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Abstrac t 

Feedforward neural network models of cognitive 
developmen t  ar e reviewe d withi n th e framewor k o f  a 
functiona l  distinctio n betwee n learnin g an d development . 
Thi s analysi s suggest s tha t  stati c architectur e network s 
implemen t  a  learnin g theory ,  wherea s generativ e architectur e 
network s combin e learnin g an d development .  Bot h type s o f 
network s ar e the n evaluate d m term s o f  geneti c costs .  Withi n 
a levels-of-innatenes s framework ,  generativ e architecture s ar e 
viewe d a s mor e plausibl e tha n stati c ones .  Stati c architectur e 
network s appea r  t o implemen t  a  for m o f  nativisti c  elicitation . 

Introduction 

Feedforwar d neura l  network s proces s informatio n throug h 
brain-inspire d principles :  excitator y an d inhibitor y 
stimulation ,  activatio n summation ,  activatio n threshold ,  uni t 
activation ,  an d massivel y paralle l  an d distribute d 
processing .  Althoug h m u c h simple r  tha n neura l  tissu e foun d 
i n mos t  (i f  no t  all )  animals ,  thes e network s ca n proces s 
comple x informatio n an d provid e a n alternativ e framewor k 
t o rule-base d symboli c approache s t o th e stud y o f  cognition . 
The fac t  tha t  suc h network s ca n lear n als o provide s 
researcher s wit h powerfu l  tool s fo r  th e stud y o f  huma n 
learnin g an d developmen t  (Elman ,  Bates ,  Johnson , 
Karmiloff-Smith ,  Parisi ,  &  Plunkett ,  1996 ;  Shult z & 
Mareschal ,  1997) .  Thi s pape r  i s a n expansio n o n wor k b y 
Quart z (1993) ,  w h o studie d assumption s o f  P D P model s 
withi n th e framewor k o f  Valiant' s probabl y approximatel y 
correc t  (PAC )  mode l  o f  learning .  Th e firs t  sectio n propose s 
a forma l  distinctio n betwee n learnin g an d development , 
whic h serve s t o evaluat e th e theoretica l  implication s o f 
developmenta l  wor k usin g differen t  neura l  networ k 
architectures .  Th e secon d sectio n evaluate s underlyin g 
assumption s o f  differen t  type s o f  neura l  networ k algorithm s 
withi n th e levels-of-innatenes s framewor k outline d b y 
Elma n an d hi s  colleague s (1996) .  Eac h o f  th e tw o 
argument s tha t  ca n b e formulate d t o suppor t  stati c neura l 
network s a s model s o f  huma n cognitio n ar e inconsisten t 
wit h th e neurologica l  evidence .  Th e discussio n stresse s tha t 
stati c network s implemen t  a  for m o f  nativisti c elicitation ,  a s 
suggeste d b y thei r  inabilit y t o escap e Fodor' s paradox . 
Overall ,  stati c network s d o no t  see m t o b e goo d candidate s 
fo r  modelin g cognitiv e development . 

A Distinctio n B e t w e e n L e a r n i n g a n d 
D e v e l o p m e n t 

I n orde r  t o evaluat e th e possibl e contributio n o f  neura l 
networ k modelin g t o ou r  understandin g o f  h u m a n cognitiv e 
development ,  i t  i s  importan t  t o distinguis h i t  fro m learning . 
As Care y (1985 )  suggested ,  attempt s t o differentiat e 
betwee n learnin g an d developmen t  ofte n confoun d tw o 
distinctions :  whethe r  knowledg e acquisitio n require s 
restructuring ,  an d whethe r  change s ar e domain-genera l  o r 
domain-specific .  Thi s pape r  focuse s o n th e former . 

H o w knowledg e acquisitio n m a y o r  m a y no t  requir e 
restructurin g i s a  questio n tha t  wa s no t  directl y addresse d b y 
Elma n an d hi s  colleague s i n thei r  landmar k boo k o n th e 
connectionis t  perspectiv e o f  cognitiv e developmen t  (1996) . 
Althoug h the y d o provid e justificatio n fo r  th e stud y o f 
developmen t  abov e an d beyon d learning ,  the y d o no t 
commi t  t o a  forma l  distinctio n betwee n thes e tw o processes . 
Becaus e o f  th e substantia l  impac t  thei r  boo k ha s o n th e 
stud y o f  cognitiv e development ,  a  clarificatio n appear s 
timel y a s i t  bear s o n th e theoretica l  implication s o f  differen t 
type s o f  neura l  networ k research . 

I n thi s paper ,  th e followin g functiona l  distinctio n i s 
proposed .  Learnin g i s define d a s a  chang e withi n a n existin g 
processin g structur e i n orde r  t o adap t  t o informatio n fro m 
th e environment .  Thi s broa d descriptio n i s compatibl e wit h 
genera l  statement s abou t  learning ,  suc h a s foun d i n 
nativisti c account s (e.g. ,  Fodor ,  1980 )  an d developmenta l 
model s (e.g. ,  Care y 1985 ;  Piaget ,  1982) .  I n contrast , 
developmen t  i s define d a s chang e o/a n existin g structur e t o 
enabl e mor e comple x an d adaptiv e cognitiv e activity .  Thi s 
genera l  statemen t  highlight s th e ke y ide a underlyin g mos t 
theorie s o f  development ;  tha t  is ,  a  qualitativ e chang e i n th e 
structur e supportin g cognition .  Suc h a  genera l  definitio n o f 
a developmenta l  mechanis m ca n b e foun d explicitl y o r 
implicitl y  i n Piaget' s (1982 )  abstraction ,  Karmiloff-Smith' s 
(1992 )  representationa l  redescription ,  an d Carey' s (1985 ) 
conceptua l  change ,  fo r  example .  Thes e functiona l 
definition s o f  learnin g an d developmen t  allo w a  distinctio n 
betwee n th e tw o processes ,  removin g overla p betwee n the m 
and constrainin g thei r  individua l  contributio n t o cognitiv e 
change .  Learnin g i s viewe d a s paramete r  adjustmen t  withi n 
a give n structure ;  developmen t  a s chang e o f  structur e withi n 
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whic h learnin g (a s wel l  a s othe r  cognitiv e processes )  take s 

place . 
Th e outline d distinctio n betwee n learnin g an d 

de\elopmen t  i s als o usefu l  i n th e evaluatio n o f  neura l 
networ k model s o f  cognitiv e development .  A  simpl e 
exampl e tha t  illustrate s thi s poin t  i s  th e X O R Boolea n 
operator .  Implemente d a s a  function ,  X O R take s tw o 
argument s tha t  ca n b e eithe r  tru e o r  fals e an d return s tru e i f 
on e an d onl y on e argumen t  i s true ,  otherwis e i t  returns/a/if . 
Figur e 1  present s tw o differen t  network s tha t  solv e th e X O R 
problem .  Give n tha t  th e networ k o n th e lef t  i s  a  typica l 
stati c feedforwar d networ k an d th e on e o n th e righ t  i s  a 
generativ e cascade-correlatio n network ,  h o w the y achiev e 
thes e indistinguishabl e solution s a t  th e outpu t  leve l  fro m 
initiall y  rando m weight s require s tw o differen t  stories . 

At  th e onse t  o f  training ,  th e stati c networ k o f  Figur e 1  ha s 
th e representationa l  powe r  t o solv e th e problem .  Withi n th e 
multidimensiona l  weigh t  spac e determine d b y it s topology , 
ther e i s a  regio n tha t  wil l  produc e th e correc t  output .  Onl y 
quantitativ e change s ar e require d t o m o v e th e networ k fro m 
it s initiall y  rando m positio n i n weigh t  spac e t o th e regio n 
tha t  solve s th e problem .  Becaus e th e learnin g algorith m 
capitalize s o n th e nonlinea r  propertie s o f  hidde n an d outpu t 
units ,  thes e gradua l  weigh t  change s wil l  no t  b e linea r  (i.e. , 
th e delt a valu e fo r  a  weigh t  i s a  functio n o f  th e receivin g 
unit' s  nonlinea r  activation ,  whic h change s fro m epoc h t o 
epoch) .  Althoug h thes e nonlinea r  change s qualif y a s 
learning ,  the y d o no t  qualif y a s development ,  becaus e onl y 
parameter s o f  th e curren t  structur e ar e changed . 

Th e learnin g histor y i n th e cascade-correlatio n networ k 
fro m Figur e 1  woul d b e different .  Th e initia l  two-laye r 
architectur e o f  th e networ k doe s no t  allo w i t  t o properl y 
solv e th e X O R problem .  Ther e i s n o regio n i n it s weigh t 
spac e tha t  wil l  produc e th e correc t  output .  Therefor e erro r 
reductio n i n outpu t  trainin g wil l  stagnat e abov e a 
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Figur e 1 :  T w o differen t  solution s o f  th e X O R problem . 
Th e networ k o n th e lef t  represent s a  stati c network .  Al l 
th e weight s an d unit s depicte d ar e ther e a t  th e onse t  o f 
training .  Th e solutio n o f  th e X O R proble m require d 
onl y gradua l  change s o f  th e initiall y  rando m weights . 
Th e cascade-correlatio n networ k o n th e righ t  differe d a t 
th e onse t  o f  training ,  wit h onl y bias ,  input ,  an d outpu t 
units .  Th e recruitmen t  o f  a  hidde n uni t  bein g necessar y 
at  th e en d o f  th e firs t  outpu t  trainin g phase ,  th e networ k 
increase d it s representationa l  powe r  i n orde r  t o solv e th e 
problem .  Wherea s th e outpu t  o f  bot h network s wil l  b e 
indistinguishabl e o n al l  fou r  instance s o f  th e proble m 
afte r  training ,  th e stati c networ k learne d an d th e 
generativ e networ k bot h learne d an d developed . 

satisfactor y leve l  (typically ,  th e networ k wil l  reduc e al l 
weight s t o near-zer o value s i n orde r  t o minimiz e erro r  o n al l 
patterns) .  Thi s stagnatio n i n erro r  reductio n spur s th e 
recruitmen t  o f  a  hidde n uni t  tha t  i s  the n use d fo r  furthe r 
outpu t  training .  Thi s ne w uni t  increase s th e dimensionalit y 
of  th e weigh t  space ,  i n whic h a  solutio n regio n n o w exists . 
For  thi s network ,  bot h learnin g an d developmen t  combin e 
t o achiev e a  solutio n t o th e X O R problem .  Learnin g (i.e. , 
paramete r  adjustment )  withi n th e initia l  structur e i s 
unsuccessful ,  promptin g a  modificatio n o f  th e architecture . 
Thi s qualifie s a s developmen t  becaus e th e structur e withi n 
whic h learnin g take s plac e i s changed .  Furthe r  learnin g 
withi n th e ne w structur e finall y solve s th e problem . 

We ar e no t  arguin g tha t  a  generi c X O R functio n i s a 
human developmenta l  problem .  However ,  thi s basi c 
exampl e highlight s h o w stati c an d generativ e network s tel l  a 
differen t  stor y abou t  learnin g an d developmen t  fo r 
nonlinea r  problems .  Namely ,  tha t  th e forme r  networ k typ e 
i s a  learnin g model ,  an d tha t  th e latte r  i s  a  developmenta l 
model  (tha t  als o incorporate s learning) . 

E lma n an d hi s colleague s (1996) ,  b y no t  providin g a  clea r 
distinctio n betwee n learnin g an d development ,  mak e a n 
equivoca l  statemen t  abou t  connectionis m a s a  mode l  o f 
development .  Eve n thoug h the y mak e a  goo d cas e tha t  ther e 
i s developmen t  an d no t  jus t  learnin g i n huma n cognitiv e 
change ,  th e simulation s the y repor t  consis t  o f  learnin g 
model s tha t  captur e developmenta l  data .  A  goo d exampl e i s 
thei r  discussio n o f  a  balance-scal e mode l  b y McClellan d 
(1989) . 

Th e balance-scal e tas k consist s o f  a  bea m wit h a  serie s o f 
unit-space d peg s o n bot h o f  it s sides ,  centere d o n a  fulcrum . 
On a  give n trial ,  a  numbe r  o f  uni t  weight s ar e place d o n on e 
pe g o n eac h side .  Th e participan t  i s require d t o predic t 
whic h sid e o f  th e bea m (i f  any )  woul d g o down ,  provide d 
tha t  th e balanc e woul d b e fre e t o move .  Robus t  an d 
replicabl e developmenta l  effect s hav e bee n observe d i n 
childre n o f  variou s age s performin g thi s tas k (Siegler , 
1981) . 

Initially ,  younge r  childre n perfor m a t  chanc e leve l  (stag e 
0) .  A s the y gro w older ,  the y begi n t o us e weigh t 
informatio n i n thei r  prediction s (stag e 1) .  The y predic t  tha t 
on e sid e wil l  g o d o w n i f  i t  ha s mor e weight .  A t  th e nex t 
stage ,  the y begi n t o us e distanc e information ,  onl y i f  ther e i s 
equa l  weigh t  o n bot h arm s o f  th e scal e (stag e 2) .  Stag e 3 
childre n us e bot h type s o f  informatio n ye t  fai l  t o integrat e 
them ,  s o whe n weigh t  an d distanc e conflict ,  the y perfor m a t 
chanc e level .  Thi s i s associate d wit h a  U-shape d effec t  o n 
conflic t  problem s i n whic h th e sid e wit h large r  weigh t 
woul d g o down .  Stag e 2  childre n mak e a  correc t  predictio n 
on thes e problem s wherea s older ,  stag e 3  childre n perfor m 
at  chanc e level .  Finally ,  stag e 4  i s th e leve l  wher e 
performanc e i s correc t  o n al l  proble m types .  A t  stag e 4 , 
children' s answer s appea r  t o follo w th e torque-rul e solutio n 
of  th e problem ,  whic h state s tha t  i f  th e product s o f  weigh t 
and distanc e o n eac h sid e o f  th e bea m ar e different ,  th e 
bea m wil l  no t  balanc e bu t  ti p t o th e sid e wit h th e large r 
product . 

Th e balance-scal e tas k provide s modeler s wit h a  robus t 
targe t  o f  stage-wis e developmenta l  data .  Mathematica l 
model s base d o n catastroph e theor y maintai n tha t  suc h a 
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developmenta l  profil e i s bette r  describe d a s discontinuou s 
(va n de r  Maa s &  Molenaar ,  1992) .  A  neura l  networ k tha t 
claim s t o b e a n adequat e mode l  o f  h u m a n developmen t 
shoul d replicat e thi s ordere d progressio n throug h ih c 5 
stage s o f  performance .  Accordin g t o Elma n an d colleague s 
(1996) ,  thi s i s exactl y wha t  wa s accomplishe d b y 
McClelland' s (1989 )  model . 

McClellan d (1989 )  use d stati c backpropagatio n network s 
t o mode l  th e balance-scal e task .  Hi s result s sho w tha t  th e 
network s progres s throug h al l  stages ,  withou t  reliabl y 
settlin g int o stag e 4  performance .  A t  th e en d o f  training , 
networ k behavio r  i s betwee n stag e 3  an d stag e 4  level s o f 
performance .  Becaus e no t  al l  huma n adult s spontaneousl y 
reac h stag e 4  performance ,  th e result s wer e considere d 
satisfactor y (McClelland ,  1989) . 

Irrespectiv e o f  th e fac t  tha t  som e human s d o reac h stag e 
4,  th e network s wer e viewe d a s ap t  developmenta l  models , 
exhibitin g competenc e acquisitio n tha t  follow s qualitativel y 
distinc t  stages .  However ,  Raijmakers ,  va n Koten ,  & 
Molenaa r  (1996 )  sugges t  tha t  i t  i s  th e evaluatio n metho d 
and no t  networ k learnin g tha t  i s responsibl e fo r  thi s stage -
wis e progression .  I n McClelland' s simulations ,  networ k 
performanc e wa s assesse d a t  ever y trainin g epoch .  Th e 
performanc e categorie s wer e mutuall y exclusive ,  s o a t  an y 
poin t  i n training ,  networ k performanc e coul d b e associate d 
wit h onl y on e stage .  Becaus e o f  th e binar y decisio n 
involve d i n determinin g whethe r  a  networ k i s a t  on e stag e 
or  not ,  Raijmaker s an d colleague s (1996 )  sugges t  tha t  stage -
lik e discontinuou s progressio n i n thes e network s i s a n 
artifac t  o f  th e evaluatio n procedur e tha t  wa s applie d t o th e 
continuous ,  gradua l  learnin g takin g plac e i n th e networks . 

Elma n an d colleague s di d no t  discus s a  cascade -
correlatio n mode l  o f  th e balance-scal e tas k (Shultz , 
Mareschal ,  &  Schmidt ,  1994) .  Thi s mode l  progresse s 
throug h al l  stage s i n a n orderl y fashion ,  an d perform s a t 
stag e 4  b y th e en d o f  training .  Moreover ,  ther e ar e genuin e 
discontinuitie s i n networ k learning ,  a s i t  need s t o alte r  it s 
topolog y t o solv e th e task . 

Althoug h i t  i s possibl e tha t  th e discontinuitie s observe d i n 
chil d performanc e ar e du e t o measuremen t  interval s to o 
broa d t o asses s continuou s chang e takin g plac e a t  a  smalle r 
interval s (Siegler ,  1998) ,  thi s appear s unlikel y (va n de r 
Maas &  Molenaar ,  1992) .  I f  thi s wer e th e case ,  th e stati c 
networ k migh t  b e a  bette r  model .  Wha t  i s relevan t  fo r  thi s 
paper ,  though ,  i s tha t  a  learnin g mode l  m a y b e construe d a s 
capturin g developmenta l  phenomen a i f  learnin g an d 
developmen t  ar e no t  formall y distinguished .  Th e abilit y  o f  a 
networ k t o mimi c developmenta l  dat a doe s not ,  i n itself , 
make i t  a  developmenta l  model .  Stati c backpro p model s 
onl y implemen t  learning ,  eve n whe n on e observe s nonlinea r 
change s durin g learning .  A s w e argu e i n th e nex t  section , 
the y als o offe r  a  differen t  vie w o f  innatenes s tha n 
generativ e networks . 

Elma n (1993 )  report s a n interestin g simulatio n usin g th e 
simpl e recurren t  networ k architectur e (SRN) .  S R N network s 
ar e simila r  t o stati c feedforward  networks ,  wit h th e additio n 
of  a  ban k o f  contex t  units .  Thes e unit s tak e a s activatio n 
value s th e activation s o f  th e hidde n unit s a t  on e tim e step , 
and ar e fe d bac k t o th e hidde n unit s a t  th e followin g tim e 
step .  Suc h contex t  unit s provid e th e networ k wit h a  workin g 

memory,  essentia l  fo r  sequentia l  problem s suc h a s language . 
Elma n (1993 )  foun d tha t  h e coul d improv e th e performanc e 
of  S R N network s o n comple x problem s tha t  the y faile d t o 
lear n b y enablin g th e contex t  unit s t o dea l  wit h 
progressivel y longe r  strings .  E lma n (1993 )  actuall y 
implemente d a  sor t  o f  sequentia l  generativ e architecture . 
However ,  th e res t  o f  th e stati c architectur e o f  th e S R N i s 
problemati c fro m a  nativisti c perspective ,  a s i s th e cas e fo r 
al l  stati c models . 

Levels of Innateness 

O ne importan t  contributio n o f  th e E lma n an d colleagues ' 
(1996 )  boo k i s thei r  revie w o f  innateness .  The y identif y 
thre e level s a t  whic h concept s coul d hav e a n innat e basis : 
representations ,  architectures ,  an d timing .  Th e focu s i s no t 
as m u c h toward s identifyin g wha t  i s o r  i s no t  innate ,  bu t 
rathe r  toward s definin g h o w thing s coul d b e innate . 

Hardwire d concept s o r  knowledg e woul d b e a t  th e 
representationa l  level .  Thi s leve l  o f  innatenes s implie s tha t 
specifi c  synapse s i n th e brai n mus t  b e designe d i n orde r  t o 
represen t  concept s befor e experienc e coul d hav e shape d 
suc h connections .  Spelke' s (1994 )  suggestio n o f  innatel y 
specifie d cor e theorie s i n infant s woul d fal l  i n thi s categor y 
of  innateness ,  fo r  example .  S o woul d a  languag e acquisitio n 
devic e fo r  a  universa l  gramma r  (Chomsky ,  1975) .  Fo r 
natur e t o implemen t  suc h informatio n prio r  t o an y 
experience ,  a  larg e amoun t  o f  precisel y designe d 
connection s nee d t o b e made . 

Elma n an d hi s colleague s rejec t  suc h a  leve l  o f  cognitiv e 
innatenes s base d o n tw o observations :  h u m a n D N A canno t 
encod e suc h a  larg e amoun t  o f  precis e information ,  an d th e 
human corte x exhibit s a  significan t  equipotentialit y  tha t  i s 
incompatibl e wit h pre-specifie d representations .  Bot h 
observation s als o hav e implication s fo r  th e evaluatio n o f 
neura l  networ k models . 

H u m an D N A i s foun d o n twenty-thre e pair s o f 
chromosomes .  I t  i s  estimate d tha t  i t  ca n carr y u p t o lO '  bit s 
of  informatio n o n bas e pair s (Elma n e t  al. ,  1996) .  Thi s i s no t 
enoug h dat a t o specif y th e specifi c  locatio n an d 
configuratio n o f  eac h cel l  i n th e bod y (i.e. ,  mosai c 
development) ,  s o natur e mus t  rel y o n heuristic s t o generat e 
a viabl e bein g fro m minima l  informatio n (i.e. ,  regulator y 
development) .  E lma n an d colleague s (1996 )  provid e a n 
extensiv e revie w o f  k n o w n mechanism s throug h whic h cell s 
organiz e themselve s functionall y an d spatiall y  throug h a n 
interactio n betwee n thei r  D N A an d th e environment . 

Thei r  conclusio n i s tha t  th e differen t  processe s throug h 
whic h natur e make s us e o f  minima l  D N A t o buil d human s 
argue s agains t  representationa l  innateness .  Th e informatio n 
i n gene s operate s a t  a  mor e abstrac t  leve l  tha n i s require d 
fo r  innat e representations ,  s o othe r  constraint s ar e suggeste d 
t o accoun t  fo r  specie s specifi c  stereotypica l  behavior . 

Th e plasticit y o r  equipotentialit y  o f  th e corte x als o argue s 
agains t  representationa l  innatenes s (Elma n e t  al. ,  1996) . 
Compellin g evidenc e fro m studie s o f  brai n rewirin g i n smal l 
m a m m a ls i s reporte d t o highligh t  th e plasticit y o f  neura l 
tissue ,  eve n i n specie s fo r  whic h behavio r  i s typicall y 
considere d mor e rigi d (i.e. ,  innatel y specified) .  First , 
redirectin g th e visua l  inpu t  o f  mic e t o th e auditor y corte x 
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an d vice-vers a ha s th e resuhin g effec t  tha t  th e auditor y 
corte x wil l  proces s visua l  signal s an d th e visua l  corte x wil l 
proces s auditor y signals .  Moreover ,  th e auditor y corte x wil l 
develo p receptiv e field s an d ocula r  dominanc e column s a s 
woul d normall y tak e plac e i n th e visua l  cortex .  Second , 
transplantin g cortica l  column s fro m on e cortica l  are a t o 
anothe r  ha s a  simila r  effec t  o n th e transplante d tissue . 
Rathe r  tha n processin g th e typ e o f  informatio n i t  woul d 
hav e initially ,  i t  wil l  proces s informatio n fro m it s ne w 
locatio n an d develo p t o b e indistinguishabl e fro m it s 
neighbo r  columns .  Bot h thes e effect s argu e agains t  innat e 
constraint s o n representation ,  becaus e th e corte x wil l  lear n 
t o proces s whateve r  i t  i s  fe d an d wil l  b e strongl y influence d 
by it s neighbors . 

O ne justificatio n tha t  i s invoke d t o sustai n th e ide a o f 
innat e knowledg e i n human s i s tha t  i t  woul d b e 
unreasonabl e t o assum e i t  i n al l  animal s bu t  human s (e.g. , 
Karmiloff-Smith ,  1992) .  Quart z an d Sejnowsk i  (1997 ) 
reviewe d th e literatur e o n brai n development ,  an d 
conclude d tha t  plasticit y i s mos t  ofte n foun d i n specie s tha t 
ar e phylogeneticall y recen t  an d proxima l  t o humans .  The y 
sugges t  tha t  i t  m a y b e mor e appropriat e t o spea k o f  huma n 
evolutio n a s movin g toward s maxima l  plasticit y rathe r  tha n 
toward s hyperspecialization .  Lik e Elma n an d colleague s 
(1996) ,  the y sugges t  tha t  plasticit y m a y b e th e mor e 
adaptiv e solution ,  tha t  i t  i s  mor e compac t  tha n innatel y 
specifie d knowledge ,  an d tha t  i t  i s  sustaine d b y comparativ e 
dat a (Quart z &  Sejnowski ,  1997) . 

Th e nex t  leve l  o f  innatenes s i s architectural .  Accordin g t o 
E lma n an d hi s colleague s (1996) ,  thi s i s th e leve l  wher e 
innat e constraint s o n th e brai n ca n hav e a  plausibl e effec t  o n 
knowledge .  Architectura l  constraint s themselve s ca n b e 
divide d int o thre e levels .  Uni t  leve l  architectura l  constraint s 
deal  wit h th e specifi c  propertie s o f  neuron s (e.g. ,  neuro n 
types ,  respons e characteristics ,  typ e o f  transmitter) .  Loca l 
architectura l  constraints ,  a s th e nam e implies ,  dea l  wit h th e 
loca l  organizatio n o f  neura l  tissu e (e.g. ,  layers ,  density , 
degre e an d natur e o f  connectivity) .  Finally ,  globa l 
architecmra l  constraint s concer n th e globa l  organizatio n o f 
th e loca l  areas .  Accordin g t o th e vie w o f  th e brai n a s a 
networ k o f  networks ,  globa l  constraint s specif y h o w 
network s ar e interconnected . 

I n thes e architectura l  form s o f  innateness ,  knowledg e i s 
not  innate ,  bu t  th e overal l  structur e o f  th e brai n constrain s 
h o w,  where ,  an d wha t  informatio n wil l  b e processed .  Thi s 
embodie s specie s specifi c  aspect s o f  cognition ,  withou t 
requirin g representationa l  innateness .  Th e almos t  universa l 
specifi c  localizatio n o f  m a n y importan t  cognitiv e processe s 
(e.g. ,  Broca' s area )  i s guarantee d b y specifyin g wha t  inpu t 
i s sen t  t o differen t  areas .  Fo r  Elma n e t  al .  (1996) , 
architectura l  constraint s ar e no t  onl y a  reasonabl e wa y 
throug h whic h gene s m a y constrai n cognition :  connectionis t 
model s implemen t  thi s leve l  o f  innateness . 

Th e fina l  leve l  a t  whic h somethin g cognitiv e ca n b e 
innat e i s wit h chronotropi c constraints .  Thes e affec t  th e 
timin g o f  maturationa l  events ,  fro m cel l  divisio n i n 
neurogenesi s t o wave s o f  synapti c growt h an d pruning ,  a s 
wel l  a s th e tempora l  developmen t  o f  differen t  cortica l  area s 
(Elma n e t  al. ,  1996) . 

Wherea s architectura l  constraint s dea l  wit h wha t  an d 
wher e informatio n i s processed ,  chronotopi c constraint s ad d 
a whe n dimensio n t o th e equation .  Th e orde r  i n whic h 
informatio n ca n b e processe d an d integrate d ove r 
developmen t  wil l  hav e a n importan t  impac t  o n th e natur e o f 
cognitiv e processe s (Elma n e t  al. ,  1996) . 

Thi s revise d interpretatio n o f  innatenes s leave s on e 
importan t  questio n unanswered ,  though :  Wha t  i s implie d b y 
differen t  neura l  networ k algorithm s wit h respec t  t o innat e 
specification ? Elma n e t  al .  (1996 )  too k th e opposit e 
perspective :  Wha t  d o innat e specification s imply ? Thei r 
answe r  i s tha t  onl y architectura l  an d chronotopi c constraint s 
ar e reasonabl e form s o f  innateness ,  an d consequentl y s o ar e 
neura l  network s wit h unspecifie d weights .  However ,  w e 
argu e tha t  differen t  architecture s hav e differen t  geneti c cost s 
and theoretica l  implications . 

Neural Networks and Innateness 

Quart z (1993 )  ha s show n tha t  a  stati c networ k canno t  lear n 
what  i s beyon d it s representationa l  powe r  (define d b y th e 
number  o f  weights ,  th e activatio n function s o f  units ,  an d th e 
topolog y o f  th e network) .  However ,  to o powerfu l  a  networ k 
m ay correctl y produc e outpu t  withou t  havin g abstracte d an y 
relevan t  informatio n throug h training .  Wha t  i s implie d fo r 
th e huma n brai n b y thes e results ? Th e exac t  topolog y o f  a 
networ k i s crucia l  fo r  it s  learnin g behavior .  Therefor e a n 
importan t  issue ,  i n orde r  t o conside r  stati c architectur e 
network s a s model s o f  huma n cognition ,  i s  sustainin g tha t 
th e brai n woul d hav e th e appropriat e topolog y beforehan d 
as a n experience-independen t  given . 

Usin g stati c network s a s model s o f  huma n cognitiv e 
developmen t  woul d requir e on e o f  th e followin g tw o 
assumptions .  Th e firs t  assumptio n woul d b e tha t  th e larg e 
number  o f  neuron s i n th e brai n ar e highl y interconnecte d i n 
suc h a  wa y tha t  fo r  anythin g human s nee d t o (an d can ) 
learn ,  th e probabilit y  o f  a n appropriatel y connecte d networ k 
existin g i n advanc e i s extremel y high .  W e cal l  thi s th e 
probable-networ k assumption .  Th e secon d assumptio n i s 
tha t  th e brai n i s provide d a  prior i  knowledg e o f  wha t  wil l 
hav e t o b e learned ,  an d ha s th e appropriatel y connecte d 
network s befor e an y experience ,  whic h woul d b e a  for m o f 
representationa l  innatenes s (Quartz ,  1993) .  W e refe r  t o thi s 
as th e knowledgeable-networ k assumption ,  becaus e 
network s ar e specifie d fro m a  prior i  knowledg e abou t  tasks . 
Let  u s conside r  eac h o f  thes e assumptions . 

The Probable-Network 

Ther e i s indee d a  ver y larg e numbe r  o f  neuron s i n th e brain , 
estimate d a t  abou t  10" ,  an d wit h a n averag e o f  lO '  connec -
tion s pe r  neuron ,  i t  i s  saf e t o sa y tha t  i t  i s  a  powerfu l  com -
pute r  (Churchland ,  1989) .  Bu t  lik e a  supercompute r  wit h a n 
operatin g syste m tha t  woul d allo w onl y singl e digi t  arithm -
etic ,  suc h powe r  i s useles s i f  no t  properl y wired .  Accordin g 
t o th e probable-networ k assumption ,  a  grea t  dea l  o f  com -
putationa l  powe r  i n th e h u m a n brai n i s wasted .  Onl y thos e 
neuron s organize d i n th e appropriat e topolog y fo r  a  give n 
tas k wil l  b e o f  use ,  th e other s discarded .  Elma n an d col -
league s (1996 )  refe r  t o th e observatio n tha t  ther e i s a n initia l 
proliferatio n o f  neuron s i n youn g children ,  followe d b y sub -
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stantia l  pruning .  Th e problem s wit h thi s approac h ar e three -
fold . 

First ,  th e simulation s reporte d b y Elma n an d hi s 
colleague s shoul d no t  b e understoo d a s makin g a  one-to-on e 
correspondenc e betwee n neuron s i n th e brai n an d unit s i n 
th e networks .  Rather ,  unit s i n neura l  networ k model s shoul d 
be viewe d a s analogou s t o group s o f  neuron s i n th e brai n 
(columns ,  modules ,  regions...) ,  an d weight s a s pathways . 
Thi s implie s tha t  th e uni t  cos t  o f  a  give n networ k i s greate r 
at  th e leve l  tha t  implement s it ,  namel y neurons .  I n orde r  fo r 
th e brai n t o mak e sur e tha t  ther e i s somewher e a  networ k 
appropriat e fo r  th e tas k a t  hand ,  a  hug e numbe r  o f  neuron s 
must  g o t o waste .  Suc h a  costl y solutio n doe s no t  appea r 
adaptiv e (Quart z &  Sejnowski ,  1997) . 

Second ,  give n tha t  learnin g an d developmen t  occu r  acros s 
th e lifespa n an d tha t  mos t  o f  th e neura l  prunin g take s plac e 
i n childhoo d (Elma n e t  al. ,  1996) ,  th e implicatio n i s tha t  i n 
orde r  t o lear n a  ne w tas k i n late r  life ,  th e brai n wil l  hav e 
kep t  th e appropriat e networ k fro m childhood .  Thi s woul d b e 
at  bes t  odd ,  becaus e a )  prunin g wa s understoo d a s a n 
experience-drive n proces s b y whic h useles s neuron s ar e 
remove d wherea s thei r  usefulnes s ha s no t  ye t  bee n 
evaluated ,  an d b )  th e brai n woul d requir e som e mysteriou s 
acces s t o th e solution s o f  ye t  t o b e encountere d problem s t o 
kee p suitabl e solution s fo r  futur e learning . 

Finally ,  suppor t  fo r  th e probable-networ k assumptio n 
woul d g o agains t  recen t  finding s i n neuroscienc e researc h 
(Quart z &  Sejnowski ,  1997) .  I t  i s  suggeste d tha t  th e 
overproduction/prunin g mode l  o f  developmen t  i s overstate d 
i n th e literature ,  an d tha t  flexibilit y  i n th e brai n provide d b y 
synaptogenesis ,  th e generatio n o f  ne w synapses ,  ha s a 
greate r  rol e i n cognitiv e change .  Moreover ,  thi s flexibilit y 
availabl e throug h synaptogenesi s i s mor e ofte n foun d i n 
specie s tha t  ar e clos e t o human s phylogenetically . 

For  thes e reasons ,  stati c neura l  network s d o no t  appea r  a 
tenabl e approac h t o modelin g huma n cognition ,  unles s on e 
commit s t o th e secon d assumption ,  tha t  network s ar e 
alread y properl y connected . 

The Knowledgeable-Network 

The proble m wit h thi s suggestio n i s tha t  i t  implie s mor e 
tha n architectura l  innateness ,  unlik e wha t  i s suggeste d b y 
Elma n an d colleague s (1996) .  The y argu e tha t  representa -
tion s nee d no t  b e innat e becaus e a  networ k wit h initiall y 
rando m connection s wil l  fin d it s wa y t o th e appropriat e rep -
resentatio n throug h weigh t  adjustment .  Representationa l 
innatenes s woul d impl y tha t  th e weights ,  an d no t  jus t  th e 
topology ,  woul d b e pre-specified .  Thi s suggestio n mask s 
th e fac t  tha t  i n orde r  t o generat e th e appropriat e stati c topol -
ogy ,  th e brai n woul d stil l  requir e som e a  prior i  representa -
tio n o f  th e proble m i t  wil l  c o m e t o learn ,  becaus e networ k 
topolog y determine s wha t  ca n b e learned ,  an d how .  I f  a n 
appropriat e topolog y i s no t  availabl e beforehand ,  th e or -
ganis m coul d fai l  t o learn ,  o r  lear n inappropriately .  Give n 
tha t  th e appropriat e topolog y i s define d a s a  functio n o f  th e 
problem ,  network s wit h initiall y  rando m weight s stil l  impl y 
representationa l  innatenes s (i f  onl y a  relaxe d version) .  I n 
whic h cas e th e network s implemen t  elicitatio n o f  knowl -
edge throug h paramete r  adjustment .  Elicitatio n i s a  nativis -
ti c  synony m o f  learning ,  wher e onl y paramete r  value s nee d 

t o b e derive d throug h experience ,  becaus e th e organis m wa s 
provide d wit h th e require d parameters .  S o th e suggestio n 
th e author s rais e abou t  th e implausibilit y  o f  geneticall y 
specifie d representations ,  presente d earlier ,  shoul d b e take n 
a ste p furthe r  an d woul d argu e agains t  geneticall y specifie d 
topologie s fo r  eac h proble m human s wil l  c o m e t o learn . 

Conclusion 

Overall ,  stati c neura l  network s d o no t  far e wel l  i n ligh t  o f 
th e reasonabl e objection s t o som e form s o f  innatenes s 
highlighte d b y Elma n an d hi s colleague s (1996) .  Eithe r  the y 
impl y a  costl y an d mysteriou s us e o f  neuron s tha t  clashe s 
wit h dat a fro m developmenta l  neuroscienc e (th e probable -
networ k assumption) ,  o r  the y requir e a  disguise d for m o f 
representationa l  innatenes s fo r  thei r  implementatio n (th e 
knowledgeable-networ k assumption) .  Thi s i s no t  th e cas e 
wit h generativ e network s suc h a s cascade-correlation .  Thes e 
ar e cos t  efficient ,  becaus e the y wil l  develo p th e architectur e 
require d a s the y learn .  Becaus e o f  thi s generativ e property , 
ther e i s n o requirement ,  throug h eithe r  overproductio n o f 
neuron s o r  innatel y specifie d architectura l  maps ,  fo r  a n 
appropriat e topolog y t o b e presen t  prio r  t o learning .  A n d 
generativ e network s ar e mor e consisten t  wit h 
developmenta l  observation s i n neuroscienc e (Quart z & 
Sejnowski ,  1997) . 

As a  fina l  note ,  generativ e network s ca n escap e th e 
nativisti c parado x o f  developmen t  formulate d b y Fodo r 
(1980) ,  wherea s stati c network s canno t  (Marescha l  & 
Shultz ,  1996 ;  Shult z &  Mareschal ,  1997) .  Fodor' s parado x 
state s tha t  a  syste m wit h a  give n leve l  o f  logica l  powe r  wil l 
be unabl e t o generat e a  logica l  syste m a t  a  highe r  leve l 
(Fodor ,  1980) .  Thi s implie s tha t  i t  i s  impossibl e t o represen t 
somethin g fo r  whic h on e doe s no t  alread y hav e th e 
representationa l  power .  Formulate d i n th e contex t  o f 
computationa l  approache s t o learning ,  thi s i s a  stron g 
argument ,  an d i t  ha s bee n use d t o argu e agains t 
developmen t  an d i n favo r  o f  nativisti c ideas . 

Cascade-correlatio n escape s Fodor' s parado x throug h it s 
principle d recruitmen t  o f  additiona l  unit s durin g th e 
learnin g proces s (Marescha l  &  Shultz ,  1996) .  Recal l  th e 
X OR exampl e fro m th e firs t  section .  Initially ,  wit h it s two -
laye r  topology ,  a  cascade-correlatio n networ k canno t 
represen t  a  logica l  operato r  o f  th e X O R level .  Onl y linea r 
function s lik e O R an d A N D coul d b e learned .  X O R ,  a 
combinatio n o f  A N D an d O R ,  ca n onl y b e represente d i n 
th e networ k throug h recruitin g a n additional ,  hidde n unit . 
Th e algorith m doe s jus t  tha t  whe n erro r  reductio n stagnates , 
and th e ne w uni t  i s  traine d t o trac k th e network' s residua l 
error .  Th e solutio n i s no t  give n t o th e network ,  i t  develop s 
and learn s one .  Stati c networks ,  a t  th e onse t  o f  training , 
must  hav e a n appropriat e topolog y i n orde r  t o succeed .  T o 
some extent ,  th e solutio n i s thu s buil t  i n becaus e network s 
ar e powerfu l  enoug h t o represen t  it .  N o matte r  wha t  th e 
initia l  weigh t  value s are ,  th e numbe r  an d arrangemen t  o f 
thes e weight s determine s wha t  th e network s ca n an d canno t 
lear n (Quartz ,  1993) .  A s such ,  the y fai l  t o escap e Fodor' s 
paradox .  Moreover ,  give n th e implication s a t  th e 
implementationa l  leve l  discusse d i n th e previou s section , 
th e learnin g mode l  implie d b y stati c network s m a y no t  onl y 
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fai l  t o realiz e development ,  bu t  ma y ver y wel l  succee d a t 
implementin g nativis m a s elicitation .  Elicitatio n implie s tha t 
mere exposur e t o stimul i  wil l  produc e th e predetermine d 
behavio r  throug h paramete r  tweaking .  A  prior i  topologie s 
do exactl y tha t  b y constrainin g th e representation s o f  a 
network . 

The idea s presente d i n thi s pape r  ar e no t  mean t  t o b e 
definitive .  Th e purpos e i s t o rais e awarenes s t o a  c o m m o n 
confoun d betwee n learnin g an d development ,  a s wel l  a s t o 
th e biologica l  implication s associate d wit h differen t  neura l 
networ k models .  Becaus e o f  th e immens e potentia l  o f  neura l 
networ k tool s fo r  th e stud y o f  huma n development ,  i t  woul d 
be o f  grea t  disservic e t o ignor e th e basi c question s tha t 
pertai n t o theoretica l  assumption s an d implication s 
associate d wit h thes e models . 
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