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We develope d a  skil l  learnin g mode l  CLARION .  Dif -
feren t  fro m existin g model s o f  mostl y high-leve l  skil l 
learnin g tha t  us e a  top-dow n approac h (tha t  is ,  turn -
in g declarativ e knowledg e int o procedura l  knowledge )  , 
we adop t  a  bottom-u p approac h towar d low-leve l  skil l 
learning ,  wher e procedura l  knowledg e develop s firs t  an d 
declarativ e knowledg e develo p s  fro m it .  C lar io n i s 
forme d b y integratin g connectionist ,  reinforcement ,  an d 
symboli c learnin g method s t o perfor m on-lin e learning . 
We compar e th e mode l  wit h h u m a n dat a i n a  minefiel d 
navigatio n task .  A  matc h betwee n th e mode l  an d h u m a n 
dat a i s observe d i n severa l  comparisons . 

Th e mode l  consist s o f  tw o mai n components :  th e to p 
leve l  encode s explici t  declarativ e knowledg e i n th e for m 
of  propositiona l  rules ,  an d th e botto m leve l  encode s im -
plici t  procedura l  knowledg e i n neura l  networks .  I n ad -
dition ,  ther e i s a n episodi c memory ,  whic h store s re -
cen t  experience s i n th e for m o f  "input ,  output ,  result " 
(i.e. ,  stimulus ,  response ,  an d consequence) .  A  high-leve l 
pseudo-cod e algorith m tha t  describe s CLARIO N i s a s fol -
lows : 

1.  Observ e th e curren t  stat e i . 
2.  Comput e i n th e botto m leve l  th e Q-valu e o f  eac h o f 

th e possibl e action s (a,'s )  associate d wit h th e per -
ceptua l  stat e i :  Q(i,oi) ,  Q{x,a2) ,  ,  Q{x,an) . 

3.  Fin d ou t  al l  th e possibl e action s (6: ,  62 ,  tm )  a t  th e 
to p level ,  base d o n th e th e perceptua l  informatio n x 
and othe r  availabl e informatio n (whic h goe s u p fro m 
th e botto m level )  an d th e rule s i n plac e a t  th e to p 
level . 

4.  Compar e th e value s o f  a,' s  wit h thos e o f  bj' s  (whic h 
ar e sen t  dow n fro m th e to p level) ,  an d choos e a n 
appropriat e actio n a . 

5.  Perfor m th e actio n a ,  an d observ e th e nex t  stat e y 
and (possibly )  th e reinforcemen t  r . 

6.  Updat e th e botto m leve l  i n accordanc e wit h th e Q -
Learning-Backpropagatio n algorithm ,  base d o n th e 
feedbac k information . 

7.  Updat e th e to p leve l  usin g th e Rule-Extraction -
Refinemen t  algorithm . 

8.  G o bac k t o Ste p 1 . 
For  details .  Su n e t  a l  (1996) . 

We compare d mode l  performanc e wit h h u m a n perfor -
mance i n a  variet y o f  conditions .  I n th e standar d train -
in g conditio n w e compare d averag e succes s rate s a s i n 
Figur e 1 .  Bot h set s o f  dat a wer e bes t  fi t  b y powe r  func -
tion s (fo r  failur e rate) .  T h e degre e o f  similarit y i s  evi -
dent .  A  Pearso n coefficien t  wa s calculate d whic h yielde d 
a hig h positiv e correlatio n ( r  — .82) ,  indicatin g a  hig h 

Figur e 1 :  Th e learnin g curve s i n term s o f  succes s rate s 
i n th e standar d condition .  Th e righ t  sid e i s th e huma n 
dat a an d th e lef t  sid e i s th e mode l  data . 

Figur e 2 :  Th e learnin g curve s i n term s o f  succes s rate s 
i n th e verbalizatio n condition . 

degre e o f  similarit y betwee n h u m a n subject s an d mode l 
runs . 

I n th e verbalizatio n trainin g condition ,  w e compare d 
th e averag e h u m a n an d mode l  data .  W e posite d tha t 
much o f  th e effec t  o f  verbalizatio n o n learnin g wa s asso -
ciate d wit h rehearsin g previou s step s an d episodes ,  an d 
thu s w e us e repla y t o captur e verbalizatio n i n th e model . 
Again ,  th e tw o set s o f  dat a wer e highl y simila r  an d bot h 
wer e bes t  fi t  b y powe r  functions .  W e als o calculate d a 
Pearso n coefficient ,  whic h yielde d a  hig h positiv e corre -
latio n ( r  =  .84) . 

A numbe r  o f  othe r  conditions ,  suc h a s mixe d train -
in g an d over-verbalization ,  wer e als o use d i n compar -
isons .  Ou r  detaile d protoco l  analysi s furthe r  indicate d 
tha t  ther e wa s substantia l  evidenc e i n th e verbalizatio n 
of  th e subject s fo r  th e bottom-u p learnin g proces s a s 
posite d b y ou r  model . 
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