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Abstrac t 

We present a skill learning model Clarion. Different from 
existin g model s o f  high-leve l  skil l  learnin g tha t  us e a  top -
down approac h (tha t  is ,  turnin g declarativ e knowledg e int o 
procedura l  knowledge) ,  w e adop t  a  bottom-u p approac h to -
ward low-leve l  skil l  learning ,  wher e procedura l  knowledg e de -
velop s first  an d declarativ e knowledg e develop s later .  Clar -
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 .  W e 
compar e th e mode l  wit h huma n dat a i n a  minefiel d navigatio n 
task .  A  matc h betwee n th e mode l  an d huma n dat a i s foun d i n 
severa l  respects . 

In t roduc t io n 

The acquisitio n an d us e o f  skil l  constitut e a  majo r  portio n 

of  huma n activities .  Skill s  var y i n complexit y an d degre e 

of  cognitiv e involvement .  The y rang e fro m simpl e moto r 

movement s an d othe r  routin e task s i n everyda y activitie s t o 

high-leve l  intellectua l  skills .  W e stud y "lower-level "  cogni -

tiv e skills ,  whic h hav e no t  receive d sufficien t  researc h atten -

tion .  On e typ e o f  tas k tha t  exemplifie s wha t  w e cal l  low-leve l 

cognitiv e skil l  i s reactiv e sequentia l  decisio n makin g (Su n e t 

al  1996) .  I t  involve s a n agen t  selectin g an d performin g a  se -

quenc e o f  action s t o accomplis h a n objectiv e o n th e basi s o f 

moment-to-momen t  informatio n (henc e th e ter m "reactive") . 

An exampl e o f  thi s kin d o f  tas k i s th e minefiel d navigatio n 

tas k develof)e d a t  Th e Nava l  Researc h La b (se e Gordo n e t  al . 

1994) .  Thi s kin d o f  tas k settin g appear s t o ta p int o real-worl d 

skill s  associate d wit h decisio n makin g unde r  condition s o f 

tim e pressur e an d limite d information .  Thus ,  th e result s w e 

obtai n fro m huma n experiment s wil l  likel y b e transferabl e 

t o real-worl d skil l  learnin g situations .  Ye t  thi s kin d o f  tas k 

i s suitabl e fo r  computationa l  modelin g give n th e recen t  de -

velopmen t  o f  machin e learnin g technique s (Su n e t  a l  1996 , 

Watkin s 1989) . 

The distinctio n betwee n procedura l  knowledg e an d declar -

ativ e knowledg e ha s bee n mad e i n man y theorie s o f  learnin g 

and cognitio n (fo r  example ,  Anderso n 1982 ,  1993 ,  Kei l  1989 , 

Damasi o 1994 ,  an d Su n 1995) .  I t  i s  believe d tha t  bot h pro -

cedura l  an d declarativ e knowledg e ar e essentia l  t o cognitiv e 

agent s i n comple x environments .  Anderso n (1982 )  originall y 

propose d th e distinctio n base d o n dat a fro m a  variet y o f  skil l 

learnin g studies ,  rangin g fro m arithmeti c t o geometri c theo -

re m proving ,  t o accoun t  fo r  change s resultin g fro m extensiv e 
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Figur e 1 :  Navigatin g Throug h Mine s 

practice. Similar distinctions have been made by other re-

searcher s base d o n differen t  set s o f  data ,  i n th e area s o f  skil l 

learning ,  concep t  formation ,  an d verba l  informa l  reasonin g 

(e.g. ,  Fitt s an d Posner ,  1967 ;  Keil ,  1989 ;  Sun ,  1995) . 

Most  o f  th e wor k i n skil l  learnin g tha t  make s th e declar -

ative/procedura l  distinctio n assume s a  top-dow n approach ; 

tha t  is ,  learner s first  acquir e a  grea t  dea l  o f  explici t  declar -

ativ e knowledg e i n a  domai n an d the n throug h practice ,  tur n 

thi s knowledg e int o a  procedura l  for m ("proceduralization") , 

whic h lead s t o skille d performance .  However ,  thes e model s 

wer e no t  develope d t o accoun t  fo r  skil l  learnin g i n th e ab -

senc e of ,  o r  independen t  from ,  preexistin g explici t  domai n 

knowledge .  Severa l  line s o f  researc h demonstrat e tha t  in -

dividual s ca n lear n t o perfor m comple x skill s  withou t  first 

obtainin g a  larg e amoun t  o f  explici t  declarativ e knowledg e 

(e.g. ,  Berr y an d Broadben t  1988 ,  Stanle y e t  a l  1989 ,  Lewick i 

et  a l  1992 ,  Willingha m e t  a l  1989 ,  Rebe r  1989 ,  Karmiloff -

Smit h 1986 ,  Schacte r  1987 ,  an d Schraage n 1993) .  I n researc h 

on implici t  learning .  Berr y an d Broadben t  (1988) ,  Willing -

h a m e t  a l  (1989) ,  an d Rebe r  (1989 )  expressl y demonstrat e 

a dissociatio n betwee n explici t  knowledg e an d skille d per -

formanc e i n a  variet y o f  task s includin g dynami c decisio n 

task s (Berr y an d Broadben t  1988) ,  artificia l  gramma r  learn -

in g task s (Rebe r  1989) ,  an d seria l  reactio n task s (Willingha m 

et  a l  1989) .  Berr y an d Broadben t  (1988 )  argu e tha t  th e psy -

chologica l  dat a i n dynami c decisio n task s ar e no t  consisten t 

wit h exclusivel y top-dow n learnin g models ,  becaus e subject s 

ca n lear n t o perfor m th e tas k withou t  bein g provide d a  pri -

or i  declarativ e knowledg e an d withou t  bein g abl e t o verbal -

iz e th e rule s the y use d t o perfor m th e task .  Thi s indicate s tha t 

procedura l  skill s  ar e no t  necessaril y  accompanie d b y explici t 

declarativ e knowledge ,  whic h woul d no t  b e th e cas e i f  top -

down learnin g i s th e onl y wa y t o acquir e skill .  Willingha m 

et  a l  (1989 )  similarl y demonstrat e tha t  procedura l  knowledg e 

103 7 

mailto:rsun@cs.ua.edu
mailto:emerrill@gp.as.ua.edu
mailto:todd@cs.ua.edu


i s  no t  alway s precede d b y declarativ e knowledg e i n h u m a n 

learning ,  an d sho w tha t  declarativ e an d procedura l  learnin g 

ar e no t  necessaril y  correlated .  Ther e ar c eve n indication s tha t 

explici t  knowledg e m a y aris e fro m procedura l  skill s  i n som e 

circumstance s (se e Stanle y e t  a l  1989) .  Usin g a  dynami c de -

cisio n task .  Stanle y e t  al .  (1989 )  foun d tha t  th e developmen t 

of  declarativ e knowledg e parallele d bu t  lagge d behin d th e de -

velopmen t  o f  procedura l  knowledge . 

Simila r  claim s concernin g th e developmen t  o f  procedura l 

knowledg e prio r  t o th e developmen t  o f  declarativ e knowl -

edg e hav e surface d i n a  numbe r  o f  researc h area s outsid e 

th e skil l  learnin g literatur e an d provide d additiona l  suppor t 

fo r  th e bottom-u p approach .  Implici t  memor y researc h (e.g. , 

Schacte r  1987 )  demonstrate s a  dissociatio n betwee n explici t 

an d implici t  knowledge/memorie s i n tha t  a n individual' s per -

formanc e ca n improv e b y virtu e o f  implici t  "retrieval "  fro m 

m e m o ry an d th e individua l  ca n b e unawar e o f  th e process . 

Thi s i s no t  amenabl e t o th e exclusivel y top-dow n approach . 

Instrumenta l  conditionin g als o reflect s a  learnin g proces s tha t 

differ s fro m th e top-dow n approach ,  becaus e th e proces s i s 

typicall y non-verba l  an d involve s th e formatio n o f  actio n se -

quence s withou t  requirin g explici t  knowledge .  I t  m a y b e 

applie d t o simpl e organism s a s wel l  a s human s (Gluc k an d 

Bower  1988) .  I n developmenta l  psychology ,  Karmiloff-Smit h 

(1986 )  propose d th e ide a o f  "representationa l  redescription" . 

Durin g development ,  low-leve l  implici t  representation s ar e 

transforme d int o mor e abstrac t  an d explici t  representation s 

an d thereb y m a d e mor e accessible .  Thi s proces s i s no t  top -

d o wn either ,  bu t  i n th e opposit e direction . 

The Model 

Th e distinctio n betwee n declarativ e an d procedura l  knowl -

edg e lead s naturall y t o "two-level "  architecture s (Su n 1995) . 

We thereb y develope d th e mode l  C l a r i o n ,  whic h stand s fo r 

Connectionis t  Learnin g wit h Adaptiv e Rul e Inductio n O N -

line .  I t  embodie s th e distinctio n o f  declarativ e an d procedu -

ra l  knowledg e (or ,  conceptua l  an d subconceptua l  knowledge) , 

an d i t  perform s learnin g i n a  bottom-u p direction .  I t  con -

sist 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 o f  propositiona l  rules ,  an d 

th e botto m leve l  encode s implici t  procedura l  knowledg e i n 

neura l  networks .  I n addition ,  ther e i s a n episodi c memory , 

whic h store s recen 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 C L A R -

IO N i s a s follows : 

1. Observe the current state x. 
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 perceptua l  stat e 
x:Q{x,ai),Q{x,a2 )  Q{x,an) . 

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

4.  Choos e a n appropriat e actio n a ,  considerin g th e value s o f 
a,' s  an d b j  ' s  (whic h ar e sen t  dow n fro m th e to p level) . 

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

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

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 . 

In the bottom level, a Q-value is an evaluation of the "qual-

ity "  o f  a n actio n i n a  give n state :  Q{x ,a )  indicate s h o w de -

sirabl e actio n a  i s i n stat e x .  W e ca n choos e a n actio n base d 

on Q-values .  T o acquir e th e Q-values ,  supervise d and/o r  re -

inforcemen t  learnin g method s ma y b e applied .  A  widel y ap -

plicabl e optio n i s th e Q-leamin g algorith m (Watkin s 1989) ,  a 

reinforcemen t  learnin g algorithm .  I n th e algorithm ,  Q{x ,  a ) 

estimate s th e m a x i m u m discounte d cumulativ e reinforcemen t 

tha t  th e agen t  wil l  receiv e fro m th e curren t  stat e x  on .  Th e up -

datin g o fQ{x ,a )  i s base d o n minimizin g 

r - \ -ye{y) -Q{x,a ) (1 ) 

wher e 7  i s a  discoun t  factor ,  y  i s th e ne w stat e resultin g fro m 

actio n a  i n stat e x ,  an d e{y )  =  m a x a Q{y,a) .  Thus ,  th e up -

datin g i s base d o n th e tempora l  differenc e i n evaluatin g th e 

curren t  stat e an d th e actio n chosen :  I n th e abov e formula , 

Q{x ,a )  estimates ,  befor e actio n a  i s performed ,  th e (dis -

counted )  cumulativ e reinforcemen t  t o b e receive d i f  actio n a 

i s performed ,  an d r  -f -  7e(j/ )  estimate s th e (discounted )  cumu -

lativ e reinforcemen t  tha t  th e agen t  wil l  receive ,  afte r  actio n a 

i s performed ;  s o thei r  differenc e (th e tempora l  differenc e i n 

evaluatin g a n action )  enable s th e learnin g o f  Q-value s tha t  ap -

proximat e th e (discounted )  cumulativ e reinforcement .  Usin g 

Q-learnin g allow s sequentia l  behavio r  t o emerg e i n a n agent . 

Throug h successiv e update s o f  th e Q  function ,  th e agen t  ca n 

lear n t o tak e int o accoun t  futur e step s i n longe r  an d longe r 

sequences . 

To implemen t  Q  functions ,  w e chos e t o us e a  four-layere d 

networ k (se e Figur e 2) ,  i n whic h th e first  thre e layer s for m 

a (eithe r  recurren t  o r  feedforward )  backpropagatio n networ k 

fo r  computin g Q-value s an d th e fourt h laye r  (wit h onl y on e 

node )  perform s stochasti c decisio n making .  Th e outpu t  o f  th e 

thir d laye r  (i.e. ,  th e outpu t  laye r  o f  th e backpropagatio n net -

work )  indicate s th e Q-valu e o f  eac h actio n (represente d b y a n 

individua l  node) ,  an d th e nod e i n th e fourt h laye r  determine s 

probabilisticall y th e actio n t o b e performe d base d o n a  Boltz -

m a nn distributio n (i.e. .  Luce' s choic e axiom ;  Watkin s 1989) : 

p{a\x )  = ^.gQ(i,ov)/ a (2 ) 

Thi s learnin g proces s perform s bot h structura l  credi t  assign -

ment  (wit h backpropagation) ,  s o tha t  th e agen t  know s whic h 

elemen t  i n a  stat e shoul d b e assigne d credit/blame ,  a s wel l 

as tempora l  credi t  assignment ,  s o tha t  th e agen t  know s whic h 

actio n lead s t o succes s o r  failure .  Thi s learnin g proces s en -

able s th e developmen t  o f  procedura l  skill s  potentiall y  solel y 

base d o n th e agen t  independentl y explorin g a  particula r  worl d 

on a  continuou s an d on-goin g basis . 

I n th e to p level ,  declarativ e knowledg e i s capture d i n a  sim -

pl e propositiona l  rul e form .  T o facilitat e correspondenc e wit h 
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Figur e 2 :  T h e implementatio n o f  C L A I U O N . 

The to p leve l  contain s localis t  encodin g o f  propositiona l  rules .  Th e 

botto m leve l  contain s connection !  s t  network s fo r  capturin g procedu -

ral  skills . 

th e botto m leve l  an d t o encourag e uniformit y an d integratio n 

(Clar k an d Karmiloff-Smit h 1993) ,  w e chos e t o us e a  localis t 

connectionis t  mode l  fo r  implementin g thes e rule s (e.g. .  Su n 

1992) .  Basically ,  w e translat e th e structur e o f  a  se t  o f  rule s 

int o tha t  o f  a  network .  Fo r  eac h rule ,  a  se t  o f  link s ar e es -

tablished ,  eac h o f  whic h connect s a  nod e representin g a n el -

ement  i n th e conditio n o f  a  rul e t o th e nod e representin g th e 

conclusio n o f  th e rule .  Fo r  m o r e comple x rul e form s includ -

in g predicat e rule s an d variabl e binding ,  se e Su n (1992) . 

To full y captur e bottom-u p learnin g processes ,  w e devise d 

a ne w algorith m fo r  learnin g declarativ e knowledg e (rules ) 

usin g informatio n i n th e botto m leve l  (th e Rule-Extraction -

Refinemen t  algorithm) .  T h e basi c ide a i s a s follows :  i f  a n 

actio n decide d b y th e botto m leve l  i s  "successful" ,  the n th e 

agen t  extract s a  rul e (wit h it s actio n correspondin g t o tha t 

selecte d b y th e botto m leve l  an d wit h it s condition s corre -

spondin g t o th e curren t  sensor y state) ,  an d add s th e rul e t o 

th e top-leve l  rul e network .  Then ,  i n subsequen t  interaction s 

wit h th e world ,  th e agen t  refine s th e extracte d rul e b y con -

siderin g th e outcom e o f  applyin g th e rule :  i f  th e outcom e i s 

"successful" ,  th e agen t  m a y tr y t o generaliz e ("expand" )  th e 

conditio n o f  th e rul e t o m a k e i t  mor e universal ;  i f  th e outcom e 

i s no t  successful ,  the n th e agen t  m a y specializ e ("shrink" )  th e 

conditio n o f  th e rule . 

Specifically ,  a t  eac h step ,  w e comput e a n informatio n 

gai n measur e tha t  compare s th e qualitie s o f  tw o candidat e 

rules .  T o d o that ,  w e examin e th e followin g information : 

(x ,  y ,  r ,  a ) ,  wher e i  i s  th e stat e befor e actio n a  i s performed , 

y i s th e ne w stat e afte r  a n actio n a  i s performed ,  an d r  i s 

th e reinforcemen t  receive d afte r  actio n a .  Base d o n that ,  w e 

updat e rul e statistics :  th e positiv e matc h an d th e negativ e 

matc h count s fo r  eac h rul e conditio n an d eac h o f  it s  mino r 

variation s (i.e. ,  th e rul e conditio n plus/minu s on e possibl e 

valu e i n on e o f  th e inpu t  dimensions )  C ,  wit h regar d t o th e 

actio n a  performed ;  tha t  is ,  P M a { C )  (i.e. ,  Positiv e Match , 

whic h equal s th e numbe r  o f  time s tha t  a n inpu t  matche s th e 

conditio n C ,  actio n a  i s performed ,  an d th e resul t  i s  posi -

tive )  an d N M a { C )  (i.e. ,  Negativ e Match ,  whic h equal s th e 

n u m b er  o f  time s tha t  a n inpu t  matche s th e conditio n C ,  ac -

tio n a  i s performed ,  an d th e resul t  i s  negative) .  Here ,  pos -

itivity/negativit y i s determine d b y th e followin g inequality ; 

maxf c Q { y ,  h )  — Q { x ,  a )  -\ -  r  >  threshold ,  whic h indicate s 

whethe r  o r  no t  th e actio n i s reasonabl y goo d (Su n an d Peter -

so n 1998) .  Base d o n thes e statistics ,  w e calculat e th e infor -

matio n gai n measure ;  tha t  is . 

1G{A,B )  =  log 2 
PMa(A)  +  \ 

PMa(A)  +  NM,{A )  +  2 
-  log 2 

PA/„(B )  +  1 
PMa(B)  +  N M a ( B ) + 2 

wher e A  an d B  ar e tw o differen t  condition s tha t  lea d t o th e 

same actio n a .  T h e measur e compare s essentiall y  th e per -

centag e o f  positiv e matche s unde r  differen t  condition s A  an d 

B (wit h th e Laplac e estimator ;  Lavra c an d Dzerosk i  1994) . 

I f  A  ca n improv e th e percentag e t o a  certai n degre e ove r  B , 

the n A  i s considere d bette r  tha n B .  I n th e algorithm ,  i f  a  rul e 

i s bette r  compare d wit h th e match-al l  rul e (i.e ,  th e rul e wit h 

th e conditio n tha t  matche s al l  inputs) ,  the n th e rul e i s consid -

ere d "successful "  (fo r  th e purpos e o f  decidin g o n expansio n 

or  shrinkin g operations) . 

We decid e o n whethe r  o r  no t  t o construc t  a  rul e base d o n 

a simpl e succes s criterio n whic h i s full y  determine d b y th e 

curren t  ste p (x ,  y ,  r ,  a ) : 

• Construction: if r + 7e(y) — Qix, a) > threshold, where 

a i s th e actio n performe d i n stat e x  an d y  i s th e resultin g 

n e w stat e [tha t  is ,  i f  th e curren t  ste p i s successful] ,  an d 

i f  ther e i s n o rul e tha t  cover s thi s ste p i n th e to p level ,  se t 

up a  rul e C  — > a ,  wher e C  specifie s th e value s o f  al l  th e 

inpu t  dimension s exactl y a s i n x . 

The criterion for applying the expansion and shrinking op-

erators ,  o n th e othe r  hand ,  i s base d o n th e afore-mentione d 

informatio n gai n measure .  Expansio n amount s t o addin g a n 

additiona l  valu e t o on e inpu t  dimensio n i n th e conditio n o f  a 

rule ,  s o tha t  th e rul e wil l  hav e mor e opportunitie s o f  matchin g 

inputs ,  an d shrinkin g amount s t o removin g on e valu e fro m 

on e inpu t  dimensio n i n th e conditio n o f  a  rule ,  s o tha t  i t  wil l 

hav e les s opportunitie s o f  matchin g inputs .  Her e ar e th e de -

taile d description s o f  thes e operators : 

• Expansion: if IG{C,all) > thresholdl and 

m a x c I G { C ' , C )  >  0 ,  wher e C  i s th e curren t  con -

ditio n o f  a n applicabl e rule ,  al l  refer s t o th e match-al l 

rul e (wit h regar d t o th e sam e actio n specifie d b y th e rule) , 

an d C  i s a  modifie d conditio n suc h tha t  C  =  C  plu s 

on e valu e (i.e. ,  C  ha s on e mor e valu e i n on e o f  th e inpu t 

dimensions )  [tha t  is ,  i f  th e curren t  rul e i s successfu l 

a n d a n expande d conditio n i s potentiall y  better] ,  the n 

set  C "  =  a r g m a x c ' I G { C ' , C )  a s th e n e w (expanded ) 

conditio n o f  th e rule .  Rese t  al l  th e rul e statistics .  A n y rul e 

covere d b y th e expande d rul e wil l  b e place d i n it s childre n 

list .  ' 

'Th e childre n lis t  o f  a  rul e i s create d t o kee p asid e an d mak e in -
activ e thos e rule s tha t  ar e mor e specifi c  (thu s full y covered )  b y th e 
curren t  rule .  I t  i s  usefu l  becaus e i f  late r  o n th e rul e i s delete d o r 
shrunk ,  som e o r  al l  o f  thos e rales  o n it s childre n lis t  ma y b e reacti -
vate d i f  the y ar e n o longe r  covered . 
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Figur e 3 :  T h e Navigatio n Inpu t 

The disple y a t  th e uppe r  lef t  corne r  i s th e tiie l  gauge ;  th e vertica l 

one a t  th e uppe r  right  come r  i s th e rang e gauge ;  th e roun d on e i n th e 

middl e i s th e bearin g gauge ;  th e 7  sona r  gauge s ar e a t  th e bottom . 

• Shrinking: if IG{C,all) < threshold! and 

m a j c c / G ( C , C )  >  0 ,  wher e C  i s th e curren t  con -

ditio n o f  a n applicabl e rule ,  al l  refer s t o th e match-al l 

rul e (wit h regar d t o th e sam e actio n specifie d b y th e 

rule) ,  an d C  i s a  modifie d conditio n suc h tha t  C  =  C 

minu s on e valu e (i.e. ,  C  ha s on e les s valu e i n on e o f 

th e inpu t  dimensions )  [tha t  is ,  i f  th e curren t  rul e i s 

unsuccessful ,  bu t  a  shrun k conditio n i s  better] ,  the n se t 

C "  =  a r g m a x c ' I G { C ' , C )  a s th e n e w (shrunk )  conditio n 

of  th e rule .  Rese t  al l  th e rul e statistics .  Restor e thos e rule s 

i n th e childre n lis t  o f  th e origina l  rul e tha t  ar e no t  covere d 

by th e shrun k rule .  I f  shrinkin g th e conditio n make s i t 

impossibl e fo r  a  rul e t o matc h an y inpu t  state ,  delet e th e 

rule . 

• Deletion: included in Shrinking. 

Note that although the accumulation of statistics is gradual, 

th e acquisitio n an d revisio n o f  rule s ar e one-sho t  an d all-or -

nothing ,  a s oppose d t o th e gradua l  change s i n th e botto m 

level . 

I n choosin g a n actio n t o b e performe d a t  eac h step ,  w e 

combin e th e correspondin g value s fo r  eac h actio n fro m th e 

tw o level s (a t  ste p 4  o f  th e overal l  algorithm )  b y a  weighte d 

sum;  tha t  is ,  i f  th e to p leve l  indicate s tha t  actio n a  ha s a n acti -

vatio n valu e V  (whic h shoul d b e 0  o r  1  a s rule s ar e binary )  an d 

th e botto m leve l  indicate s tha t  a  ha s a n activatio n valu e g  (th e 

Q-value) ,  the n th e final  outcom e \ sw i * v +  W 2 * q .  Stochasti c 

decisio n makin g wit h Boltzman n distributio n (base d o n th e 

weighte d sums )  i s the n performe d t o selec t  a n actio n ou t  o f 

al l  th e possibl e action s (Wiilingha m e t  a l  1989) .  w i  an d W 2 

ar e automaticall y determine d throug h probabilit y  matching . 

Experiments 

I n al l  o f  th e huma n experiments ,  subject s wer e seate d i n fron t 

of  a  compute r  monito r  tha t  displaye d a n instrumen t  pane l 

containin g severa l  gauge s tha t  provide d curren t  informatio n 

(se e Figur e 3) .  Th e followin g instructio n wa s give n t o ex -

plai n th e setting : 

I. Imagine yourself navigating an underwater submarine that 
has t o g o throug h a  minefiel d t o reac h a  targe t  location .  Th e 
reading s fro m th e followin g instrument s ar e available : 

(1 )  Sona r  gauge s sho w yo u ho w clos e th e mine s ar e t o th e sub -
marine .  Thi s informatio n i s presente d i n 7  equa l  area s tha t 
rang e fro m 4 5 degree s t o you r  left ,  t o directl y i n fron t  o f  yo u 
and the n t o 4 5 degree s t o you r  right.  Mine s ar e detecte d b y 

th e sonar s an d th e sona r  reading s i n eac h o f  thes e direction s 
ar e show n a s circle s i n thes e boxes .  A  circl e become s large r  a s 
yo u approac h mine s i n tha t  direction . 

(2 )  A  fue l  gaug e show s yo u ho w muc h tim e yo u hav e lef t  be -
for e yo u ru n ou t  fuels .  Obviously ,  yo u mus t  reac h th e targe t 
befor e yo u ru n ou t  o f  fue l  t o successfull y complet e th e task . 

(3 )  A  bearin g gaug e show s yo u th e directio n o f  th e targe t  fro m 
you r  presen t  direction ;  tha t  is ,  th e angl e fro m you r  curren t  di -
rectio n o f  motio n t o th e directio n o f  th e target . 

(4 )  A  rang e gaug e show s yo u ho w fa r  you r  curren t  locatio n i s 
fro m th e target . 

II .  A t  th e beginnin g o f  eac h episod e yo u ar e locate d o n on e 
sid e o f  th e minefiel d an d th e targe t  i s  o n th e othe r  sid e o f  th e 
minefield .  Yo u tas k i s t o navigat e throug h th e minefiel d t o ge t 
t o th e targe t  befor e yo u ru n ou t  o f  fuel .  A n episod e end s when : 
(a )  yo u ge t  t o th e goa l  (success) ;  (b )  yo u hi t  a  min e (failure) ; 
(c )  yo u ru n ou t  o f  fue l  (failure) . 

A random mine layout was generated for each episode. 

Thi s settin g wa s stochasti c an d non-Markovian .  Becaus e o f 

th e tigh t  tim e limit ,  th e subject s wer e force d t o b e reactiv e an d 

us e bottom-u p learning .  Fiv e trainin g condition s wer e used , 

i n orde r  t o produc e difference s o f  performanc e resultin g fro m 

differentia l  emphase s place d o n th e tw o level s respectively : 

• The standard training condition. Subjects received five 

block s o f  2 0 episode s o n eac h o f  five  consecutiv e day s (10 0 

episode s pe r  day) .  I n eac h episod e th e minefiel d containe d 

6 0 mines .  Th e subject s wer e allowe d 20 0 steps . 

• The verbalization conditions. They were identical to the 

standar d conditio n excep t  tha t  subjec t  wer e aske d t o ste p 

throug h replay s o f  selecte d episode s an d t o verbaliz e wha t 

the y wer e thinkin g durin g th e episode .  O n e grou p o f  sub -

ject s verbalize d fo r  five  o f  th e first  2 0 episode s an d five  o f 

th e las t  2 0 episode s o n th e first,  third ,  an d fifth  days ,  whil e 

anothe r  grou p verbalize d o n th e fifth  da y only . 

• The over-verbalization condition. Subjects were required 

t o perfor m verbalizatio n o n 1 5 o f  th e 2 5 episode s tha t  the y 

receive d durin g on e sessio n o f  training . 

• The dual-task condition. Subjects performed the naviga-

tio n tas k whil e concurrentl y performin g a  categor y deci -

sio n task .  (I n th e categor y decisio n task ,  subject s listene d 

t o a  serie s o f  exemplar s fro m five  semanti c categorie s a t  th e 

rat e o f  on e ever y thre e second s (o n average) .  O n e categor y 

was designate d th e targe t  categor y eac h da y an d subject s 

had t o respon d verball y whe n a n exempla r  o f  th e categor y 

was presented. ) 

• The transfer conditions. Subjects were trained in 30 mine 

minefield s unti l  the y reache d th e criterio n o f  8 0 % succes s 

on tw o consecutiv e blocks .  O n e grou p wa s traine d unde r 

th e singl e tas k condition ,  whil e th e othe r  unde r  th e dua l 

tas k conditio n (a s describe d earlier) .  The n the y wer e bot h 

transfere d t o th e 6 0 min e fields  (withou t  secondar y tasks) . 

The rationale for designing these experiments was to manip-

ulat e trainin g setting s s o a s t o allo w differentia l  emphase s 

on th e tw o level s i n subjects ,  whic h serve s t o illusu-at e th e 
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effect s o f  th e tw o level s i n a n indirec t  way ,  an d thu s verif y 

th e mode l  indirectl y (ther e i s n o wa y tha t  w e ca n verif y th e 

contribution s o f  th e tw o level s directly) .  Fo r  instance ,  wit h 

verbalization ,  subject s migh t  b e force d t o b e mor e explicit , 

and thu s thei r  top-leve l  mechanism s migh t  b e mor e engage d 

and th e performanc e enhance d t o som e exten t  (Stanle y e t  a l 

1989 ,  Willingha m e t  a l  1989) .  W h e n subject s wer e force d t o 

be completel y explicit ,  thei r  top-leve l  mechanism s migh t  b e 

overl y engage d an d thu s th e bottom-leve l  mechanism s migh t 

be hampered ;  thu s th e performanc e migh t  b e worsene d (Re -

ber  1989 ,  Schoole r  e t  a l  1993) .  W h e n subject s wer e dis -

tracte d b y a  secondar y (explicit )  task ,  thei r  top-leve l  mech -

anism s migh t  b e les s availabl e t o th e primar y tas k (sinc e at -

tentiona l  manipulatio n affect s explici t  processe s mor e tha n 

implici t  processes ;  Stadle r  1995 ,  Nisse n an d BuUemer  1987) , 

whic h le d t o worsene d performance . 

Clar io n wa s applie d t o th e tas k i n th e sam e way s a s 

human subjects .  Th e effec t  o f  (regular )  verbalizatio n wa s 

posite d t o ste m fro m heightene d explicatio n (rul e learning ) 

activitie s (Stanle y e t  a l  1989 )  an d t o a  lesse r  extent ,  fro m re -

hearsin g previou s episodes .  Thu s fo r  th e model ,  w e reduce d 

th e rul e learnin g threshold s (t o encourag e mor e rul e learning ) 

and als o use d episodi c memor y repla y (t o captur e rehearsal) . 

To captur e th e effec t  o f  over-verbalization ,  w e assume d tha t 

to o muc h verbalizatio n (e.g. ,  verbalizin g fo r  mor e tha n hal f 

of  th e trainin g episodes )  reduce d th e rul e learnin g threshold s 

eve n further .  Th e effec t  o f  th e dua l  tas k wa s conjecture d t o 

be hamperin g th e to p level .  Thu s i n th e model ,  th e effec t  o f 

th e dua l  tas k wa s capture d b y significantl y increasin g th e rul e 

learnin g threshold s a t  th e to p leve l  (whic h discourage d rul e 

learning) . 

10 huma n subject s wer e compare d t o 1 0 mode l  subject s 

(randoml y selected )  i n eac h experiment .  W e obtaine d perfor -

mance dat a fo r  eac h subjec t  separately .  Thes e wer e divide d 

int o block s o f  2 0 episode s each . 

The effec t  o f  th e dua l  tas k conditio n o n learning .  Suc -

ces s rate s wer e average d fo r  eac h huma n o r  mode l  subject . 

Comparin g huma n an d mode l  performanc e wit h singl e vs . 

dual  tas k training ,  2x 2 A N O V A (huma n vs .  mode l  x  singl e 

vs.  dua l  task )  indicate d a  significan t  mai n effec t  fo r  singl e vs . 

dual  tas k ( p <  .01) ,  bu t  n o interactio n betwee n group s an d 

tas k types ,  indicatin g simila r  effect s o f  th e dua l  tas k conditio n 

on th e learnin g o f  huma n an d mode l  subjects .  Se e Figur e 4 . 

The effec t  o f  th e dua l  tas k conditio n o n transfer .  2x 2 

A N O VA (huma n vs .  mode l  x  singl e vs .  dua l  task )  reveale d a 

significan t  mai n effec t  o f  singl e v s dua l  tas k ( p <  .05) ,  an d n o 

interactio n betwee n group s an d tas k types ,  agai n indicatin g 

simila r  effect s o f  th e dua l  tas k conditio n o n th e transfe r  o f 

human an d mode l  subjects .  Se e Figur e 5 . 

The effec t  o f  verbalization .  Th e effec t  wa s reveale d b y 

comparin g performanc e o f  th e tw o group s o f  verbalizatio n 

subject s (on e starte d verbalizatio n o n th e first  da y an d th e 

othe r  o n th e fifth  day) .  Th e first  fou r  day s wer e use d t o ex -

amin e th e effect s o f  verbalization .  W e average d succes s rate s 

acros s eac h o f  thes e 4  day s fo r  eac h subject ,  an d subjecte d 

Figur e 4 :  Singl e vs .  Dua l  Tas k Trainin g 

The lef t  pane l  contain s average d huma n data ,  an d th e right  average d 

model  data . 

Figur e 5 :  Singl e vs .  Dua l  Tas k Transfe r 

The lef t  pane l  contain s average d huma n data ,  an d th e right  average d 

model  data . 

th e dat a t o a  4  (days )  x  2  (huma n vs .  model )  x  2  (verbal -

izatio n vs .  n o verbalization )  A N O V A.  Th e analysi s indicate d 

tha t  bot h huma n an d mode l  subject s exhibite d a  significan t 

increas e i n performanc e du e t o verbalizatio n ( p <  .01) ,  bu t 

tha t  th e differenc e associate d wit h verbalizatio n fo r  th e tw o 

group s wa s no t  significant .  Se e Figur e 6 . 

Th e effec t  o f  over-verbalization .  I n th e over -

verbalizatio n condition ,  virtuall y al l  subject s wer e perform -

in g a t  floor  a t  th e en d o f  thei r  2 5 episode s o f  training .  ^ 

C la r io n capture d thi s effec t  throug h th e aforementione d re -

ductio n o f  th e rul e learnin g thresholds . 

I n addition ,  w e compare d th e huma n an d mode l  subject s 

unde r  th e standard ,  th e verbalizatio n (startin g th e first  day) , 

and th e dual-tas k condition .  The y wer e highl y similar .  Th e 

model  dat a wer e withi n th e standar d erro r  o f  th e huma n data . 

T wo correspondin g set s o f  dat a i n eac h conditio n wer e bot h 

best  fit  b y powe r  functions .  A  Pearso n produc t  moment  corre -

latio n coefficien t  wa s calculate d fo r  eac h pair ,  whic h yielde d 

hig h positiv e correlation s ( r  range d fro m .8 2 t o .91) ,  indicat -

in g a  hig h degre e o f  similarit y betwee n huma n an d mode l 

subject s i n ho w practic e influence d huma n an d mode l  perfor -

mance i n eac h condition . 

Concluding Remarks 

I n sum ,  w e discusse d a  hybri d connectionis t  mode l  C L A R I O N 

as a  demonstratio n o f  th e approac h o f  bottom-u p skil l  learn -

^Overall ,  thes e subject s achieve d a  10 % succes s rate ,  wherea s 
th e subject s i n th e regula r  verbalizatio n conditio n achieve d a  succes s 
rat e o f  33% .  I f  w e eliminat e th e on e subjec t  wh o performe d a t  6 0 % 
i n th e over-verbalizatio n condition ,  th e remainin g subject s achieve d 
a succes s rat e o f  approximatel y 3%. 
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Figur e 6 :  Verbalizatio n vs .  N o Verbalizatio n 

The lef t  pane l  contain s average d huma n data ,  an d th e right  average d 

model  data . 

ing .  Th e mode l  essentiall y  consiste d o f  tw o level s fo r  captur -

in g bot h procedura l  an d declarativ e knowledg e an d enablin g 

bottom-up  learning ,  whic h differe d markedl y fro m existin g 

models .  Initia l  experiment s demonstrate d som e matche s o f 

th e mode l  wit h huma n dat a acros s a  numbe r  o f  manipulations . 
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