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At  th e crossroa d betwee n cognitiv e psycholog y an d artificia l 
neura l  networks ,  thi s wor k i s  abou t  learnin g comple x 
behaviors ? Indeed ,  curren t  connectionis t  algorithm s ca n onl y 
lear n simpl e tasks ,  an d ca n onl y mode l  limite d an d isolate d 
human abilities .  T w o principle s t o overcom e thes e limit s 
ar e proposed . 

Progressivity 

To mak e a  networ k lear n a  comple x ability ,  compute r 
scientist s usuall y us e a  singl e networ k wit h a  singl e 
trainin g set .  Conversely ,  w e argu e tha t  learnin g shoul d tak e 
plac e i n a  tempora l  framework ,  wher e th e trainin g se t 
evolve s durin g learning .  I n particular ,  i f  successiv e trainin g 
set s ar e carefull y chosen ,  suc h a  tempora l  organizatio n o f 
learnin g ca n facilitat e learning ,  thank s t o progressiv e 
learnin g (Cloet e &  Ludik ,  1993 ;  Elman ,  1993 ;  Szila s & 
Ronco ,  1995) .  Suc h a  progressivit y effect ,  base d o n th e 
notio n o f  transfer ,  i s  ofte n observe d i n huma n learning . 
Beyon d th e intuitiv e obviou s fac t  tha t  th e whol e schoolin g 
i s base d o n progressiv e acquisitio n o f  knowledge ,  laborator y 
experiment s hav e demonstrate d th e efficienc y o f  progressiv e 
learning ,  i n a  larg e variet y o f  tasks ,  lik e human-compute r 
interaction ,  moto r  learning ,  concep t  learning ,  etc . 

Polyvalency 

However ,  th e succes s o f  bot h compute r  an d psychologica l 
experiment s mentione d abov e entirel y relie s o n ho w th e tas k 
designe r  organize s th e learnin g environment .  W e inten d t o 
desig n model s o f  autonomou s learning ,  wher e th e learnin g 
system  i s  abl e t o selec t  wha t  t o lear n an d when . 
Straightforwar d finding ,  withou t  a  prior i  knowledge ,  th e 
prope r  orderin g o f  task s i s unrealistic ,  i f  th e syste m i s no t 
allowe d t o us e som e kin d o f  trial s an d error s strategy .  Suc h 
a strateg y require s polyvalency .  Polyvalenc y reefer s t o th e 
abilit y  o f  a  system  t o hav e severa l  distinc t  skills ,  whic h 
correspon d t o distinc t  Gainin g set s i n connectionis t  models . 
I n a  pur e progressiv e learnin g situation ,  th e curren t  learnin g 
onl y hav e th e previou s skil l  a t  it s  disposal ,  becaus e 
progressiv e learnin g i s characterize d b y a  "fixe d processin g 
channel "  (Clar k &  Thornto n 1997) ,  wherea s i n progressiv e 
an d polyvalen t  learning ,  ther e i s a  wid e pane l  o f  tasks , 
availabl e fo r  transfer .  Thus ,  progressiv e learnin g ca n occu r 
i n a n autonomou s way ;  th e syste m acquires ,  i n a  botto m u p 
way,  a  variet y o f  skill s  incrementall y connecte d on e wit h 
th e others . 

A b o u t  opt imal i t y 

Interestingly ,  thos e tw o principles ,  whe n combined , 
impl y tha t  th e resultin g structur e i s sub-optimal ,  fro m a 
computationa l  poin t  o f  view .  Indeed ,  progressiv e an d 
polyvalen t  system s nee d t o maintai n thei r  ol d abilitie s 
whic h constraine d th e spac e o f  solution s (Szila s 1997) . 
Conversely ,  th e multitas k approac h (Caruana ,  1993 )  aim s a t 
bette r  architectures ,  i n term s o f  generalization ,  becaus e i n 
multitas k learning ,  al l  skill s  ar e acquire d simultaneously ,  i n 
a no n progressiv e way .  W e jus t  clai m tha t  multitas k 
learnin g i s no t  suite d t o highl y comple x tasks .  N o n 
optimalit y ha s bee n observe d i n huma n learnin g (se e (Ben -
Zeev ,  1995 )  fo r  example) :  i n th e cours e o f  development ,  ol d 
erroneou s procedure s remai n durin g th e whol e life ,  whil e 
ne w procedure s ar e jus t  superimpose d t o them .  Accordin g t o 
thes e psychologica l  dat a an d th e tw o propose d principles ,  w e 
clai m tha t  th e curren t  rac e o f  compute r  scientist s fo r 
optimalit y doe s no t  hold :  no n optima l  structure s for m a 
necessar y stag e i n learning . 
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