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Past  researc h wit h learnin g proble m solver s ha s typicall y 
addresse d actio n selectio n an d goa l  selectio n a s distinc t  mech -
anisms .  Usually ,  significan t  effor t  i s  devote d t o learnin g whe n 
t o selec t  particula r  action s fro m a  know n se t  o f  operator s 
durin g reasonin g (e.g. ,  Minton ,  1988 ;  Mitchell ,  Utgoff ,  & 
Banerji ,  1983) .  Th e learne d action-selectio n strategie s usu -
all y depen d o n descriptiv e feature s o f  intermediat e proble m 
state s an d th e initia l  goal s o f  th e problem .  I f  th e reasonin g 
syste m i s capabl e o f  creatin g subgoal s durin g reasoning ,  ther e 
i s ofte n a  fixed  mechanis m fo r  determinin g wha t  th e subgoal s 
shoul d be .  Fo r  example ,  i n means-end s analysi s (Fikes ,  & 
Nilsson ,  1971 ;  Minton ,  1988 ;  Newel l  &  Simon ,  1972) ,  ne w 
subgoal s ar e fixed  a s th e unmatche d precondition s o f  selecte d 
operators . 

Our  researc h focuse s o n th e advantage s o f  viewin g bot h 
actio n selectio n an d subgoa l  creatio n a s tw o instance s o f  th e 
same process :  th e deliberat e retrieva l  o f  interna l  feature s fro m 
memory.  W h e n a  reasonin g syste m i s presente d wit h a  prob -
lem ,  th e proble m i s represente d a s a  se t  o f  feature s describ -
in g a n initia l  stat e an d som e goa l  conditions .  Thes e feature s 
serv e a s inpu t  t o a  memor y model ,  whic h return s a  ne w se t 
of  feature s retrieve d fro m a n experientia l  memory .  Th e re -
trieve d feature s ca n b e viewe d a s symbol s indicatin g whic h 
actio n shoul d nex t  b e taken ,  o r  the y ca n b e symbol s tha t  sim -
pl y remai n i n memor y t o fee d bac k i n t o th e nex t  cycl e o f  re -
trieval .  Th e forme r  typ e o f  symbol s correspon d t o actio n se -
lections ,  an d th e latte r  hav e th e effec t  o f  subgoals . 

Thi s vie w i s advantageou s becaus e i t  provide s a  purel y 
functiona l  purpos e t o subgoals :  the y serv e strictl y t o focu s 
th e retrieva l  o f  ne w subgoal s an d actions .  However ,  anothe r 
strengt h o f  thi s unifor m vie w i s tha t  bot h actio n selectio n an d 
subgoa l  creatio n ca n aris e fro m th e sam e experientia l  learn -
in g mechanism ,  becaus e the y hav e simila r  representation s an d 
functions .  A  reasonin g syste m tha t  ca n lear n bot h abou t  ac -
tio n selectio n an d subgoa l  creatio n ca n exhibi t  seemingl y rigid 
reasonin g strategie s lik e means-end s analysis ,  bu t  the y hav e 
th e flexibility  t o mi x goal-drive n an d opportunisti c reasonin g 
when thei r  experienc e indicate s i t  i s appropriate . 

Jone s an d VanLeh n (1994 )  investigate d th e applicatio n o f 
a unifor m learnin g mode l  t o actio n selectio n an d subgoa l  re -
trieval ,  an d successfull y use d suc h a  syste m t o mode l  strateg y 
acquisitio n i n childre n learnin g t o add .  However ,  thi s syste m 
onl y too k a  first  ste p a t  uniforml y representin g th e retrieva l 

of  subgoal s an d actions .  Ou r  curren t  researc h focuse s o n de -
velopin g a  trul y integrate d mode l  o f  retrieva l  an d learnin g fo r 
proble m solving ,  withi n th e Soa r  (Newell ,  1990 )  architecture . 

Thi s researc h implement s retrieva l  a s th e resul t  o f  a n asso -

ciativ e learnin g mechanism .  Feature s describin g th e curren t 
stat e o f  a  proble m combin e wit h symbol s representin g curren t 
goal s an d subgoals ,  t o recal l  potentia l  action s t o us e fo r  th e 
nex t  reasonin g step .  I f  a n actio n canno t  immediatel y execute , 
symbol s representin g th e actio n combin e wit h proble m fea -
ture s t o recal l  ne w interna l  feature s (subgoals )  tha t  lea d i n tur n 
t o th e retrieva l  o f  ne w action s o r  subgoals .  Retrieva l  o f  bot h 
action s an d subgoal s adapt s wit h experienc e an d feedback . 

The curren t  mode l  use s a  symboli c featur e associatio n 
mechanism ,  calle d S C A (Mille r  &  Laird ,  1997) ,  tha t  ha s 
been develope d withi n th e constraint s o f  th e Soa r  architecture . 
S CA i s a  successfu l  mode l  o f  huma n categor y learning ,  an d 
therefor e provide s a n interestin g candidat e fo r  us e a s th e re -
trieva l  mechanis m governin g huma n proble m solving . 
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