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

Historically ,  theorist s tha t  hav e highlighte d th e impor -
tanc e o f  modula r  propertie s o f  cognitiv e processin g hav e 
tende d t o sugges t  tha t  th e functions ,  representations , 
and procedure s o f  cognitiv e module s ar e innatel y speci -
fied  (e.g. ,  Fodor ,  1983) .  B y doin g so ,  thes e researcher s 
de-emphasiz e th e importanc e o f  cognitiv e developmen t 
and experience-dependen t  adaptation .  Th e convers e sit -
uatio n als o appear s t o hold ;  theorist s tha t  hav e stresse d 
th e ubiquit y o f  experience-dependen t  adaptation  hav e 
tende d t o ignor e o r  minimiz e th e importanc e o f  modula r 
aspect s o f  cognitio n (e.g. ,  Piaget ,  1955) .  Thus ,  modu -
larit y an d experience-dependen t  plasticit y ar e ofte n see n 
as incompatible . 

Recently ,  th e vie w tha t  modularit y an d plasticit y ar e 
incompatibl e ha s bee n questione d [e.g. ,  Karmiloff-Smit h 
(1992)] .  I n particular ,  severa l  researcher s hav e recentl y 
propose d computationa l  system s tha t  ar e modula r  learn -
in g devices .  T o understan d th e benefit s o f  incorporatin g 
modularit y int o a  learner ,  i t  i s  usefu l  t o distinguis h be -
twee n divergen t  computatio n an d convergen t  computa -
tio n (Jorda n an d Jacobs ,  1992) .  Divergen t  computatio n 
involve s takin g dat a fro m a  singl e sourc e an d perform -
in g differen t  computation s o n it .  Thi s i s usefu l  when -
ever  a n anima l  ha s multipl e goal s an d mus t  utiliz e th e 
dat a differentl y dependin g o n th e goal .  Fo r  a  learner ,  i t 
i s  ofte n advantageou s t o us e differen t  module s t o lear n 
differen t  computation s becaus e adaptation s tha t  occu r 
when learnin g t o satisf y som e goa l  ar e decouple d fro m 
adaptation s tha t  ar e neede d t o reac h othe r  (presumabl y 
different )  goals .  Convergen t  computatio n involve s takin g 
dat a i n differen t  channel s o r  format s (suc h a s differen t 
sensor y modalities )  an d integratin g the m int o a  c o m m o n 
channe l  o r  format .  A  learne r  attemptin g t o discove r  th e 
structur e o f  it s  environmen t  m a y benefi t  fro m correlatin g 
th e output s o f  distinc t  sensor y module s tha t  eac h proces s 
dat a fro m a  differen t  modality .  I n thi s way ,  structur e ca n 
be foun d tha t  i s no t  presen t  (o r  no t  easil y detected )  i n 
th e dat a fro m a  singl e modality . 

Thi s abstrac t  briefl y review s tw o recentl y propose d 
modula r  learnin g devices ,  on e base d o n divergen t  com -
putatio n an d th e othe r  o n convergen t  computation . 

Mixtures-of-Experts Architecture 

The first  devic e i s referre d t o m a  "mixtures-of-experts " 
( M E)  architectur e an d i t  wa s originall y propose d b y Ja -
cobs ,  Jordan ,  Nowlan ,  an d Hinto n (1991) .  Th e archi -
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Figur e 1 :  Mixtures-of-Expert s Architectur e 

tectur e i s intende d a s a n instantiatio n o f  th e ide a tha t 
competitio n ca n lea d t o functiona l  specialization .  Anal -
ogou s t o Darwinia n evolutionar y processes ,  module s o f 
th e architectur e compet e fo r  th e righ t  t o lear n t o per -
for m a  se t  o f  tasks .  D u e t o th e competition ,  module s 
specialize ;  tha t  is ,  module s tha t  ar e initiall y  functional -
l y undifferentiate d lear n ove r  tim e t o perfor m differen t 
tasks .  Mor e specifically ,  a n M E architectur e i s a  modula r 
syste m tha t  learn s tas k decomposition s i n th e sens e tha t 
i t  use s differen t  connectionis t  network s t o lear n input -
outpu t  trainin g pattern s fro m differen t  region s o f  th e 
inpu t  spac e (i.e .  th e spac e o f  al l  possibl e inputs) .  A s a 
resul t  o f  th e competition ,  differen t  network s lear n dif -
feren t  trainin g pattern s and ,  thus ,  lear n t o comput e dif -
feren t  functions .  T h e architectur e consist s o f  tw o type s 
of  networks :  exper t  network s an d a  gatin g networ k (se e 
Figur e 1) .  Th e exper t  network s compet e t o lear n th e 
trainin g patterns .  Fo r  eac h trainin g pattern ,  feedbac k 
informatio n i s distribute d t o th e expert s o n th e basi s 
of  thei r  relativ e performance ;  a  networ k whos e respons e 
most  closel y matche s th e desire d respons e (i.e .  th e win -
ner  o f  th e competition )  receive s lot s o f  feedbac k informa -
tio n wherea s othe r  network s receiv e n o o r  littl e feedback . 
Th e gatin g networ k weight s th e output s o f  th e expert s 
so that ,  fo r  eac h inpu t  pattern ,  th e exper t  tha t  i s  mos t 
likel y t o produc e th e correc t  respons e i s weighte d mor e 
heavil y tha n th e othe r  experts . 

A n interestin g featur e o f  th e mixtures-of-expert s 
framewor k i s th e role s i t  assign s t o natur e an d nurtur e 
i n th e acquisitio n o f  functiona l  specializations .  Th e M E 
architectur e tend s t o allocat e t o eac h tas k a n exper t 
networ k whos e structur e i s  well-matche d t o tha t  task . 
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Structura l  propertie s o f  a  network ,  suc h a s it s  topolo -
gy,  receptiv e field  characteristics ,  o r  patter n o f  connec -
tivity ,  bia s a  networ k s o a s t o mak e i t  a  particularl y 
goo d learne r  fo r  som e task s bu t  a  poo r  learne r  fo r  othe r 
tasks .  W h e n exper t  network s wit h differen t  structura l 
propertie s compet e t o lear n th e trainin g patterns ,  eac h 
networ k tend s t o wi n th e competitio n fo r  thos e pattern s 
belongin g t o th e tas k fo r  whic h it s structur e make s i t  a 
goo d learner .  Consequently ,  th e architectur e i s capabl e 
of  discoverin g structure-functio n relationships .  Th e per -
formanc e o f  th e architectur e i s consisten t  wit h th e theo -
r y tha t  geneti c instruction s d o no t  necessaril y  stipulat e 
directl y th e functio n t o b e performe d b y eac h brai n re -
gion .  Instead ,  geneti c instruction s ma y assig n differen t 
structura l  propertie s t o differen t  regions .  Thes e struc -
turall y differen t  region s ma y then ,  du e t o thei r  perfor -
mance characteristics ,  tak e o n particula r  function s fo r 
whic h the y ar e well-suite d (cf .  Beve r  (1980 )  an d Kossly n 
(1987 )  fo r  relate d processin g account s o f  cerebra l  later -
alization) .  Simulatio n result s usin g th e M E architecture , 
as wel l  a s description s o f  othe r  relate d architectures ,  ca n 
be foun d i n Jacob s an d Jorda n (1993) ,  Jorda n an d Ja -
cob s (1994) ,  Jacob s an d Kossly n (1994) ,  an d Peng ,  Ja -
cobs ,  an d Tanne r  (1996) . 

IMAX Learning Architecture 

The I M A X learnin g architectur e i s a  syste m tha t  use s 
convergen t  computatio n an d i t  wa s propose d b y Becke r 
and Hinto n (1992) .  Th e module s o f  thi s architectur e re -
ceiv e dat a fro m differen t  modalitie s (suc h a s visio n an d 
touch )  o r  fro m th e sam e modalit y a t  differen t  time s (suc h 
as consecutiv e view s o f  a  rotatin g object )  o r  eve n spatial -
l y  adjacen t  part s o f  th e sam e visua l  image .  I t  i s  assume d 
tha t  differen t  portion s o f  th e perceptua l  inpu t  hav e com -
m on cause s i n th e externa l  world .  Module s tha t  loo k a t 
separat e bu t  relate d portion s ca n discove r  thes e com -
m on cause s b y strivin g t o produc e output s tha t  agre e 
wit h eac h other .  I n particular ,  module s adjus t  thei r  pa -
rameter s s o a s t o maximiz e th e mutua l  informatio n a -
mong thei r  outputs .  Thi s occur s whe n th e outpu t  o f 
eac h modul e ca n b e use d t o predic t  th e output s o f  th e 
othe r  module s (se e Figur e 2) .  A n interestin g featur e o f 
thi s architectur e i s tha t  it s  learnin g procedur e i s entirel y 
unsupervised ;  ther e i s n o externa l  teache r  tha t  provide s 
th e architectur e wit h trainin g information .  Instead ,  eac h 
modul e act s a s a  teache r  fo r  eac h o f  th e othe r  module s i n 
th e sens e tha t  eac h modul e compare s it s outpu t  wit h th e 
output s o f  th e othe r  modules .  Becke r  an d Hinto n (1992 ) 
showed tha t  whe n tw o module s vie w adjacen t  patche s o f 
two-dimensiona l  visua l  images ,  a n architectur e tha t  ha s 
no prio r  knowledg e o f  th e thir d dimensio n ca n discove r 
dept h i n rando m do t  stereogram s o f  curve d surfaces . 
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