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Abstrac t 

Thi s pape r  describe s D ^ D A L U S ,  a  syste m tha t  use s a  vari -
ant  o f  means-end s analysi s t o generat e plan s an d use s 
an incrementa l  learnin g algorith m t o acquir e probabilisti c 
searc h heuristic s fro m proble m solutions .  W e summariz e 
DjEDALUS'  approac h t o search ,  knowledge ,  organization , 
an d learning ,  an d examin e it s  behavio r  o n multi-colum n 
subtraction .  W e the n evaluat e th e syste m i n term s o f  it s 
consistenc y wit h know n result s o n h u m a n proble m solving , 
comparin g i t  t o othe r  psychologica l  model s o f  learntn g an d 
planning . 

Introduction 

A centra l  aspec t  o f  h u m a n intelligenc e i s th e abilit y  t o plan , 
tha t  is ,  t o generat e actio n sequence s tha t  achiev e one' s 
goals .  A s a  result ,  plannin g an d proble m solvin g ar e impor -
tan t  topic s withi n bot h cognitiv e psycholog y an d artificia l 
intelligence .  However ,  relativel y fe w plannin g system s hav e 
bee n designe d wit h a n ey e towar d explainin g psychologica l 
findings,  an d eve n fewe r  provid e account s o f  h u m a n learn -
in g o n plannin g tasks . 

I n thi s pape r  w e describ e DiCDALUS ,  a  plannin g syste m 
tha t  w e designe d wit h h u m a n behavio r  i n mind .  Unlik e 
most  recen t  wor k o n learnin g an d planning ,  D ^ D A L U S em -
ploy s a  combinatio n o f  forwar d chainin g an d means-end s 
search ,  represent s knowledg e i n a  probabilisti c  framework , 
store s bot h case s an d abstractions ,  an d learn s throug h a n 
incrementa l  proces s o f  concep t  formation .  I n th e follow -
in g sectio n w e discus s thes e aspect s o f  th e system ,  relat -
in g the m t o high-leve l  knowledg e o f  h u m a n behavior .  Af -
te r  this ,  w e conside r  it s behavio r  o n th e domai n o f  multi -
colum n subtraction .  Finally ,  w e presen t  a  brie f  evaluatio n 
of  DjEDALUS '  an d othe r  models '  abilitie s t o explai n robus t 
psychologica l  findings. 

An Overview of DjEDALUS 

Lik e mos t  plannin g systems ,  DiEDALU S mus t  solv e prob -
lem s tha t  involv e transformin g a n initia l  stat e int o a  desire d 
stat e throug h th e applicatio n o f  operators .  T h e syste m de -
scribe s eac h stat e a s a  se t  o f  literal s (predicate s wit h argu -
ments) ,  an d i t  describe s eac h proble m o r  subproble m a s a n 
initia l  stat e conjoine d wit h a  se t  o f  difference s tha t  mus t 
be eliminated .  D « D A L U S represent s eac h operato r  i n a  sim -
ila r  manner ,  specifyin g it s precondition s a s a  se t  o f  stat e 
descriptor s an d it s effect s a s a  se t  o f  differences .  Late r  w e 
presen t  example s o f  state s an d problem s fro m subtraction , 
but  first  le t  u s conside r  ho w th e syste m use s thi s repre -
sentatio n t o solv e problems ,  organiz e knowledge ,  constrai n 
search ,  an d lear n fro m experience . 

O r g a n i z a t i o n o f  S e a r c h 

O ne o f  th e mos t  pervasiv e phenomen a i n proble m solvin g 
i s tha t  human s carr y ou t  searc h throug h som e proble m 
spac e (Newell ,  1980) ,  an d computationa l  wor k o n proble m 
solvin g ha s focuse d o n tw o basi c approache s t o organiz -
in g thi s search .  I n forwar d chainin g o r  state-spac e search , 
one applie s a n operato r  t o a n initia l  state ,  anothe r  oper -
ato r  t o it s successor ,  an d s o forth .  A t  eac h stag e o f  thi s 
process ,  on e consider s a n operato r  onl y i f  it s  precondition s 
exactl y matc h th e curren t  state .  I n means-end s analysis , 
one choose s a  differenc e betwee n th e curren t  an d desire d 
state ,  select s a n operato r  whic h reduce s tha t  difference ,  an d 
attempt s t o appl y th e operator .  I f  th e operator' s precon -
dition s ar e no t  satisfied ,  th e metho d i s recursivel y calle d 
wit h th e tas k o f  changin g th e curren t  stat e int o on e tha t 
satisfie s them .  Onc e th e operator' s precondition s ar e met , 
a ne w stat e resultin g fro m it s applicatio n i s generated .  I f 
th e ne w stat e satisfie s th e goals ,  th e metho d exit s success -
fully ;  otherwis e i t  recurse s wit h th e tas k o f  changin g th e 
ne w stat e int o on e tha t  doe s satisf y th e goals . 

Ther e i s considerabl e evidenc e tha t  human s us e means -
end s analysi s whe n informatio n i s availabl e abou t  th e de -
sire d stat e (Newel l  &  Simon ,  1972) ,  lettin g the m focu s 
on operator s relevan t  t o goals .  However ,  the y ca n als o 
solv e problem s fo r  whic h ther e i s n o explici t  goa l  descrip -
tion .  Moreover ,  traditiona l  means-end s system s examin e 
onl y on e differenc e a t  a  time ,  an d i t  seem s unlikel y tha t 
humans operat e i n suc h a  non-gestal t  manner .  I n re -
sponse ,  DiEDALU S use s a n alternativ e contro l  schem e -/?ej -
ibl e means-end s analysi s -  tha t  prefer s operator s whic h re -
duc e mor e difference s an d operator s whos e precondition s 
mor e closel y matc h th e curren t  state .  Thus ,  th e retrieva l 
proces s incorporate s idea s fro m bot h approaches ,  biasin g 
th e syste m towar d operator s tha t  hav e mor e effect s an d 
tha t  ar e mor e nearl y applicable .  O n task s wit h explici t 
goals ,  th e syste m take s bot h difference s an d stat e feature s 
int o account ;  o n les s well-define d problems ,  i t  retrieve s op -
erator s base d o n stat e descriptor s alone .  A s w e wil l  se e 
below ,  DiEDALU S ca n als o plac e weight s o n eac h differenc e 
and stat e descriptor ,  lettin g th e syste m atten d t o th e fea -
ture s appropriat e fo r  a  give n domain. ^ 

T h e syste m use s thes e biase s t o direc t  a  heuristi c depth -
first  searc h throug h th e speur e o f  problem-solvin g traces . 
Figur e 1  show s a  successfu l  trac e tha t  transform s th e ini -
tia l  int o th e desire d stat e fo r  a  proble m involvin g multi -
colum n subtraction .  Eac h nod e i n thi s trac e correspond s 

^  Daeda lu s borrow s th e notio n o f  flexible  means-end s 
analysi s fro m Jones '  (1989 )  E u r e k a system ,  whic h use d a 
ver y simila r  ide a wit h a  differen t  retrieva l  method . 
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STATE: 

(TOP 7  C3 ) 
(BOTTOM 5  C3 ) 
(TOP 1  C2 ) 
(BOTTOM 9  C2 ) 
(TOP 6  C! ) 
(BOTTOM 8  CI ) 
(LEFT-O F C 3 C2 ) 
(LEFT-O F C 2 CI ) 
(PROCESSING CI ) DIFFERENCES: 

(ANSWER CI ) 
(ANSWER C2 ) 
(ANSWER C3 ) 
OPERATORS: 
(WRITE-ANS CI ) 

7 7 6 

- 5 9 5 

//w«a /  Stat e 

7 1 6 

- 5 9 8 

? ? ? 

Desire d Stat e 

Figur e 1 :  A  multi-colum n subtiactio n problem ,  alon g wit h a  problem-solvin g trac e generate d b y D^DALUS.  Eac h nod e 
consist s o f  a  stat e description ,  a  se t  o f  differences ,  an d th e selecte d operator .  Blac k node s correspon d t o problem s o n whic h 
th e syste m initiall y  selecte d th e incorrec t  operator ;  gra y node s specif y problem s o n whic h i t  mad e th e righ t  selection . 

t o a  proble m o r  subproble m tha t  i s describe d a s a  se t  o f 
stat e predicates ,  a  se t  o f  differences ,  an d th e operato r  se -
lecte d t o solv e it .  DjEDALU S construct s suc h trace s fro m lef t 
t o righ t  an d fro m to p t o bottom .  Fo r  instance ,  i t  firs t  se -
lect s a n operato r  fo r  th e overal l  (leftmost )  problem ,  whic h 
create s th e tw o subproblem s immediatel y t o it s right .  Th e 
syste m the n select s a n operato r  fo r  th e first  (topmost )  sub -
problem ,  generate s subsubproblems ,  an d recurses .  Afte r 
solvin g thi s subproblem ,  i t  tentativel y applie s th e origina l 
operato r  an d attempt s t o solv e th e secon d subproble m o f 
th e origina l  task .  I n situation s wher e DAEDALUS canno t 
solv e a  subproblem ,  i t  backtrack s an d select s anothe r  oper -
ator .  However ,  user-specifie d parameter s limi t  th e numbe r 
of  operator s i t  consider s a t  eac h leve l  an d th e dept h o f  th e 
resultin g trace ;  thes e boun d th e overa D amoun t  o f  search . 

Organization of Plan Knowledge 

One common approach to encoding plan knowledge in-
volve s th e us e o f  abstrac t  rule s o r  schemas .  Fo r  instance , 
Minto n e t  al.' s  (1989 )  Prodig y use s abstrac t  search-contro l 
rule s an d Mooney' s (1990 )  Egg s employ s genera l  pla n 
schemas .  Eac h rul e o r  schem a cover s man y specifi c  situ -
ations ,  lettin g thes e system s us e a  simpl e matchin g o r  uni -
fication  algorith m t o determin e thei r  applicabiUty .  Anothe r 
approac h encode s knowledg e a s specifi c  case s fro m th e do -
main ,  includin g particula r  problem s o r  subproblems ,  de -
sirabl e an d undesirabl e approache s t o thes e problems ,  an d 
possibl y th e reason s fo r  thei r  desirability .  Researcher s i n 
thi s case-base d paradig m hav e propose d a  variet y o f  meth -
ods fo r  usin g thi s informatio n (e.g. ,  Carbonel l  &  Veloso , 
1988;  Hammond,  1990 ;  Jones ,  1989) ,  man y o f  the m wit h di -
rec t  mappin g t o technique s tha t  assum e abstractions .  Thi s 
approac h relie s o n mor e sophisticate d matchin g scheme s 
tha n neede d fo r  abstrac t  knowledge ,  ofte n requirin g rela -
tiona l  partia l  matchin g (i.e. ,  structura l  analogy) . 

However ,  anecdota l  evidenc e suggest s tha t  human s stor e 
bot h case s an d abstraction s i n long-ter m memory .  Earl y 
knowledg e o f  a  domai n take s th e for m o f  specifi c  problem -
solvin g traces ,  whic h mus t  b e accesse d throug h som e for m 

of  analogica l  retrieval .  Later ,  additiona l  experienc e form s 
th e basi s fo r  abstrac t  schemas ,  whic h 'blu r  together '  a  num -
ber  o f  simila r  cases .  DiCDALU S take s suc h a n integrate d 
view ,  storin g bot h case s an d abstraction s i n a  singl e proba -
bilisti c  concep t  hierarchy .  Figur e 2  show s th e probabilisti c 
hierarch y fo r  th e subtractio n domai n afte r  D/EDALU S ha s 
incorporate d it s experienc e wit h th e proble m fro m Figur e 
1.  Th e termina l  node s i n gra y represen t  component s o f 
th e problem-solvin g trac e generate d durin g solutio n o f  thi s 
task .  A s w e sa w earUer ,  eac h suc h trac e componen t  corre -
spond s t o a  proble m describe d a s a  se t  o f  stat e predicates , 
a se t  o f  differences ,  an d th e operato r  use d t o solv e it . 

The figure  include s ful l  description s fo r  tw o o f  thes e case s 
(node s N 2 an d N3) .  Th e additiona l  termina l  node s (i n 
white )  represen t  th e origina l  operato r  schema s tha t  wer e 
alread y presen t  i n memory .  Th e hierarch y als o contain s 
some abstraction s (i n black )  tha t  DjEDALU S create d dur -
in g th e proces s o f  storin g th e trac e components ,  a s w e de -
scrib e later .  Th e figure  als o show s th e ful l  descriptio n o f 
one abstractio n (nod e Nl) ,  whic h provide s a  probabilisti c 
summary o f  th e node s (N 2 an d N3 )  belo w it .  Eac h suc h 
descriptio n include s a n overal l  probabilit y o f  occurrence , 
togethe r  wit h a  conditiona l  probabilit y  fo r  eac h diflference , 
stat e descriptor ,  an d operator .  Briefly ,  th e interpretatio n o f 
each nod e i s that ,  give n th e probabilisticall y specifie d stat e 
descriptor s an d differences ,  on e shoul d selec t  th e operato r 
wit h th e highes t  probability .  Thi s i s th e for m o f  knowledg e 
tha t  DiEDALU S use s t o constrai n operato r  retrieva l  an d thu s 
t o direc t  searc h durin g planning . 

Constraining Search with Knowledge 

Another basic finding is that experts use their knowledge 
of  a  domai n t o reduc e o r  eUminat e searc h (Chi ,  Glaser ,  Sz 
Rees,  1982) .  Earl y researc h o n plannin g an d proble m solv -
in g (e.g. ,  Newel l  e t  al. ,  1960 ;  Fike s e t  al. ,  1971 )  ha d littl e 
t o sa y abou t  thi s topic ,  an d i n tim e a  separat e traditio n 
emerge d tha t  focuse d o n th e retrieva l  o f  relevan t  plan s o r 
component s fro m memor y (e.g. ,  Hammond,  1990) .  Thi s 
wor k ha s emphasize d solutio n o f  familia r  problem s usin g 
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P(N1)  =  0.0 8 
STATE: 
(TOP ? F 7A ) 
(BOTTOM 7 D 7A ) 
(PROCESSING 7B ) 
(DECREMENTED 7A ) 
(DECREMENTED 73 ) 
(LEFT-O F 7 B 7C ) 
(LEFT-O F 7 A ?B ) 
(ANSWER 7 E 7C ) 
(ANSWER 7 G ?B ) 
(TOP-GREATER 7A ) 
(TOP-GREATER 7B ) 
DIFFERENCES: 
(DIF F 7A ) 
(TOP-GREATER 7A ) 
OPERATORS: 

(FIND-DIFFERENC E 7 F 7 D 7A ) 
(TOP-GREATER 7A ) 

P(F ) 

1.0 
1.0 
1.0 
1.0 
1.0 
1.0 
1.0 
1.0 
1.0 
0.5 
0.5 

1.0 
0.5 

0.5 
0.5 

P(N2)  =  0. 5 
STaK: 
(TOP 7 F 7A ) 
(BOTTOM 7 D 7A ) 
(PROCESSING 7B ) 
(DECREMENTED 7A ) 
(DECREMENTED 7B ) 
(LEFT-O F 7 B 7 Q 
(LEFT-O F 7 A 73 ) 
(ANSWER 7 E 7C ) 
(ANSWER 7 G ?B ) 
(TOP-GREATER 7A ) 
DIFFERENCES: 

(DIFF7A ) 
OPERATORS: 
(FIND-DIFFERENC E ? F 7 D 7A ) 

?(F ) 

1.0 
1.0 
1.0 
1.0 
1.0 
1.0 
1.0 
1.0 
1.0 
1.0 

1.0 

1.0 

P(N3)  =  0. 5 
SfAfE : 
(TOP 7 F 7A ) 
(BOTTOM 7 D 7A ) 
(PROCESSING 7B ) 
(DECREMENTED 7A ) 
(DECREMENTED 73 ) 
(LEFT-O F 7 3 7C ) 
(LEFT-O F 7 A 7B ) 
(ANSWER 7 E 7C ) 
(ANSWER ? G 73 ) 
(TOP-GREATER 73 ) 
DIFFERENCES: 

(DIFF7A ) 
(TOP-GREATER 7A ) 
OPERATORS: 
(TOP-GREATER 7A ) 

w 

1.0 
1.0 
1.0 
I. O 
1.0 
1.0 
1.0 
1.0 
1.0 
1.0 

1.0 

1.0 

Figur e 2 :  A  D « D A L US concep t  hierarch y tha t  incorporate s case s (gray )  an d abstraction s (black )  resultin g fro m storag e o f 
component s fro m a  problem-solvin g trac e fo r  subtraction ,  alon g wit h th e origina l  operato r  schema s (white )  fo r  thi s domain . 

store d knowledge ,  bu t  downplaye d result s abou t  proble m 
solvin g i n nove l  domains ,  wher e searc h play s a  majo r  role . 

DjEDALUS attempt s t o mode l  th e importanc e o f  bot h 
searc h an d knowledg e i n planning .  Th e syste m operate s 
withi n a  problem-spac e framework ,  usin g domain-specifi c 
knowledg e store d i n it s probabilisti c  concep t  hierarch y t o 
constrai n searc h whe n available .  However ,  upo n encoun -
terin g ne w problem s fo r  whic h i t  ha s littl e knowledge , 
DiCDALUS gracefull y fall s  bac k o n a  mor e search-intensiv e 
approac h t o pla n generation .  I n bot h cases ,  th e hierar -
chy play s th e sam e rol e fo r  D^DALU S a s doe s th e tabl e o f 
connection s fo r  Newel l  e t  al.' s  G P S (1960) ,  lettin g i t  selec t 
operator s fo r  flexible  means-end s analysis . 

I n orde r  t o selec t  a n operator ,  th e syste m invoke s 
COBWEBft,  a  varian t  o f  Fisher' s (1987 )  C o B W EB tha t  car -
rie s ou t  heuristi c classificatio n o n relationa l  descriptions . 
Th e C o b w e B h modul e accept s a  proble m description , 
whic h consist s o f  th e curren t  stat e an d a  se t  o f  differences , 
and sort s i t  throug h th e concep t  hierarch y i n a n attemp t  t o 
retriev e th e mos t  relevan t  piec e o f  knowledg e t o bia s oper -
ato r  selection .  A s Alle n an d Thompso n (1991 )  describ e i n 
detail ,  th e syste m use s th e conditiona l  probabilitie s store d 
wit h eac h nod e t o carr y ou t  a  heuristi c searc h throug h th e 
spac e o f  partia l  matches ,  attemptin g t o find  th e bes t  matc h 
i n eac h case .  C o b w e B h invoke s a  reduce d versio n o f  cate -
gor y utility ,  th e evaluatio n functio n use d i n Fisher' s system, 
t o guid e searc h throug h th e spac e o f  matches . 

Afte r  determinin g a  bes t  matc h betwee n th e proble m 
descriptio n an d eac h nod e a t  a  give n leve l  o f  th e hierar -
chy ,  C o b w e b r  select s th e nod e wit h th e highest-scorin g 

matc h an d the n recurse s t o th e nex t  level .  I t  continue s i n 
thi s manne r  unti l  i t  reache s a  termina l  node ,  the n select s 
th e operato r  associate d wit h tha t  nod e an d use s th e par -
tia l  matc h fo r  th e nod e t o determin e th e operator' s bind -
ings .  Th e usefulnes s o f  operator s retrieve d i n thi s manne r 
i s relate d t o th e amoun t  o f  knowledg e store d i n long-ter m 
memory.  I f  DjEDALU S ha s acces s onl y t o th e operator s fo r 
a domain ,  i t  wil l  ofte n selec t  a n unprofitabl e one ,  leadin g 
t o backtrackin g o r  failure .  However ,  i f  memor y contain s 
detaile d knowledg e abou t  th e situation s tha t  occu r  i n a  do -
main ,  th e syste m i s mor e likel y t o selec t  a n operato r  o n th e 
solutio n path ,  reducin g searc h an d increasin g succes s rate . 

Acquisition of Plan Knowledge 

H u m an proble m solver s lear n fro m experience ,  reducin g 
thei r  searc h a s the y becom e familia r  wit h a  domain .  Mos t 
recen t  wor k o n learnin g i n plannin g domain s ha s take n a n 
analytica l  approac h (e.g. .  Laird ,  Rosenbloom ,  &  Newell , 
1986 ;  Minto n e t  al. ,  1989 ;  Mooney ,  1990) ,  whic h involve s 
compilin g existin g knowledg e int o ne w forms .  Althoug h 
elegant ,  suc h mechanism s ten d t o predic t  faste r  learnin g 
tha n occur s i n humans ,  wh o mus t  ofte n wor k throug h a 
proble m man y time s t o eliminat e searc h (Anza i  &  Simon , 
1979) .  Anderso n (1983 )  describe s on e response ,  whic h in -
volve s combinin g a n analytica l  learnin g mechanis m wit h 
an empirica l  techniqu e fo r  strengthenin g rules .  D^DALU S 
take s a  differen t  approach ,  employin g a n inductiv e learn -
in g metho d t o inde x case s an d t o construc t  probabilisti c 
abstractions .  Som e researc h ha s focuse d o n inductiv e ap -
proache s t o learnin g search-contro l  knowledg e (e.g. ,  Lang -
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ley ,  1985) ,  bu t  unlik e earlie r  wor k o n thi s topic ,  DjtDALU S 
support s th e acquisitio n o f  probabilisti c  pla n knowledge . 
Fishe r  an d Langle y (1990 )  revie w psychologica l  evidenc e 
fo r  probabilisti c  representation s o f  concepts ,  an d w e believ e 
tha t  pla n knowledg e i s store d i n th e sam e manner . 

Learnin g i n DjEDALU S occur s wheneve r  th e syste m finds 
a solutio n t o a  proble m o r  subproblem ,  a t  whic h poin t  i t 
incorporate s th e proble m descriptio n an d th e successfu l  op -
erato r  int o long-ter m memory .  Fo r  instance ,  eac h o f  th e 
node s ftom  th e problem-solvin g trac e i n Figur e 1  woul d b e 
sorte d throug h th e concep t  hierarch y an d store d i n th e hi -
erarchy .  Lik e th e C o b w e b syste m o n whic h i t  i s  based , 
DiEDALUS make s us e o f  tw o mai n learnin g operations .  I f  a 
trac e componen t  reache s a  termina l  nod e i n memory ,  th e 
C o b w e Br  modul e extend s th e hierarch y downward ,  creat -
in g a  ne w nod e N  tha t  i s a  probabilisti c summar y o f  th e 
cas e an d th e termina l  node ,  an d makin g the m bot h childre n 
of  N .  I n contrast ,  i f  th e trac e componen t  i s summarize d 
poorl y b y al l  th e childre n o f  nod e K ,  C o b w e B h create s 
a ne w chil d o f  K  base d o n th e case .  Durin g learning ,  thi s 
modul e use s th e fu U versio n o f  categor y utilit y  t o determin e 
when a  ne w branc h i s justified ;  thi s differ s fro m retrieval , 
i n whic h problem s ar e alway s sorte d t o termina l  nodes . 

I n addition ,  whe n i n learnin g mode ,  th e syste m als o con -
sider s mergin g an d splittin g existin g concepts ,  i n a n at -
temp t  t o minimiz e effect s du e t o trainin g order .  Again , 
COBWEBii  use s th e ful l  versio n o f  it s  evaluatio n functio n 
t o selec t  betwee n thes e learnin g operation s an d thos e de -
scribe d above .  I f  th e routin e decide s t o incorporat e a  train -
in g cas e int o a  give n nod e N ,  i t  simpl y update s th e prob -
abilit y  fo r  N  an d th e conditiona l  probabilitie s fo r  eac h o f 
th e feature s (bot h proble m descriptor s an d operators )  as -
sociate d wit h it .  I f  a  featur e occur s i n th e trainin g instanc e 
tha t  i s no t  presen t  i n th e node ,  C o b w e B h add s i t  t o th e 
node' s descriptio n wit h a  lo w probability .  Thi s averagin g 
proces s occur s fo r  eac h nod e throug h whic h th e instanc e 
passes .  On e importan t  poin t  i s tha t  DAEDALUS incorporate s 
each pla n componen t  int o long-ter m memor y durin g prob -
le m solving .  Thi s schem e i s consisten t  wit h th e incrementa l 
natur e o f  huma n learning . 

DiEDALUS on Multi-column Subtraction 
I n th e previou s sectio n w e referre d t o a n exampl e involvin g 
multi-colum n subtraction ;  her e w e conside r  DAEDALUS'  be -
havio r  i n thi s domai n i n mor e detail .  W e focu s o n subtrac -
tio n task s becaus e the y hav e educationa l  relevance ,  the y 
hav e bee n widel y studied ,  an d the y ca n b e clearl y define d 
yet  caus e difficult y fo r  man y students .  Th e tas k use d i n 
Figur e 1 ,  71 6 -  598 ,  provide s a  relativel y simpl e example . 
Give n tw o row s o f  digits ,  on e mus t  find  thei r  overal l  differ -
ence -  i n thi s cas e 11 8 -  an d writ e thi s i n a  thir d row .  Task s 
tha t  involv e borrowin g (i.e. ,  i n whic h th e to p numbe r  i n a 
colum n i s smalle r  tha n th e lowe r  one )  requir e mor e opera -
tor s an d ar e mor e difficul t  fo r  humans ;  thi s hold s especiall y 
fo r  task s containin g zeroe s i n th e to p row . 

For  thi s domai n w e initiedize d DjEDALUS '  memor y wit h 
nin e operators ,  eac h define d i n term s o f  preconditions ,  ad d 
lists ,  an d delet e lists ,  a s i n Strip s (Fike s e t  al. ,  1971 )  an d 
i n man y production-syste m model s (e.g. ,  Anderson ,  1983) . 
Thre e o f  th e operator s -  FiND-DIFFERENCE ,  FlND-ToP , 
and Skip-Zer o -  ar e responsibl e fo r  finding  th e answe r 
associate d wit h a  particula r  column ,  bu t  ar e applicabl e un -
der  differen t  condition s an d involv e slightl y differen t  ac -
tions .  T w o othe r  operator s -  A d d - T e n an d D e c r e m e n t 

-  implemen t  borrowing ,  wherea s Shift-Lef t  an d Shift -
RlGHT chang e th e colum n o n whic h attentio n i s focused . 
Finally ,  th e operator s W r i t e - A n s w e r  an d T o p - G r e a t e r 
make inference s tha t  suppor t  th e solutio n process . 

Th e operator s ar e quit e simila r  t o thos e use d b y Lan -
gley ,  WoguUs ,  an d Ohlsso n (1990 )  t o mode l  subtractio n 
errors ,  whic h i n tur n wer e base d o n th e rule s use d i n erro r 
model s propose d b y Youn g an d O'She a (1981) .  However , 
thi s earlie r  wor k assume d tha t  student s solve d subtractio n 
problem s i n a  forward-chainin g manner .  Thi s run s counte r 
bot h t o intuition s abou t  borrowin g an d t o strategie s pre -
sente d b y exper t  teacher s (S .  Ohlsson ,  persona l  communi -
cation) ,  whic h sugges t  tha t  means-end s reasonin g occur s 
i n multi-colum n subtractio n tasks .  DiEDALU S employ s it s 
knowledg e i n thi s fashion ,  selectin g operator s (e.g. ,  FlND -
Difference )  tha t  woul d mak e progres s towar d th e de -
sire d state ,  notin g tha t  precondition s ar e no t  met ,  an d 
the n selectin g othe r  operator s (e.g. ,  A d d - T e n )  t o achiev e 
thes e preconditions .  Thi s framewor k als o differ s fro m 
th e problem-reductio n schem e use d b y Brow n an d Burto n 
(1978 )  an d b y VanLeh n (1990) .  Bot h approache s decom -
pos e problem s int o subproblems ,  bu t  problem-reductio n 
method s specif y suc h decomposition s i n advance ,  wherea s 
DiEDALUS generate s the m dynamically . 

Give n th e correc t  operator s fo r  multi-colum n subtrac -
tion ,  D « D A L US canno t  explai n th e error s commonl y ob -
serve d i n students '  behavio r  o n thi s domed n (Brow n &  Bur -
ton ,  1978 ;  VanLehn ,  1990) .  Becaus e th e syste m onl y ap -
plie s operator s whe n thei r  precondition s hav e bee n met ,  it s 
answer s ar e guarantee d t o b e correct .  However ,  unlik e th e 
previou s model s o f  subtractio n behavior ,  D/EDALU S ma y re -
quir e searc h t o solv e a  proble m eve n whe n it s operator s ar e 
correct ;  thi s occur s becaus e i t  m a y no t  selec t  th e bes t  op -
erato r  o n it s first  attempt .  Combine d wit h th e system' s 
constraine d searc h algorithm ,  whic h consider s onl y a  fe w 
alternative s a t  eac h level ,  thi s mean s D;edalu s ma y fai l 
entirel y t o solv e certai n problems .  Thi s differ s fro m th e be -
havio r  observe d i n man y student s who ,  upo n encounterin g 
a difficul t  problem ,  produc e syntacticall y correc t  answer s 
wit h incorrec t  digits .  I n futur e work ,  w e pla n t o exten d 
DjEDALUS t o generat e abstrac t  plan s tha t  ignor e th e vio -
latio n o f  certai n operato r  preconditions .  T h e executio n o f 
abstrac t  plan s woul d explai n som e catalogue d subtractio n 
errors ,  suc h a s students '  tendenc y t o subtrac t  th e to p num -
ber  fro m th e lowe r  on e whe n th e latte r  i s  larger . 

Althoug h DjEDALU S doe s no t  mode l  subtrsu:tio n errors , 
we believ e i t  provide s a  viabl e mode l  o f  learnin g i n thi s 
domain .  T o demonstrat e this ,  w e presente d th e syste m 
wit h worke d solution s t o eigh t  problem s take n fro m Van -
Leh n (1990 ,  p .  55) ,  i n eac h cas e providin g DAEDALUS wit h 
a problem-solvin g trac e lik e tha t  i n Figur e 1 .  Th e syste m 
store d eac h componen t  o f  thes e trace s i n long-ter m memor y 
fo r  us e o n futur e tasks .  W e the n presente d DjEDALU S wit h 
th e origina l  task s an d a  separat e se t  o f  twelv e tes t  prob -
lem s take n fro m th e sam e source ,  whic h i t  ha d t o solv e i n 
th e absenc e o f  furthe r  learning .  Fo r  comparison ,  w e als o 
le t  th e syste m wor k o n th e sam e problem s wit h n o knowl -
edg e excep t  th e correc t  operators .  Tabl e 1  give s th e results : 
DjEDALUS solve d al l  o f  th e trainin g problem s afte r  learning , 
but  poo r  operato r  selectio n le t  i t  solv e onl y on e o f  the m 
befor e learning .  Similarly ,  i t  solve d tw o o f  th e twelv e tes t 
problem s afte r  learnin g bu t  non e before ,  showin g modes t 
transfer .  Moreover ,  th e problem s solve d afte r  learnin g wer e 
handle d wit h n o search .  Thus ,  th e syste m suggest s on e 
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Tabl e 1 :  DiGDALUS'  behavio r  o n multi-colum n subtractio n 
problem s take n fro m VanLeh n (1990) . 

Befor e learnin g 
Afte r  learnin g 

Problem s solve d 

Trainin q 

12 % 
100 % 

Test 

0% 
17 % 

Tabl e 2 :  Psychologica l  adequac y o f  fou r  model s o f  learnin g 
i n problem-solvin g domain s i n term s o f  whethe r  the y ac -
coun t  (®) ,  fai l  t o accoun t  (0) ,  o r  partiall y  accoun t  (© )  fo r 
phenomeno n fro m VanLeh n (• )  an d Jone s (o) . 

possibl e mechanis m throug h whic h student s improv e thei r 
abilit y b y trainin g o n worke d sampl e problems .  However , 
our  purpos e her e i s no t  t o clai m tha t  Di£DALU S provide s 
a bette r  mode l  o f  subtractio n behavio r  tha n othe r  frame -
works ,  bu t  simpl y t o demonstrat e tha t  i t  support s learnin g 
i n a n interestin g domain .  Elsewher e (Langle y &  Allen ,  i n 
press )  w e repor t  simila r  result s o n th e block s world . 

Psychological Adequacy of DiEDALUS 

Earlie r  w e note d som e high-leve l  aspect s o f  huma n cogni -
tio n tha t  ar e reflecte d i n D^DALUS,  bu t  thi s wa s onl y i n 
passing .  N o w le t  u s reconside r  th e system' s psychologica l 
plausibilit y i n mor e detail ,  drawin g o n VanLehn' s (1989 ) 
excellen t  revie w o f  th e majo r  findings  wit h respec t  t o hu -
m an proble m solving .  Thes e phenomen a ar e qualitativ e 
i n nature ,  bu t  the y stil l  provid e constraint s o n th e opera -
tio n o f  cognitiv e simulations .  Tabl e 2  list s mos t  o f  th e be -
havior s tha t  VanLeh n report s whic h ar e directl y relate d t o 
proble m solving ,  alon g wit h other s note d b y Jone s (1989) . 
Th e tabl e als o show s ho w DiEDALU S fare s relativ e t o thre e 
othe r  model s o f  proble m solvin g an d learning :  Anderson' s 
(1983 )  A c t ,  Laird ,  Rosenbloom ,  an d Newell' s  (1986 )  Soar , 
and Jones '  (1989 )  EXmEKA.  Langle y an d Alle n (i n press ) 
presen t  a  mor e extensiv e comparison . 

Th e first  thre e phenomen a addres s issue s abou t  ba -
si c problem-solvin g strategie s rathe r  tha n learning .  Bot h 
DiEDALUS an d E u r e k a incorporat e a  versio n o f  means-end s 
analysis ,  whic h human s appea r  t o us e i n nove l  domains ; 
i n contrast ,  Soa r  ca n produc e means-end s behavio r  wit h 
preferenc e rules ,  bu t  th e proces s i s no t  buil t  int o th e ar -
chitecture ,  an d A c t  provide s suppor t  fo r  backwar d chain -
in g bu t  no t  tru e means-end s analysis .  O f  th e fou r  frame -
works ,  onl y E u r e k a mimic s th e nonsystemati c strateg y o f 
humans ,  w h o ofte n explor e a  searc h pat h i n depth ,  the n re -
tur n t o th e initia l  stat e t o conside r  a n alternativ e (Newel l  & 
Simon ,  1972) .  A H fou r  architecture s shoul d accoun t  fo r  th e 
relativ e difficult y o f  proble m isomorph s (Kotovsky ,  Hayes , 
k,  Simon ,  1985) ,  bu t  thi s abilit y  relie s o n representationa l 
assumption s outsid e th e system s themselves . 

S o me additiona l  behavior s concer n change s i n perfor -
mance a s human s gai n experienc e i n a  problem-solvin g do -
main .  T h e mos t  basi c finding  i s tha t  learnin g lead s t o re -
duce d searc h o n a  clas s o f  problems .  A s w e repor t  else -
wher e (Langle y &  Allen ,  i n press) ,  DAEDALUS generall y car -
rie s ou t  les s searc h wit h experience ,  a s d o Eureka ,  Ac t , 
and Soar ,  althoug h th e latte r  tw o emplo y explanation -
base d learnin g methods ,  Jones '  syste m relie s entirel y o n 
analogica l  reasoning ,  an d DjEDiU^U S use s concep t  forma -
tion .  Th e differen t  architecture s als o diff"e r  i n thei r  rat e 
of  learning .  Anothe r  phenomeno n involve s th e asymmetr y 
of  transfe r  acros s problems ,  i n whic h experienc e o n diffi -
cul t  task s aid s th e solutio n o f  simple r  problem s mor e tha n 
th e revers e situation .  Presumabl y thi s occur s becaus e th e 
structure s neede d fo r  th e simple r  tas k ar e subsume d by  th e 

Means-ends * 
Nonsystematic * 
Isomorphs ' 
Reduce d search * 
Asymmetries ' 
Einstellung * 
Verbalization ' 
Reduce d time ' 
Rar e analogy * 
Superficiality ' 

Act 

0 
e 
© 
e 
© 
0 
0 
0 
e 
© 

Soar 

0 
© 
0 
© 
0 
0 
0 
0 
© 
© 

Eurek a 

0 
0 
0 
0 
0 
0 
© 
© 
0 
0 

Dadalu s 

0 
© 
0 
0 
0 
0 
© 
© 
© 
0 

more difficul t  one .  Sinc e al l  fou r  model s decompos e prob -
lem s int o subproblems ,  the n lear n method s fo r  solvin g thes e 
subproblems ,  al l  shoul d produc e thi s result .  Anothe r  well -
establishe d transfe r  effect ,  Einstellun g (Luchins ,  1942) ,  oc -
cur s whe n on e i s traine d o n problem s wit h comple x solu -
tion s an d the n give n problem s wit h analogou s solution s bu t 
als o wit h simple r  ones .  Unde r  suc h conditions ,  subject s in -
evitabl y solv e th e ne w problem s i n th e comple x wa y tha t 
has worke d i n th e past .  E u r e k a an d A c t  hav e bee n expUc -
itl y  show n t o produc e thi s behavior ,  an d w e expec t  Soa r 
and D*DALU S t o generat e simila r  results . 

I n addition ,  th e skill s  o f  experience d proble m solver s ar e 
mor e automatize d tha n thos e o f  novices ,  i n tha t  the y ca n 
carr y the m ou t  wit h littl e attention .  Expert s typicaU y solv e 
problem s muc h mor e rapidly ,  eve n whe n thei r  solution s in -
volv e th e sam e numbe r  o f  steps ,  an d the y ten d t o verbaliz e 
much less ,  suggestin g tha t  the y hav e los t  acces s t o inter -
mediat e subproblems .  Bot h DiEDALU S an d Eurek a hav e 
difficult y explainin g thes e phenomena ,  i n tha t  the y neve r 
chang e th e step s take n i n generatin g a  solution ;  learnin g 
m ay eliminat e poo r  choices ,  bu t  eac h nod e i n th e problem -
solvin g trac e mus t  stil l  b e constructe d on e ste p a t  a  time . 
I n contrast ,  A C T an d SOAR actuall y eliminat e subproblem s 
throug h learning ,  whic h explain s th e reductio n i n verbal -
izatio n an d som e o f  th e observe d speedup . 

A final  se t  o f  empirica l  result s concer n proble m solvin g 
by  analogy .  Experiment s revea l  tha t  spontaneou s cross -
domai n analog y i s quit e rar e (e.g. ,  Gic k &  Holyoak ,  1980) . 
Peopl e ca n solv e problem s b y analog y whe n give n a n ex -
plici t  mappin g betwee n sourc e an d targe t  problems ,  bu t 
the y canno t  alway s find  suc h a  mappin g o n thei r  own . 
Moreover ,  i n case s o f  spontaneou s retrieval ,  th e remindin g 
i s usuall y base d o n som e superficial ,  surfac e similarit y tha t 
m ay produc e a  misleadin g analog y (e.g. ,  Ross ,  1984) .  Eu -
rek a relie s o n a  for m o f  analogica l  retrieva l  tha t  operate s 
on surface-leve l  descriptions ,  an d Jone s (1989 )  ha s show n 
tha t  i t  replicate s th e basi c finding  tha t  experienc e wit h on e 
proble m increase s th e likelihoo d o f  solvin g a n analogou s 
problem ,  bu t  tha t  spontaneou s analog y acros s domain s i s 
fa r  fro m guaranteed .  Becaus e DiEDALU S als o use s a  for m o f 
analogica l  retrieval ,  i t  shoul d produc e simila r  results ,  bu t 
(a s wit h E u r e k a )  onl y provide d i t  i s give n state s an d oper -
ator s tha t  shar e som e surfac e feature s acros s th e domains . 
A c t  an d S o a r  hav e mor e difficult y wit h thes e phenomena , 
sinc e neithe r  ha s an y architectura l  mechanis m fo r  analogy , 
thoug h bot h coul d mimi c analog y usin g explici t  rules . 
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C o n c l u s i o n s 

In the previous pages we described D«DALUS, a planiiiiig 
syste m tha t  wa s designe d t o b e consisten t  wit h knowledg e 
of  huma n problem-solvin g behavior .  W e foun d tha t  th e 
syste m direct s problem-spac e searc h usin g a  flexible  ver -
sio n o f  means-end s analysis ,  organize s bot h case s an d ab -
straction s i n a  probabilisti c  concep t  hierarchy ,  employ s do -
mai n knowledg e t o constrai n it s generatio n o f  plans ,  an d 
acquire s pla n knowledg e throug h a n incrementa l  learnin g 
process .  I n particular ,  DiEDALU S retrieve s relevan t  opera r 
tor s b y sortin g ne w problem s throug h it s concep t  hierarchy , 
and i t  store s th e component s o f  successfu l  plan s i n thi s hi -
erarch y fo r  futur e retrieval .  W e demonstrate d th e system' s 
behavio r  i n th e domai n o f  multi-colum n subtraction . 

We als o exeimine d DjEDALUS '  abilit y t o explai n aspect s 
of  huma n cognitio n a t  a  qualitativ e level ,  findin g tha t  th e 
syste m i s  consisten t  wit h a  variet y o f  robus t  phenomen a 
tha t  hav e bee n observe d i n huma n proble m solving .  How -
ever ,  thre e previou s model s als o explai n roughl y th e sam e 
behaviors .  DjEDALU S differ s fro m Lair d e t  al.' s  SOAR an d 
Anderson' s A c t  i n it s partia l  coverag e o f  analogica l  reason -
ing ,  a n are a i t  share s wit h Jones '  EUREKA system .  How -
ever ,  DjEDALU S fail s t o explai n th e reductio n o f  verbal -
izatio n an d th e automatizatio n observe d i n highly-sldlle d 
proble m solvers ,  an d it s searc h organizatio n doe s no t  mimi c 
th e nonsystemati c behavio r  foun d i n huma n proble m solv -
ing ,  whic h onl y E u r e k a ha s attempte d t o handle . 

I n addition ,  th e syste m fail s i n th e broade r  sens e tha t 
humans ar e physica l  agent s wh o interleav e plannin g wit h 
othe r  processes .  A  fulle r  mode l  o f  huma n behavio r  woul d 
explicitl y  lin k cognitio n wit h actio n an d perception .  Suc h 
issue s aris e eve n i n constraine d domain s lik e subtraction , 
i n whic h student s canno t  hol d th e entir e proble m i n short -
ter m memory ,  an d thu s mus t  perceiv e an d alte r  a  physica l 
display .  Elsewher e (Langle y fc  Allen ,  i n press )  w e hav e de -
scribe d ou r  idea s fo r  extendin g DjGDALU S alon g thes e hnes , 
and developin g thi s augmente d mode l  remain s a n impor -
tan t  directio n fo r  futur e research . 
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