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Bottom-u p Skil l  Learnin g i n Reactiv e Sequentia l  Decisio n Task s 

Ron Su n an d Tod d Peterso n an d Edwar d Merril l 
The Universit y  o f  Alabam a 

Tuscaloosa ,  A L 3548 7 
rsunlic s .ua.ed u 

Abstrac t 

This paper introduces a hybrid model that unifies connection-
ist .  symboUc ,  an d reinforcemen t  learnin g int o a n integrate d 
architectur e fo r  bottom-u p skil l  learnin g i n reactiv e sequentia l 
decisio n tasks .  Th e mode l  i s designe d fo r  a n agen t  t o lear n 
continuousl y fro m on-goin g experienc e i n th e world ,  withou t 
th e us e o f  preconceive d concept s an d knowledge .  Bot h proce -
dura l  skill s  an d high-leve l  knowledg e ar e acquire d throug h a n 
agent' s experienc e interactin g wit h th e world .  Computationa l 
experiment s wit h th e mode l  i n tw o domain s ar e reported . 

Introduction 

Skil l  learnin g (o r  skil l  acquisition )  i s a n importan t  are a o f 
cognitiv e science ,  a s skille d performanc e (an d it s acquisi -
tion )  constitute s th e majorit y o f  h u m a n activities .  Suc h skill s 
rang e fro m simpl e moto r  movement s an d routin e copin g i n 
everyda y activitie s al l  th e wa y t o comple x intellectua l  skill s 
suc h a s writin g o r  provin g mathematica l  theorems .  Ther e 
i s a  hierarch y o f  skill s  o f  varyin g complexitie s an d cognitiv e 
involvement .  Mos t  widel y studie d i n cognitiv e scienc e i s cog -
nitiv e skil l  acquisitio n (VanLeh n 1995) ,  tha t  is ,  th e abilitie s 
t o solv e problem s i n mor e o r  les s intellectua l  tasks ,  suc h a s 
(jus t  t o mentio n a  few )  arithmetic ,  elementar y geometry ,  L IS P 
programming ,  an d simulate d airtraffi c  contro l  (e.g. ,  Anderso n 
1982 ,  1993 .  VanLeh n 1995 ,  Ackerma n 1988) .  Mos t  o f  th e 
wor k assume s a  top-dow n approach ;  tha t  is ,  the y assum e tha t 
subject s firs t  acquir e a  grea t  dea l  o f  knowledg e i n a  domai n 
an d the n practic e change s thi s explici t  knowledg e int o a  mor e 
usabl e form ,  whic h lead s t o skille d performance .  Th e explici t 
knowledg e acquire d befor e practic e i s declarativ e knowledg e 
whil e th e knowledg e directl y use d i n skille d performanc e i s 
procedura l  knowledge .  I t  i s  common l y believe d tha t  skill s  ar e 
th e resul t  o f  "proceduralization "  o f  declarativ e knowledge . 

However ,  ther e i s  a  substantia l  literatur e o f  wor k tha t 
demonstrate s tha t  th e opposit e m a y als o b e true :  subject s 
ca n lear n skille d performanc e withou t  bein g provide d explici t 
knowledg e prio r  t o practice ,  suc h a s Berr y an d Broadben t 
(1984) ,  Stanle y e t  a l  (1989) ,  Willingha m e t  a l  (1992) ,  an d 
Reber  (1989) .  A m o n g them .  Berr y an d Broadben t  (1984 )  an d 
Stanle y e t  a l  (1989 )  expressl y demonstrat e th e dissociatio n 
betwee n prio r  knowledg e an d skille d performance ,  i n a  vari -
et y o f  tasks .  Explici t  knowledg e i s no t  equivalen t  t o bu t  ca n 
aris e ou t  o f  skills . 

Reactiv e sequentia l  decisio n task s (Su n an d Peterso n 1995 ) 
i s  a  suitabl e domai n fo r  studyin g suc h 6o/fom-u/ 7 skil l  learning . 
The y generall y involv e selectin g an d performin g a  sequenc e 
of  actions ,  i n orde r  t o accomplis h a n objective ,  mostl y o n th e 

basi s o f  moment-to-momen t  perceptua l  information .  I n suc h 
tasks ,  whil e skill s  emerg e fro m repeate d practice ,  declarativ e 
knowledg e i s als o formed ,  o n th e basi s o f  acquire d skille d 
performance .  S o th e proces s i s th e opposit e o f  th e commonl y 
assume d top-dow n approach . 

A genera l  specificatio n i s a s follows :  ther e i s a n agen t 
tha t  ca n select ,  fro m a  finit e se t  o f  actions ,  a  particula r  ac -
tio n t o perfor m a t  eac h tim e step .  Th e selectio n decisio n i s 
(mainly )  base d o n th e curren t  stat e o f  th e world ,  presente d t o 
th e agen t  throug h sensor y input .  Th e worl d change s eithe r 
autonomousl y o r  a s a  resul t  o f  som e actio n b y a n agent .  Thus , 
ove r  time ,  th e worl d i s presente d t o a n agen t  a s a  sequenc e o f 
states .  A t  certai n point s i n a  sequence ,  th e agen t  m a y receiv e 
payoff s o r  reinforcements .  Thus ,  th e agen t  ma y nee d t o per -
for m tempora l  an d structura l  credi t  assignment ,  t o attribut e 
ih e payoffs/reinforcement s t o variou s action s a t  variou s point s 
i n tim e (tha t  is ,  th e tempora l  credi t  assignmen t  problem) ,  i n 
accordanc e t o variou s aspect s o f  a  stat e (tha t  is ,  th e structura l 
credi t  assignmen t  problem) . 

Whil e performin g thi s kin d o f  task ,  th e agen t  i s ofte n un -
der  sever e tim e pressure .  Ofte n a  decisio n ha s t o b e mad e 
i n a  fractio n o f  a  second ;  therefor e i t  canno t  d o muc h "in -
formatio n processing" ,  an d fall s outsid e o f  Alle n Newell' s 
"rationa l  band" .  Th e decisio n makin g an d learnin g i n th e 
agen t  thu s canno t  b e to o time-consuming .  A s i n humans ,  th e 
agen t  m a y als o b e severel y limite d i n othe r  resources ,  suc h a s 
m e m o ry s o tha t  memorizin g al l  th e previou s episode s i s con -
sidere d impossible .  Th e perceptua l  abilit y  o f  a n agen t  ma y 
als o b e extremel y limite d s o tha t  onl y ver y loca l  informatio n i s 
available .  Learnin g i n suc h a  domai n i s a n experiential ,  trial -
and-erro r  process ;  th e agen t  develop s knowledg e tentativel y 
on a n on-goin g basis ,  sinc e i t  canno t  wai t  unti l  th e en d o f  a n 
episode .  Learnin g i s thu s concurren t  o r  on-lin e (Nosofsk y e t 
al  1994) . 

Hybrid Models 

In such tasks, with bottom-up learning and without prior 
knowledge ,  h o w ca n a n agen t  develo p a  se t  o f  copin g skill s 
tha t  ar e highl y specifi c  (geare d toward s particula r  situations ) 
and thu s highl y efficien t  but ,  a t  th e sam e time ,  acquir e suf -
ficiently  genera l  knowledg e tha t  ca n b e readil y applie d t o a 
variet y o f  differen t  situations ? I n th e curren t  context ,  on e wa y 
t o lear n i s throug h trial-and-error :  repeate d practic e graduall y 
give s rise  t o a  se t  o f  procedura l  skill s  tha t  dea l  specificall y wit h 
th e practice d situation s an d thei r  mino r  variations .  However , 
suc h skill s  m a y no t  b e transferabl e t o trul y nove l  situations , 
sinc e the y ar e s o embedde d i n specifi c  context s an d tangle d 
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together .  Th e agen t  need s bot h procedura l  an d declarativ e 
knowledge ,  o r  bot h subconceptua l  an d conceptua l  knowledge . 
I t  i s  assume d tha t  a  balanc e o f  th e tw o i s essentia l  t o th e de -
velopmen t  o f  comple x cognitiv e agents .  Generi c declarativ e 
knowledge ,  whic h ca n emerg e fro m procedura l  skills ,  ha s 
th e followin g thre e advantages :  (1 )  I t  help s t o guid e th e ex -
ploratio n o f  nove l  situations ,  an d reduce s th e tim e (i.e. ,  th e 
number  o f  trials )  necessar y t o develo p specifi c  skill s  i n ne w 
situations .  I n othe r  words ,  i t  help s th e transfe r  o f  learne d skil l 
(a s show n throug h psychologica l  dat a b y Willingha m e t  a l 
1989) .  (2 )  Generi c knowledg e ca n hel p t o spee d u p learning . 
I f  properl y used ,  generi c knowledg e tha t  i s  extracte d on-lin e 
durin g learnin g ca n hel p t o facilitat e th e ver y learnin g proces s 
itself .  (3 )  Generi c knowledg e ca n als o hel p i n communicatin g 
learne d knowledg e an d skill s  t o othe r  agents . 

A two-leve l  hybri d model s see m t o provid e th e neede d com -
putationa l  framewor k fo r  representin g bot h type s o f  knowl -
edg e (Su n an d B o o k m a n 1994) .  Base d o n th e idea s propose d 
i n Su n (1994 ,  1995) ,  w e develope d CLARION .  Se e Figur e 1 . 
The botto m leve l  contain s specifi c  procedura l  knowledg e (An -
derso n 1982) .  Th e to p leve l  contain s generi c declarativ e 
knowledge .  A n overal l  pseudo-cod e algorith m i s a s follows : 

1, Observe the current state x (in a proper representation). 
2.  Comput e i n th e botto m leve l  th e Q-value s o f  x  associate d 

wit h eac h o f  al l  th e possibl e actions :  Q(i ,  a\) ,  Q(i ,  oj) , 
Q[T,a„) . 

3.  Fin d ou t  al l  th e possibl e action s (h\,b i  6m )  a t  th e to p 
level ,  base d o n th e inpu t  x  an d th e rule s i n place . 

4.  Compar e th e value s o f  a,' s  wit h thos e o f  b j  's ,  an d choos e 
an appropriat e actio n 6 

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

6.  Updat e Q-value s i n accordanc e wit h th e Q-leamin g algo -
rithm 

7.  Updat e th e nil e networ k i n th e to p leve l  usin g th e RULE-
Extraction-Generalization-Revision . 

8.  G o bac k t o Ste p 1 . 
In terms of representation in the bottom level, we prefer a 
subsymboli c distribute d representation ,  suc h a s tha t  provide d 
by a  backpropagatio n network .  (Existin g evidenc e indicate s 
tha t  th e differenc e betwee n th e tw o level s lie s primaril y i n 
thei r  representations ;  se e Rebe r  1989. )  Thi s i s becaus e o f 
th e implici t  natur e o f  procedura l  skills :  ther e i s generall y a 
lac k o f  conceptual-leve l  thinkin g i n performin g procedura l 
skills ;  a s a  consequence ,  detail s o f  suc h skill s  ar e i n genera l 
inaccessibl e (Anderso n 1982 ,  Ackerma n 1988) .  A  distribute d 
representatio n naturall y capture s thi s propert y o f  procedura l 
skill s  (Su n 1994) ,  wit h representationa l  unit s tha t  ar e capabl e 
of  accomplishin g task s bu t  ar e i n genera l  uninterpretabl e an d 
subsymbolic .  (Otherwise ,  a  symboli c representatio n m a y b e 
used ,  bu t  the n w e wil l  hav e t o artificiall y  assum e tha t  thes e 
representation s ar e no t  accessible ,  whil e som e othe r  simila r 
representation s ar e accessibl e — th e distinctio n i s arbitrar y 
and no t  intrinsi c t o th e medi a o f  representations ;  se e Anderso n 
199 3 an d als o Rosenbloome t  al .  199 3 regardin g accessabilit y 
of  symboli c structures) . 

I n term s o f  learning ,  w e us e reinforcemen t  learnin g (th e 
tempora l  differenc e method) .  A  Q-valu e i s a n evaluatio n 
of  th e "quality "  o f  a n actio n i n a  give n state :  Q (x ,a )  in -
dicate s h o w desirabl e actio n a  i s i n stat e x  (whic h con -
sist s o f  som e sketch y sensor y input) .  T o acquir e th e Q -

values ,  w e us e Q-leamin g (Watkin s 1989) .  I n th e algorithm , 
Q(x ,  a )  estimate s th e m a x i m u m discounte d cumulativ e rein -
forcemen t  tha t  th e agen t  wil l  receiv e fro m th e curren t  stat e 
X on :  max(53,^o''''''') '  wher e 7  i s a  discoun t  facto r  tha t  fa -
vor s reinforcemen t  receive d soone r  relativ e t o tha t  receive d 
later ,  an d r ^  i s th e reinforcemen t  receive d a t  ste p i  (whic h 
may b e 0) .  Th e updatin g o f  Q { x , a )  i s base d o n minimiz -
in g r  +  7e(y )  — Q { x ,  a ) ,  wher e 7  i s a  discoun t  facto r  an d 
e(y )  =  maXaQ(j / ,  a ) .  Thus ,  th e updatin 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 ac -
tio n chosen .  Usin g Q-leamin 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 combin e Q-leamin g wit h connectionis t  representation , 
we us e a  four-layere d networ k (se e Figur e 1 )  i n whic h th e 
first  thre e layer s for m a  backpropagatio n networ k fo r  com -
putin 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 network ) 
indicate s th e Q-valu e o f  eac h actio n (represente d b y a n in -
dividua 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 (Watkin s 1989) :  p{a\x )  =  '"'"="''•'' ' 

wher e a  control s th e degre e o f  randomnes s (temperature )  o f 
th e decision-makin g process .  Th e trainin g o f  th e networ k 
i s base d o n minimizin g th e tempora l  differenc e a s specifie d 
before . 

Declarativ e knowledg e i s handle d differently .  Fo r  declar -
ativ e knowledge ,  w e prefe r  a  symboli c o r  localis t  represen -
tation ,  i n whic h eac h uni t  ha s a  clea r  conceptua l  meanin g o r 
interpretation .  Thi s allow s declarativ e knowledg e t o b e highl y 
accessibl e an d inference s t o b e performe d explicitl y  a t  a  con -
ceptua l  leve l  (Smolensk y 1988 ,  Su n 1994) .  Becaus e declar -
ativ e knowledg e neede d i n reactiv e sequentia l  decisio n task s 
i s relativel y simple ,  w e wil l  focu s o n propositiona l  rules .  W e 
use a  localis t  connectionis t  mode l  (se e Figur e 1 )  fo r  represent -
in g thes e rule s t o facilitat e correspondenc e wit h th e botto m 
leve l  an d t o encourag e uniformit y an d integration .  Basically , 
we connec t  th e node s representin g condition s o f  a  rul e t o th e 
nod e representin g th e conclusion .  However ,  w e nee d t o wir e 
up rule s involvin g conjunctiv e conditions .  Fo r  details ,  se e 
Sun (1992) . 

Becaus e o f  th e dynami c natur e o f  reactiv e sequentia l  deci -
sio n tasks ,  w e nee d t o b e abl e t o dynamicall y acquir e a  rul e 
representatio n an d t o modif y i t  i n subsequen t  encounter s i f 
necessary .  W e thu s nee d a  simpl e an d efficien t  way .  W e 
ca n mak e us e o f  th e botto m leve l  whic h i s traine d wit h re -
inforcemen t  leamin g t o perfor m specifi c  procedura l  skill s  b y 
extractin g informatio n fro m th e networ k (Towel l  an d Shav -
li k  1993 )  an d thereb y formin g an d modifyin g explici t  rules . 
Th e basi c ide a fo r  rul e leamin g i s a s follows :  i f  som e actio n 
decide d b y th e botto m leve l  i s  successfu l  th e agen t  extract s a 
rul e tha t  correspond s t o th e actio n selecte d b y th e botto m leve l 
and add s th e rul e t o th e to p level .  Then ,  i n subsequen t  inter -
action s wit h th e world ,  th e agen t  trie s t o verif y th e extracte d 
rule ,  b y considerin g th e outcom e o f  applyin g th e rule :  i f  th e 
outcom e i s no t  successful ,  the n th e rul e shoul d b e m a d e mor e 
specifi c  an d exclusiv e o f  th e curren t  case ;  i f  th e outcom e i s 
successful ,  th e agen t  m a y tr y t o generaliz e th e rul e t o m a k e i t 
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Figur e 1 :  Th e C L A R I O N Architectur e 

mor e universa l  (Mitchel l  1982) . 
Specifically ,  thre e differen t  criteri a ca n b e use d fo r  extract -

in g rul e fro m th e botto m level :  (1 )  direc t  reinforcemen t  re -
ceive d a t  a  step ,  (2 )  tempora l  differenc e (a s use d i n updatin g 
Q-values) ,  an d (3 )  m a x i m u m Q-value s i n a  state .  Th e first 
criterio n i s a n indicatio n o f  whethe r  o r  no t  a n actio n take n 
i n a  give n stat e i s directl y beneficial ,  bu t  i t  fail s  t o tak e int o 
accoun t  sequence s o f  actions .  Th e secon d criterio n indicate s 
i f  furthe r  improvemen t  i n a  Q-valu e i s possible .  Th e thir d cri -
terio n concern s whethe r  th e Q-valu e o f  a  stat e an d a n actio n i s 
clos e enoug h t o th e m a x i m u m Q-valu e i n tha t  state ,  indicatin g 
whethe r  tha t  actio n i s clos e t o bein g optima l  i n tha t  state .  (Se e 
Sun an d Peterso n 199 5 fo r  a n analysi s o f  thes e criteria. )  W e 
adop t  a  three-phas e approac h here ,  wit h thre e criteri a bein g 
successivel y applie d i n differen t  phases .  A t  eac h step ,  afte r 
an actio n i s selecte d an d performe d i n a  state ,  a  ne w stat e i s 
entere d an d reinforcemen t  i s received .  Then ,  on e o f  th e thre e 
measure s abov e tha t  i s  applicabl e t o th e curren t  phas e i s com -
pare d t o a  threshol d t o determin e i f  a  rul e shoul d b e extracted . 
I f  so ,  a  rul e i s forme d tha t  relate s th e stat e t o th e action ,  an d 
th e rul e i s the n wire d u p i n th e top-leve l  rul e network . 

Afte r  a  rul e i s extracted ,  generalizatio n an d revisio n opera -
tion s ar e use d t o tun e th e rule : 

•  Expansion :  th e valu e rang e o f  a  conditio n i s expande d b y on e 
interval ,  whe n a  rul e i s successfull y applie d accordin g t o th e 
criterio n i n th e curren t  phase . 

•  Shrinking :  whe n a  rul e lead s t o unsuccessfu l  result s a s judge d b y 
th e criterio n i n th e curren t  phase ,  w e reduc e th e valu e range s o f 
some o r  al l  condition s (cf .  Michalsk i  e t  a l  1986) . 

•  Deletion ,  remov e a  rul e fro m th e rul e networ k whe n a  counte r 
exampl e t o th e origina l  cas e fro m whic h th e rul e wa s extracte d i s 
encountered ,  accordin g t o th e current-phas e criterio n 

•  Merge :  whe n th e condition s o f  tw o rule s ar e clos e enough ,  th e 
tw o rule s ma y b e combine d s o tha t  a  mor e genera l  rul e ca n b e 
produced . 

The necessity of having a two-level architecture can be 
s u m m ed u p a s follows :  (1 )  Withou t  th e botto m level ,  th e 
agen t  wil l  no t  b e abl e t o represen t  procedura l  skill s  suffi -
ciently .  Suc h skill s  m a y involv e graded ,  uncertain ,  an d in -
consisten t  knowledg e an d autonomou s stochasti c exploratio n 
(wit h numeri c calculatio n an d probabilisti c  firing).  (2 )  With -
out  learnin g i n th e botto m level ,  th e agen t  wil l  no t  b e abl e t o 
lear n fro m experience ,  an d therefor e wil l  no t  b e abl e t o dy -
namicall y acquir e eithe r  procedura l  skil l  i n th e botto m level , 

Figur e 2 :  Th e initia l  maz e 
The startin g positio n i s marke d b y 'S '  i n whic h th e agen t  face s 

upwar d t o th e uppe r  wall .  Th e goa l  i s  marke d b y 'G ' 

or  rule s i n th e to p leve l  (a s i n th e curren t  model) .  Th e bot -
to m leve l  als o capture s th e gradua l  learnin g o f  skills ,  differen t 
fro m one-sho t  rul e learning .  (3 )  Withou t  th e to p level ,  th e 
agen t  wil l  no t  b e abl e t o represen t  generic ,  easil y accessible , 
and cris p knowledg e an d explicitl y  acces s an d communicat e 
tha t  knowledg e t o othe r  agents .  W h e n nove l  situation s ar e 
encountere d and/o r  whe n precision ,  crispness ,  consistency , 
and certaint y ar e needed ,  declarativ e knowledg e i s preferred . 
Explici t  acces s an d explanatio n i s als o importan t  i n facilitat -
in g cooperatio n amon g agents .  (4 )  Withou t  rul e learning ,  th e 
agen t  wil l  no t  b e abl e t o acquir e dynamicall y an d quickl y cris p 
conceptua l  knowledg e fo r  th e to p level ,  an d therefor e ha s t o 
resor t  t o mostl y pre-wire d and/o r  externall y give n knowledg e 
i n th e to p level . 

We tr y tw o differen t  method s o f  combinin g outcome s fro m 
th e tw o levels .  O n e i s th e percentag e method ,  an d th e othe r 
i s th e stochasti c method .  I n th e percentag e method ,  i n (ran -
doml y chosen )  p  percen t  o f  th e steps ,  w e us e th e outcom e 
fro m th e rul e level ,  i f  ther e i s a t  leas t  on e rul e indicatin g a n 
actio n i n th e curren t  state ;  otherwise ,  w e us e th e outcom e o f 
th e botto m leve l  (whic h i s alway s available) .  I n th e stochasti c 
method ,  w e combin e th e correspondin g value s fo r  eac h actio n 
fro m th e tw o level s 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 activatio n valu e v  an d th e botto m 
leve l  indicate s tha t  a  ha s a  valu e q  (th e Q-valu e fo r  a) ,  the n 
th e weighte d su m \%w\* v +  W 2 * q .  Base d o n thes e weighte d 
sums,  stochasti c decisio n makin g (wit h Boltzman n distribu -
tion )  i s the n performe d t o selec t  a n action .  Th e parameters , 
w\ ,  W2 ,  an d p ,  ar e t o b e varied . 

Experiments 

E x p e r i m e n t s wit h M a z e s 

We carrie d ou t  som e computationa l  experiment s i n reactiv e se -
quentia l  decisio n domain s t o sho w th e advantag e o f  th e mode l 
i n learnin g an d transfe r  a s hypothesize d earlier .  I n a  simpl e 
maze a s i n Figur e 2 ,  th e agen t  ha s rudimentar y sensor y input s 
regardin g it s immediat e left ,  fron t  an d righ t  side ,  indicatin g 
whethe r  ther e i s a  wall ,  a n opening ,  o r  th e goal ;  th e agen t  ca n 
move forward ,  tur n t o th e left ,  o r  tur n t o th e right.  I t  ha s n o 
informatio n regardin g it s locatio n excep t  th e simpl e sensor y 
inpu t  describe d above .  Eac h episod e start s wit h a n agen t  a t 
a fixed  startin g locatio n an d end s whe n th e agen t  reache s th e 
goa l  (Figur e 2) .  Th e rewar d fo r  a n agen t  reachin g th e goa l  i s 
1,  an d th e punishmen t  fo r  hittin g a  wal l  i s  -0.1 . 

We first  choos e (optimize )  th e structure s an d parameter s 
of  backpropagatio n an d Q-leamin g throug h trial-and-error :  8 
hidde n unit s ar e used ,  th e learnin g rat e i s 0.1 ,  th e momen tu m 
paramete r  i s 0.7 ,  networ k weight s ar e randoml y initialize d 
betwee n -0.0 1 an d 0.01 ;  th e Q-valu e discoun t  rat e i s 0.9 ,  th e 
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— — 1 
Q-leamin g 
Pcrc.6 0 
Perc.8 0 
Perc.60.ge n 
Perc.80.ge n 
Stoc.15 . 
Stoc.2 0 
Sioc.15.ge n 
Sloc.20.gc n 

Moves 
15348.4 8 
4994.5 2 
5840.1 4 
5164.3 6 
5040.8 4 
4602.8 8 
4712.7 0 
65J9.0 4 
5574.2 4 

Rule s 
n/a 

7.7 8 
7.2 8 
8.5 0 
9.1 2 
6.6 2 
6.3 0 
6.8 2 
8.1 4 

Figur e 3 :  A  Compariso n o f  Learnin g Speed s 
Moves indicat e th e tota l  number s o f  move s durin g trainin g (average d 
over  5 0 trials) .  Rule s indicat e th e averag e number s o f  rule s a t  th e 
end o f  training . 

randomnes s paramete r  fo r  stochasti c decisio n makin g i s se t  a t 
0.1 .  (Not e tha t  althoug h thes e parameter s mak e som e differ -
ences ,  performanc e i s no t  overl y sensitiv e t o smal l  variation s 
of  thei r  settings. )  Th e length s o f  phas e 1 ,  2  an d 3  ar e 3 ,  20 , 
and 3 7 episodes ,  respectively . 

Figur e 3  show s th e difference s i n learnin g speed ,  wher e 
learnin g spee d i s measure d b y th e tota l  numbe r  o f  move s i n 
th e first  6 0 episodes .  Perc. x refer s t o th e version s usin g th e 
percentag e combinatio n wit h rule s bein g applie d p  =  x % o f 
th e times .  Stoc. y refer s t o th e version s usin g th e stochasti c 
combinatio n wit h rule s bein g weighte d a t  y% .  Th e sym -
bol  ge n indicate s tha t  generalization/revisio n operation s (i.e. , 
expansion ,  shrinking ,  etc. )  o n th e extracte d rule s ar e per -
formed ;  otherwise ,  non e o f  thes e operation s i s performed . 
We recorde d th e result s average d ove r  5 0 trial s wit h differen t 
rando m seeds .  I t  i s  clea r  fro m th e figur e that ,  whe n rule s 
ar e use d frequentl y (e.g. ,  wit h Perc.8 0 o r  Stoc.20) ,  Clar io n 
learn s faste r  tha n pur e Q-leamin g b y larg e margins .  A  t  tes t 
showe d th e difference s wer e significan t  wit h ove r  9 9 % confi -
denc e ( p <  0.01) .  Th e dat a als o indicate s tha t  generalizatio n 
per  s e di d no t  lea d t o faste r  learning . 

I n Figur e 4 ,  w e sho w th e averag e numbe r  (average d ove r  5 0 
trials )  o f  step s neede d t o reac h th e targe t  i n on e episode ,  afte r 
60 episode s o f  training ,  fo r  differen t  models .  Th e number s 
ar e show n i n th e Move s column .  Th e differen t  version s o f 
Clario n agai n outperfor m pur e Q-Ieamin g b y larg e margins . 
T test s showe d ove r  9 9 % confidenc e ( p <  0.01) .  Als o re -
porte d ar e th e averag e number s o f  step s i n on e episode ,  afte r 
th e training ,  usin g onl y th e to p leve l  (marke d a s R-moves )  o r 
usin g onl y th e botto m leve l  (marke d a s Q-moves) .  Ther e i s a 
synerg y betwee n th e tw o levels :  Comparin g th e thre e value s 
horizontall y o n eac h line ,  th e whol e Clar io n syste m alway s 
perform s bette r  tha n th e to p leve l  alon e o r  th e botto m leve l 
alone . 

We applie d ou r  traine d model s (afte r  th e trainin g o f  6 0 
episodes )  t o a  ne w an d large r  maz e a s show n i n Figur e 5  t o 
acces s transfer .  Transfe r  occur s becaus e o f  th e similarit y o f 
th e tw o mazes .  I n Figur e 6 ,  a s indicate d b y th e Move s col -
umn,  th e differen t  version s o f  Clar io n transfe r  muc h bette r 
tha n Q-leamin g alon e i n term s o f  numbe r  o f  step s t o reac h 
th e goa l  i n on e episode .  Furthermore ,  b y comparin g th e cor -
respondin g Moves ,  Q-moves ,  an d R-move s o n eac h line ,  w e 
see tha t  ofte n learne d mle s alon e perfor m bette r  i n transfe r 
tha n th e Q-leamin g networ k a t  th e botto m level ,  a s wel l  a s 
tha n th e whol e CLARIO N model .  Th e superiorit y o f  R-move s 

M a z e l 

Q-leamin g 
Pcrc.6 0 
Perc.8 0 
Perc.60.ge n 
Perc.80.ge n 
Stoc.1 5 
Stoc.2 0 
Stoc.15.ge n 
Stoc.20.ge n 

Moves 
149.0 0 
29.7 6 
10.7 8 
42.0 6 
22.0 2 
28.4 2 
20.6 0 
53.9 0 
36.2 6 

Q-Moves 
149.0 0 
72.4 6 
36.2 2 

118.2 4 
55.1 4 

102.7 0 
81.8 0 
87.1 8 
67.1 8 

R-Move s 
n/a 

94.9 8 
13.4 8 

189.1 8 
106.5 8 
44.7 4 
30.5 4 

108.2 0 
64.6 6 

Figur e 4 :  Traine d Performanc e 

Figur e 5 :  Th e secon d maz e 

i n compariso n wit h Q-move s demonstrate s tha t  i t  i s  rul e in -
ductio n tha t  facilitate s transfe r  t o ne w an d mor e complicate d 
environments . 

We als o applie d th e traine d mode l  t o a n eve n large r  maz e 
as i n Figur e 7 .  Th e resul t  i s simila r  an d th e sam e point s ca n 
be m a d e i n thi s case . 

Experiments with Navigation 

To furthe r  demonstrat e CLARION ,  w e teste d i t  o n a  mor e com -
ple x task :  th e simulate d navigatio n task .  Th e agen t  ha s t o 
navigat e a n underwate r  vesse l  t o g o throug h a  minefiel d t o 
reac h a  targe t  location .  Th e agen t  receive s informatio n onl y 
fro m a  numbe r  o f  instruments .  Th e sona r  gaug e show s h o w 
clos e th e mine s ar e i n 7  equa l  area s tha t  rang e fro m 4 5 degree s 
t o th e lef t  o f  th e agen t  t o 4 5 degree s t o th e right.  Th e fue l 
gaug e show s th e agen t  h o w m u c h tim e i s lef t  befor e fue l  run s 
out .  Th e bearin g gaug e show s th e directio n o f  th e targe t  fro m 
th e presen t  directio n o f  th e agent .  Th e rang e gaug e show s h o w 
fa r  th e targe t  i s fro m th e curren t  location .  Usin g suc h limite d 
information ,  th e agen t  decide s o n (1 )  h o w t o tur n an d (2 )  h o w 
fas t  t o move .  Th e agent ,  withi n a n allotte d tim e period ,  ca n 
eithe r  (a )  reac h th e targe t  (whic h i s a  success) ,  (b )  hi t  a  min e 
( a failure) ,  o r  (c )  ru n ou t  o f  fue l  ( a failur e again) . 

M a ze 2 

Q-leamin g 
Perc.6 0 
Perc.8 0 
Perc.60.ge n 
Perc.80.ge n 
Stoc.1 5 
Stoc.2 0 
Stoc.15.ge n 
Stoc.20.ge n 

Moves 
1681.4 8 
770.7 2 
492.1 4 
766.3 8 
415.5 2 
850.7 0 
498.4 0 
703.8 0 
760.7 0 

Q-Moves 
1681.4 8 
1782.1 6 
1289.7 8 
2049.4 0 
1581.6 2 
1481.3 4 
1586.8 8 
1690.3 2 
2028.2 4 

R-Move s 
n/a 

559.9 6 
233.5 6 

1030.6 6 
722.4 8 
405.9 4 
392.0 8 
981.9 4 
956.5 0 

Figur e 6 :  Transfe r  t o M a z e 2 
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Figur e 7 :  Th e thir d maz e 

Q-leamin g 
Stoc.l O 
Stoc.2 0 
Stoc.lO.ge n 
Stoc.20.ge n 

Successfu l  Episode s 
38. 1 

278. 9 
301. 5 
301. 3 
254. 2 

Figur e 8 :  Learnin g 
The numbe r  o f  successfu l  episode s durin g trainin g i s include d fo r 
each case . 

I n thi s experiment ,  eac h tim e th e minefiel d i s generate d 
ane w i n a  rando m layout ,  bu t  i t  alway s contain s th e sam e 
number  o f  mines ,  whic h i n thi s cas e i s 10 .  Th e tim e allote d 
t o th e agen t  fo r  eac h episod e i s 20 0 steps .  Figur e 8  show s 
learnin g differences ,  wher e learnin g i s measure d b y th e tota l 
number  o f  successfu l  episode s ou t  o f  a  tota l  50 0 trainin g 
episodes .  Clario n agai n outperform s Q-learnin g alone . 

Discussions 

Most  o f  th e existin g cognitively-motivate d model s fo r  skil l 
learnin g tha t  contai n bot h declarativ e an d procedura l  knowl -
edg e explor e mainl y top-dow n learning ,  suc h a s Ander -
son (1982 ,  1993) ,  Gelfan d e t  a l  (1989) ,  an d Schneide r  an d 
Olive r  (1991) .  Clario n explore s bottom-u p learning ,  t o 
demonstrat e ho w conceptual/symboli c knowledg e ca n emerg e 
throug h interactin g wit h th e worl d i n th e sam e wa y a s sub -
conceptua l  procedura l  knowledg e does ,  an d th e performanc e 
advantag e o f  suc h emergence . 

I n addition ,  whil e som e othe r  hybri d connectionis t  model s 
tr y t o implemen t  al l  type s o f  knowledge ,  symboli c an d non -
symbolic ,  i n on e kin d o f  networ k o r  anothe r  (Miikkulaine n 
and Dye r  1991 ,  Bamde n 1988 ,  Su n 1992) ,  CLARIO N take s a 
differen t  tac k an d attempt s t o develo p a  principle d dichotom y 
of  th e conceptua l  vs .  th e subconceptua l  i n hybri d architec -
tures .  Clario n attempt s t o explor e thei r  synerg y s o tha t  i t 
learn s faste r  an d transfer s better . 

S o me existin g hybri d model s d o not ,  o r  cannot ,  perfor m 
learnin g (Su n 1992) ,  whil e other s perfor m learnin g i n a  batc h 
fashio n (e.g. ,  Miikkulaine n an d Dye r  1991 )  an d ar e thu s cog -
nitivel y implausibl e i n thi s aspect .  I n contras t  t o thes e hybri d 
models ,  CLARIO N i s capabl e o f  incremental ,  on-lin e (concur -

rent )  learning ,  an d integrativ e learning ,  tha t  is ,  developin g 
connectionis t  an d symboli c representatio n alon g sid e o f  eac h 
other . 
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