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I n t r o d u c t i o n 

We are interested in computational explanations of the nature of human problem solving. 

I n th e past ,  man y artificia l  intelligenc e (AI )  system s hav e implemente d proble m solvin g i n a 

problem-spac e framewor k (Newell ,  1980) .  I n thi s paradigm ,  a  proble m consist s o f  a n initia l 

state ,  a  goa l  state ,  an d a  se t  o f  operator s tha t  ca n b e use d t o transfor m th e initia l  stat e 

int o th e goa l  state .  Thes e system s hav e bee n moderatel y successfu l  i n providin g a  forma l 

analysi s o f  proble m solving ,  bu t  the y fai l  t o exhibi t  man y aspect s o f  huma n cognition .  W e 

hav e develope d a  theor y o f  proble m solvin g tha t  account s fo r  som e o f  thes e phenomena .  I n 

addition ,  w e hav e buil t  EUREKA,  a  syste m tha t  instantiate s thi s theory ,  an d w e hav e teste d 

th e syste m i n a  variet y o f  domains ,  includin g scientifi c  reasonin g tasks . 

Characteristics of Human Problem Solving 

We hav e develope d ou r  theor y i n a n attemp t  t o accoun t  fo r  man y o f  th e characteristic s 

of  huma n proble m solving .  Thus ,  w e wil l  begi n b y discussin g som e o f  thes e characteristics . 

Heuristi c methods .  Human s d o no t  attac k problem s blindly .  I n particular ,  whe n a  perso n 

encounter s a  ne w problem ,  h e wil l  no t  star t  applyin g al l  hi s knowledg e i n rando m pattern s 

unti l  h e solve s it .  Rather ,  h e use s heuristics ,  o r  educate d guesse s an d rule s o f  thumb ,  t o 

gmde hi s searc h fo r  a  solution .  On e typ e o f  systemati c heuristi c proble m solvin g tha t  ha s 

see n som e succes s i n A I  i s means-end s analysi s (Erns t  &  Newell ,  1969 ;  Fike s &  Nilsson , 

1971) .  A t  eac h decisio n point ,  thes e system s attemp t  t o appl y a n operato r  tha t  reduce s th e 

difference s betwee n th e curren t  proble m stat e an d th e goal .  I n thi s way ,  th e searc h fo r  a 

solutio n i s directe d dow n promisin g paths . 

Non-system.ati c nature .  However ,  human s d o no t  solv e problem s i n a  ver y systemati c 

manner .  I f  a  perso n finds  himsel f  stuc k a t  som e point ,  h e ca n usuall y no t  remembe r  al l 

th e step s h e too k i n reachin g tha t  point .  I n man y cases ,  h e wil l  simpl y star t  th e proble m 

agai n fro m th e beginning ,  ofte n duplicatin g previousl y faile d path s i n hi s ne w attempts .  I n 

contrast ,  mos t  o f  th e A I  wor k o n proble m solvin g ha s employe d memory-intensiv e methods , 

suc h a s depth-firs t  an d best-firs t  search .  Thes e technique s assum e a  larg e memor y i n whic h 

the y ca n stor e al l  previou s goal s an d states .  Usin g thi s memory ,  the y ca n 'backtrack '  t o an y 

earlie r  poin t  i n th e problem ,  a s wel l  a s avoi d duplicatin g pas t  failures .  Ohlsso n (1987 )  ha s 

studie d th e non-systemati c natur e o f  huma n proble m solving ,  bu t  mos t  curren t  system s wil l 

attemp t  t o explor e thei r  entir e proble m spac e systematicall y i f  the y canno t  find a  solution . 

Performanc e im,provemen t  an d Einstellung .  Human s lear n whil e the y solv e problems . 

One aspec t  o f  thi s learnin g involve s improve d performance .  Thi s ca n b e see n whe n a  huma n 
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transfer s knowledg e an d method s fro m a  previou s proble m t o solv e a  ne w proble m mor e 

easily .  I n general ,  w e expec t  human s t o ge t  bette r  a s the y solv e a  se t  o f  simila r  problem s 

(Ohlsson ,  1987) ,  bu t  ther e ar e als o instance s whe n learnin g cause s negativ e transfer .  On e 

exampl e o f  thi s i s Einstellung ,  o r  th e 'set '  effect .  I n thi s case ,  a  perso n ha s becom e s o use d 

t o solvin g problem s i n a  certai n wa y tha t  h e ignore s a  muc h simple r  solutio n (Luchins ,  1942 ; 

Neves &  Anderson ,  1981) . 

Respons e t o externa l  stimuli ;  Insight .  Finally ,  human s ar e influence d b y thei r  environ -

ment .  Externa l  cue s ca n ofte n ai d a  perso n i n solvin g a  proble m (Dreistadt ,  1969) .  Cue s 

can als o caus e peopl e t o experienc e flashes  o f  insight .  Hadamar d (1949 )  ha s detaile d fou r 

stage s i n episode s o f  scientifi c  insight .  Th e first  stag e i s preparation ,  i n whic h a  scientis t 

work s o n a  proble m fo r  som e tim e wit h ou t  success .  W h e n h e get s frustrate d an d cease s 

wor k o n th e problem ,  h e enter s th e incubatio n stage .  Som e tim e late r  (fro m a  fe w second s 

t o a  fe w years) ,  illuminatio n o r  insigh t  occurs ,  durin g whic h a  potentia l  solutio n suddenl y 

pops int o th e scientist' s  head .  Finally ,  durin g verification ,  h e work s ou t  th e detctil s  o f  hi s 

solution .  W e hav e argue d elsewher e (Langle y &  Jones ,  1988 )  tha t  illuminatio n occur s whe n 

an environmenta l  cu e cause s th e scientis t  t o suddenl y retriev e a n operato r  whic h wil l  ai d i n 

solvin g hi s problem . 

The Eureka System 

E u r e k a i s a  runnin g LIS P progra m designe d t o mode l  som e o f  th e processe s o f  scientifi c 

discover y an d proble m solving .  I t  consist s o f  a  memor y component ,  a  proble m solve r  an d a 

simpl e learnin g mechanism .  Th e memor y componen t  ca n b e describe d a t  variou s level s o f 

abstraction ,  s o w e wil l  begi n wit h a  low-leve l  descriptio n an d the n discus s th e highe r  leve l 

dat a representatio n a s i t  applie s t o proble m solving . 

Memory representation and retrieval 

E u r e k a include s a  long-ter m memory ,  represente d a s a  semanti c networ k consistin g o f 

node s (concepts )  connecte d b y a  smal l  se t  o f  labele d link s (relations) .  Eac h lin k ha s a n 

associate d trac e strength ,  whic h represent s th e strengt h o f  th e connectio n betwee n th e tw o 

attache d nodes .  Fo r  example ,  a  lin k connectin g 'bird '  t o 'wings '  woul d probabl y hav e a 

large r  trac e strengt h tha n a  lin k connectin g 'bird '  t o 'legs' .  E U R E KA doe s no t  embod y th e 

notio n o f  a  specifi c  short-ter m o r  workin g memory .  However ,  eac h nod e als o ha s associate d 

wit h i t  a  leve l  o f  activation ,  whic h exhibit s ho w muc h attentio n th e concep t  receive s durin g 

proble m solving .  Usin g thi s representation ,  retrieva l  o f  concept s i s implemente d a s a  for m 

of  spreadin g activatio n (Quillian ,  1968 ;  Anderson ,  1976 ,  1983). ^  W h e n a  nod e i s activated , 

i t  'spreads '  it s  activatio n t o nearb y node s i n th e semanti c network .  A s activatio n spread s 

fro m a  node ,  thi s activatio n i s divide d u p betwee n al l  th e connecte d node s i n proportio n t o 

th e trac e strength s o f  th e link s involved . 

Eureka' s memor y i s furthe r  organize d int o conceptua l  unit s tha t  ar e use d b y th e 

problem-solvin g component .  Eac h o f  thes e unit s consist s o f  a  collectio n o f  node s i n th e 

semanti c network .  Thes e collection s includ e operators ,  problem-spac e states ,  an d deriva -

^  Th e typ e o f  spreadin g activatio n w e us e i s a  bi t  differen t  fro m tha t  introduce d b y Quillian ,  i n whic h 
activatio n wa s use d t o find  pathway s betwee n tw o concepts .  Ou r  approac h i s mor e simila r  t o tha t  use d b y 
Anderso n (1976 )  an d b y Holland ,  Holyoak ,  Nisbett ,  &  Thagar d (1986 )  i n thei r  wor k o n analogy . 
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tiona l  trac e structures .  Operator s an d problem-spac e graph s ar e well-documente d concept s 

i n proble m solvin g (Newell ,  1980) ,  bu t  th e thir d notio n bear s a  mor e in-dept h explanation . 

We hav e borrowe d th e ide a o f  derivationa l  trace s fro m Carbonel l  (1986) .  Thes e ar e record s 

of  problem-solvin g episode s i n whic h informatio n i s store d abou t  th e system' s goal s an d it s 

reason s fo r  makin g certai n choices .  Derivationa l  trace s ca n b e use d t o remembe r  th e detail s 

of  previou s attempt s t o solv e problem s an d t o ai d i n solvin g simila r  problems . 

I n E u r e k a ,  a  derivationa l  trac e i s represente d a s a  tree .  Eac h nod e i n th e tre e represent s 

a goal ,  an d it s childre n represen t  th e subgoal s tha t  mus t  b e satisfie d i n orde r  t o achiev e 

tha t  goal .  Th e syste m distinguishe s betwee n tw o type s o f  goals :  T R A N S F O RM a  problem -

spac e stat e int o anothe r  state ,  o r  APPL Y a n operato r  t o a  problem-spac e stat e (Erns t  & 

Newell ,  1969) .  I f  a  nod e i n th e derivationa l  trac e ha s n o children ,  i t  mean s tha t  eithe r 

no subgoal s wer e require d t o satisf y th e goa l  (success )  o r  n o subgoal s coul d b e foun d whic h 

woul d hel p satisf y th e goa l  (failure) .  Durin g proble m solving ,  activatio n i s sprea d throughou t 

th e derivationa l  trac e structur e an d th e res t  o f  memor y t o ai d i n choosin g operators . 

Problem-solving component 

Eureka' s basi c problem-solvin g metho d i s means-end s analysis ,  simila r  t o tha t  use d i n 

G PS (Erns t  &  Newell ,  1969 )  an d STRIP S (Fike s &  Nilsson ,  1971) .  A  T r a n s f o r m goa l 

ca n b e satisfie d b y firs t  applyin g a n operato r  (i.e. ,  settin g u p a n APPL Y goal )  an d the n 

recursivel y TRANSFORMing th e result .  A n APPL Y goa l  ca n b e satisfie d b y TRANSFORMing 

th e curren t  problem-spac e stat e t o matc h th e precondition s o f  th e operato r  t o b e applied , 

and the n APPLYin g th e operato r  t o th e resultin g state .  However ,  ther e ar e a  fe w importan t 

differences . 

Give n a  T R A N S F O RM goal ,  STRIP S woul d exhaustivel y searc h it s se t  o f  operator s an d 

choos e th e 'best '  on e (usin g means-end s analysis )  t o APPLY .  I n contrast ,  E U R E KA retrieve s a 

smal l  se t  o f  operator s b y spreadin g activatio n throughou t  it s memor y fro m node s representin g 

th e curren t  problem-spac e stat e an d goal .  Th e syste m the n passe s thes e operator s o n t o a 

STRIPS-Uk e matche r  t o decid e whic h one s migh t  b e useful .  Th e remainin g operator s ar e 

weighte d accordin g t o ho w easil y the y wer e retrieve d an d ho w usefv d the y hav e bee n i n th e 

past .  Finally ,  th e syste m select s a  singl e choic e a t  rando m base d o n thes e values .  I f  n o usefu l 

operator s ar e foun d fo r  a  give n goeJ ,  th e proble m solve r  fails . 

Anothe r  importan t  differenc e fro m STRIPS-lik e proble m solver s i s tha t  E U R E KA doe s 

not  hav e th e abilit y  t o backtrack .  Instead ,  whe n th e syste m fail s t o solv e a  problem ,  i t 

start s ove r  fro m th e initia l  T R A N S F O RM goa l  fo r  tha t  problem .  E U R E KA attempt s t o solv e 

th e proble m repeatedly ,  bu t  i t  ma y duplicat e previou s problem-solvin g path s i n th e process . 

The mode l  continue s workin g unti l  th e proble m i s solve d o r  unti l  i t  become s 'frustrated ' 

and quits .  Frustratio n occur s whe n th e initia l  goa l  ha s a  ver y hig h failur e rate .  Tabl e 1 

summarize s th e th e system' s problem-solvin g component . 

Learning and memory maintenance 

I n additio n t o standar d problem-solvin g actions ,  E U R E KA maintain s a  larg e derivationa l 

trac e structur e i n it s long-ter m memory .  Wheneve r  th e syste m encounter s a  ne w situatio n 

durin g proble m solvin g (e.g .  a  ne w problem-spac e stat e o r  a  ne w derivation-trac e node) ,  i t 

add s thi s situatio n t o th e derivationa l  trace .  I n thi s fashion ,  a  recor d o f  al l  previou s proble m 
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Table 1. Eureka's basic problem-solving dgorithm. 

TRANSFORN(Statel,State2 ) 
I f  State l  satisfie s State 2 

Then Retiim(Statel ) 
Els e Le t  Reminding s b e a  se t  o f  instantiate d operator s retrieve d 

throug h spreadin g activation ; 
Let  OpA b e a n operato r  selecte d a t  rando m fro m an y 

Reminding s tha t  reduc e difference s betnee n State l  an d State2 ; 
I f  OpA i s empt y 

Then Retum(Fail ) 
Els e Le t  State 3 b e APPLY(OpA,Statel) ; 

I f  State 3 i s Fai l 
Then Retum(Fail ) 
Els e Retum(TRANSF0RN(State3,State2) ) 

APPLY(OpA,Statel) 
I f  OpA ca n b e applie d t o State l 

Then Retum(EXECnTE(OpA.Statel) ) 
Els e Le t  State 2 b e TRANSFORM(Statel,Preconditions(OpA)) ; 

I f  State 2 i s Fai l 
Then Retum(Fail ) 
Els e Retum(APPLY(0pA,State2) ) 

solvin g behavio r  i s stored .  I f  a  ne w situatio n ha s alread y bee n store d i n memory ,  th e trac e 

strength s o f  th e link s involve d i n tha t  situatio n ar e increase d slightly .  I n addition ,  specia l 

action s ar e take n upo n th e succes s o r  failur e o f  a  goal .  Count s ar e kep t  t o recor d ho w ofte n 

eac h goa d ha s succeede d o r  failed ,  an d whe n a  goa l  succeed s th e trac e strength s o f  th e node s 

involve d i n th e goa l  ar e increased .  Thes e count s ar e use d t o estimat e th e probabilit y  tha t 

th e goa l  wil l  succee d o r  fai l  i n th e future . 

Evaluation of the Eureka Model 

We hav e discusse d a  numbe r  o f  phenomen a tha t  ou r  theor y shoul d handle .  I n orde r  t o 

tes t  th e theory ,  w e hav e implemente d i t  i n th e E U R E KA system .  Further ,  w e hav e designe d 

a numbe r  o f  problem s i n variou s domain s t o tes t  th e syste m alon g thes e lines .  I n thi s 

sectio n w e describ e som e experiment s w e hav e ru n wit h respec t  t o th e huma n problem -

solvin g characteristic s w e describe d earlier . 

Non-systematic ,  heuristi c methods .  E U R E KA use s a  varian t  o f  means-end s analysi s tha t 

does no t  hav e th e abilit y  t o backtrack .  I n addition ,  i t  use s spreadin g activatio n an d count s 

of  previou s failure s an d successe s t o ai d i n conflic t  resolution .  Sinc e trac e strength s ar e 

update d whe n familia r  situation s ar e encountered ,  th e syste m ca n ge t  stuc k repeatin g old , 

unsuccessfu l  behavior .  However ,  th e syste m trie s t o avoi d previousl y faile d states ,  s o i t  ca n 

brea k ou t  o f  thi s behavior .  Thi s encourage s th e syste m t o explor e a  wid e are a i n th e proble m 

space .  W e teste d ou r  syste m o n a  numbe r  o f  smal l  'block s world '  an d 'chemica l  structure' ^ 

problems .  E U R E KA solve d thes e problem s afte r  a  smal l  amoun t  o f  exploration .  W h e n give n 

more complicate d problem s (wit h n o previou s problem-solvin g memory) ,  th e syste m coul d 

not  overcom e th e larg e proble m space .  I t  explore d a  larg e sectio n o f  th e space ,  bu t  coul d 

^  Thes e problem s ar e base d o n Kekule' s proble m o f  detetminin g th e structur e o f  variou s molecule s in -
cludin g benzen e (Farber ,  1966) . 
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Table 2. 'Blocks-world' problems with two blocks. 

Proble m Goa l 

A ove r  Tabl e 

B ove r  Tabl e 

A ove r  B 

A o n B 

Lengt h o f 
Optima l  Solutio n 

3 

3 

5 

7 

Number  o f 
Attempt s 

Withou t 
learnin g 

10 

Wit h 
learnin g 

1 

1 

1 

1 

Percentag e o f 
Space Searche d 

Withou t 
learnin g 

65. 0 

Wit h 
learnin g 

5. 0 

5. 0 

8. 3 

15. 0 

Tabl e 3 .  'Blocks-world '  problem s wit h thre e blocks . 

Proble m Goa l 

A ove r  Tabl e 

B ove r  Tabl e 

C ove r  Tabl e 

A ove r  B 

B ove r  C 

B o n C 

A ove r  B  o n C 

A o n B  o n C 

Lengt h o f 
Optima l  Solutio n 

3 

3 

3 

5 

5 

7 

11 

13 

Number  o f 
Attempt s 

Withou t 
learnin g 

10 

Wit h 
learnin g 

3 

1 

1 

2 

1 

1 

1 

1 

Percentag e o f 
Space Searche d 

Withou t 
learnin g 

30. 0 

Wit h 
learnin g 

6. 2 

0. 6 

0. 6 

4. 0 

1. 0 

1. 4 

2. 2 

2. 6 

not  fin d th e solutio n paths . 

Performanc e improvement .  E U R E KA doe s hav e th e abilit y  t o improv e it s performanc e 

base d o n previou s experiences .  W e gav e th e syste m th e sam e set s o f  'blocks-world '  an d 

'chemical-structure '  problems .  However ,  thi s tim e w e ordere d th e problem s fro m simples t  t o 

hardes t  an d di d no t  eras e th e system' s memor y afte r  eac h problem .  I n thi s case ,  th e syste m 

was abl e t o solv e al l  problem s presente d t o i t  withi n thre e attempts .  Table s 2  an d 3  provid e 

dat a fro m run s i n th e 'blocks-world '  domain .  Withi n eac h table ,  th e initia l  state s ar e th e 

same.  Th e optima l  solutio n lengt h i s th e siz e o f  th e smalles t  derivatio n trac e require d t o 

solv e th e problem . 

Einstellung .  Ou r  theor y explain s Einstellun g i n term s o f  th e trac e strength s o n link s i n 

th e semanti c networ k an d th e succes s count s kep t  fo r  eac h state .  Recal l  tha t  trac e strength s 

ar e increase d wheneve r  a  goa l  i s  satisfied .  Thi s cause s th e syste m t o retriev e th e successfu l 

operator s i n simila r  situations .  Combine d wit h th e recor d o f  succes s counts ,  thi s encourage s 

th e syste m t o duplicat e pas t  successfu l  behavio r  i n new ,  simila r  situations .  T o tes t  thi s effect , 

we gav e E U R E KA a  serie s o f  'wate r  jug '  problem s (Luchins ,  1942) .  Th e first  fe w problem s 
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require d simila r  solutio n paths ,  an d EUREKA exhibite d improvemen t  i n duplicatin g thi s pat h 

wit h eac h ne w problem .  Th e las t  proble m coul d b e solve d usin g th e sam e solution ,  o r  b y 

usin g a  uniqu e solutio n tha t  require d onl y on e operato r  application .  Th e syste m chos e t o 

duplicat e th e solutio n pat h i t  ha d becom e familia r  wit h fro m th e previou s problems ,  a s 

humans ofte n d o i n suc h situations . 

Respons e t o externa l  stimuli .  A s show n i n th e earlier ,  ther e ar e time s whe n E U R E KA 

canno t  solv e a  give n problem ,  eve n i f  i t  ha s al l  th e appropriat e operator s store d i n memory . 

Thi s ca n aris e becaus e th e proble m spac e i s to o larg e o r  becaus e th e appropriat e operator s 

ar e neve r  retrieve d fro m memory .  However ,  th e syste m ca n solv e thes e problem s i n th e 

presenc e o f  th e appropriat e externa l  cues .  W e teste d th e syste m wit h th e previou s difficul t 

problems ,  an d wit h a  proble m simulatin g Archimedes '  discover y o f  th e principl e o f  displace -

ment ^  (Dreistadt ,  1968) .  Durin g eac h o f  thes e problem s w e activate d usefu l  concept s i n 

long-ter m memory .  Th e activatio n fro m thes e concept s cause d th e appropriat e operator s t o 

be chose n t o solv e th e problems .  Th e syste m wa s thu s abl e t o solv e problem s i t  coul d no t 

normall y solv e withou t  cue s fro m th e environment .  W e fee l  thi s provide s a n initie d accoun t 

of  th e illuminatio n stag e o f  scientifi c  insight .  Thes e experiment s exhibi t  ho w a  perso n migh t 

be unabl e t o solv e a  proble m an d the n suddenl y discove r  a  solution . 

Discussion and Future Work 

We hav e presente d a  numbe r  o f  characteristic s o f  huma n proble m solvin g an d a  theor y 

tha t  account s fo r  them .  Thes e includ e heuristi c an d non-systemati c proble m solving ,  perfor -

mance improvement ,  Einstellung ,  an d stimulus-drive n proble m solving .  Ou r  theor y explain s 

thes e characteristic s i n term s o f  memor y retrieval .  W e hav e implemente d thi s theor y i n a 

compute r  simulatio n calle d EUREKA,  an d hav e teste d it s behavio r  i n a  numbe r  o f  situations . 

The resiilt s  o f  thes e studie s indicat e tha t  th e mode l  account s fo r  th e characteristic s w e hav e 

discussed .  W e fee l  thes e result s len d suppor t  t o ou r  explanatio n o f  huma n proble m solvin g 

i n term s o f  memor y retrieved . 

We pla n t o exten d ou r  theor y an d th e E U R E KA syste m t o accoun t  fo r  aneJogica l  proble m 

solvin g an d episode s o f  insight .  W e hav e show n tha t  spreadin g activatio n ha s certai n prop -

ertie s tha t  allo w transfe r  i n problem-solvin g behavior .  W e believ e tha t  th e sam e propertie s 

can b e exploite d t o sugges t  an d elaborat e analogica l  solution s base d o n previou s problems . 

We als o believ e tha t  w e wil l  b e abl e t o accoun t  fo r  insightfu l  problem-solvin g experience s 

lik e thos e o f  Kekule ,  Archimedes ,  an d Darwi n (Barlow ,  1959) .  Elsewher e (Langle y &  Jones , 

1988 )  w e hav e describe d insigh t  a s a  combinatio n o f  effect s fro m analog y an d memory-limite d 

proble m solving .  W e pla n t o buil d thes e idea s int o th e E U R E KA system ,  an d w e ar e hopefu l 

tha t  th e result s o f  futur e experimentatio n wil l  furthe r  suppor t  ou r  theory . 

^  I n thi s pioblem ,  th e goa l  i s t o prov e tha t  a  crow n i s mad e o f  pur e gold .  Th e solutio n metho d involve s 

determinin g th e volum e o f  th e crow n an d comparin g tha t  t o th e volum e o f  a  gol d bric k o f  th e sam e weight . 

However ,  th e crown' s volum e canno t  b e meeisure d b y meltin g i t  down ,  becaus e tha t  woul d destro y th e crown . 
Archimedes '  ke y operator ,  whic h resulte d i n th e formulatio n o f  th e principl e o f  displacement ,  wa s t o measur e 
th e volum e o f  th e crow n b y immersin g i t  i n wate r  an d measurin g th e amoun t  o f  wate r  displaced . 
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