatio n 
i n per formanc e w a s relativel y small .  L a n g u a g e s wh i c h 
wer e m o r e differen t  h a d a  m o r e substantia l  effect . 

Apparent l y w h a t  i s h a p p e n i n g her e i s tha t  th e innat e 
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biase s tha t  th e network s hav e evolve d ten d t o plac e thei r 
initia l  weight s i n zone s fro m whic h trainin g wil l  guid e th e 
network s t o goo d solutions .  A  perio d o f  rando m train -
in g wil l  jiggl e th e weight s around ,  bu t  won' t  mov e the m 
out  o f  th e zon e righ t  away .  O n th e othe r  hand ,  exposur e 
t o structure d inpu t  wil l  mov e th e weight s ou t  o f  th e ini -
tia l  bia s zon e toward s a  particula r  solution .  Onc e ou t  o f 
tha t  initia l  zone ,  th e network s hav e a  har d tim e finding 
ways bac k int o it .  Indee d i f  th e trainin g inpu t  result s 
i n th e networ k learnin g t o recogniz e propertie s o f  th e 
string s tha t  ar e no t  relevan t  fo r  recognizin g th e secon d 
languag e (an d t o fai l  t o recogniz e thos e tha t  are) ,  th e 
final  performanc e o f  th e networ k ca n b e belo w tha t  o f 
randoml y initialize d networks .  Thes e effect s ar e remi -
niscen t  o f  th e "critica l  periods "  observe d i n th e acquisi -
tio n o f  som e cognitiv e abilities ,  i n particular ,  languag e 
(Newport ,  1990) . 

Discussion 

Further work is needed to analyze the initial weights of 
th e network s tha t  evolv e t o understan d exactl y ho w the y 
encod e th e networks '  innat e biase s t o lear n specifi c  gram -
mars .  W e hav e foun d i n experiment s i n whic h network s 
ar e evolve d an d traine d t o recogniz e claisse s o f  simple r 
tempora l  patterns ,  tha t  th e network s eventuall y inheri t 
initia l  weigh t  value s whic h implemen t  operation s usefu l 
i n recognizin g an y specifi c  member  o f  th e class . 

We ar e als o intereste d i n attemptin g t o evolv e net -
work s tha t  ca n recogniz e mor e comple x syntacti c struc -
tures .  Anothe r  avenu e o f  experimen t  wil l  involv e train -
in g population s o f  network s t o exchang e string s wit h 
each othe r  i n a  communicatio n task ,  t o se e wha t  sort s o f 
syntacti c regularitie s aris e spontaneously . 

The enormou s investmen t  i n computationa l  powe r  il -
lustrate d b y searche s lik e tha t  show n i n figure  4  mak e 
i t  questionabl e whethe r  evolutionar y searche s reall y ar e 
a goo d wa y t o obtai n network s whic h ca n recogniz e 
string s fro m grammars .  Howeve r  th e poin t  i s  no t  t o con -
struc t  individua l  network s capabl e o f  recognizin g specifi c 
languages .  Instead ,  thes e result s demonstrat e tha t  th e 
members o f  a  specie s ca n evolv e biase s t o lear n different , 
but  related ,  language s reliabl y an d efficiently .  Thes e bi -
ases woul d b e crucia l  fo r  th e member s o f  a  specie s whos e 
subgroup s fac e different ,  bu t  related ,  communicativ e sit -
uations . 

I n ou r  simulations ,  th e initia l  weight s o f  th e network s 
ar e full y  specifie d b y th e network s "genotype. "  Thi s i s 
not  biologicall y accurat e — th e informatio n availabl e i n 
th e huma n genom e i s capabl e o f  specifyin g onl y a  minut e 
fractio n o f  th e actua l  connectivit y i n th e brain .  O n th e 
othe r  hand ,  i t  i s possibl e tha t  eve n suc h a  smal l  fractio n 
of  specifie d initia l  connectivit y coul d strongl y influenc e 
th e solution s tha t  a  general-purpos e learnin g mechanis m 
woul d find.  W e ar e explorin g sparse r  representation s o f 
th e genotyp e an d mor e realisti c model s o f  th e interac -
tion s betwee n genetics ,  development ,  an d learning . 

Whil e thi s researc h wa s motivate d b y propertie s o f 
human language s an d th e debat e ove r  th e questio n o f 
innat e biases ,  i t  i s  importan t  no t  t o rea d t o muc h int o 
thes e results .  Fo r  on e thing ,  ther e i s a  lo t  mor e t o lan -

guag e tha n syntax ,  an d i t  seem s likel y tha t  muc h o f  th e 
regularitie s observe d i n huma n languag e aris e fro m it s 
use a s a  communicativ e an d expressiv e mod e o f  action . 

Still ,  th e abilit y  t o recogniz e an d generat e comple x 
tempora l  patterns ,  necessar y fo r  languag e a s wel l  a s 
othe r  activities ,  i s  importan t  enoug h t o expec t  tha t  in -
nat e biase s woul d b e beneficial .  Recurren t  neura l  net -
work s ca n recogniz e pattern s whos e complexit y  i s com -
parabl e t o thos e foun d i n huma n languages ,  and ,  wit h 
th e hel p o f  evolve d biases ,  the y ca n lear n t o d o s o whe n 
expose d t o examples . 
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