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Abstrac t 

Eureka is a problem-solving system that operates through 
a for m o f  analogica l  reasoning .  Th e syste m wa s designe d t o 
stud y ho w relativel y low-leve l  memory ,  reasoning ,  an d learn -
in g mechanism s ca n accoun t  fo r  high-leve l  learnin g i n huma n 
proble m solvers .  Thus ,  Eureka' s desig n ha s focuse d o n is -
sues o f  memor y representatio n an d retrieva l  o f  analogies ,  a t  th e 
expens e o f  comple x problem-solvin g abilit y  o r  sophisticate d 
analogica l  elaboratio n techniques .  Tw o computationa l  system s 
fo r  analogica l  reasoning ,  A R C S / A C ME an d MAC/FAC ,  ar e 
relativel y powerfu l  an d well-know n i n th e cognitiv e scienc e lit -
erature .  However ,  the y hav e no t  addresse d issue s o f  learning , 
and the y hav e no t  bee n implemente d i n th e contex t  o f  a  per -
formanc e tas k tha t  ca n dictat e wha t  make s a n analog y "good" . 
Thus ,  i t  appear s tha t  thes e differen t  researc h direction s hav e 
much t o offe r  eac h othe r  W e describ e th e Eurek a syste m 
and compar e it s analogica l  retrieva l  mechanis m wit h thos e i n 
A R CS an d MAC/FAC .  We the n discus s th e issue s involve d i n 
incorporatin g A R C S an d M A C / F A C int o a  learnin g proble m 
solve r  suc h a s Eureka . 

We are interested in the low-level memory, learning, and 

reasonin g processe s tha t  giv e ris e t o improvemen t  i n problem-

solvin g behavio r  ove r  time .  E u r e k a i s th e problem-solvin g 

architectur e w e ar e usin g t o stud y thes e processes .  A n explici t 

assumption  withi n EUREKA' s desig n i s tha t  al l  processe s ar e 

aspect s o f  analogica l  reasoning .  I n addition ,  w e designe d th e 

syste m s o tha t  th e low-leve l  retrieva l  an d matchin g processe s 

woul d dominat e it s behavior .  Th e syste m doe s no t  posses s 

or  lear n th e type s o f  high-leve l  contro l  knowledg e foun d i n 

othe r  problem-solvin g systems .  Ou r  inten t  i s t o investigat e 

h o w muc h o f  huma n learnin g i n proble m solvin g ca n b e mod -

ele d wit h suc h low-leve l  mechanisms . 

Thi s pape r  present s a n overvie w o f  EUREKA' s architectur e 

and som e o f  th e learnin g result s i t  account s for .  W e the n tur n 

our  attentio n t o tw o well-know n analogica l  retrieva l  mech -

anism s i n th e cognitiv e scienc e literature .  A R C S (Thagard , 

Holyoak ,  Nelson ,  &  Gochfeld ,  1990 )  an d M A C / F A C (Cen -

tne r  &  Forbus ,  1991 )  mode l  psychologica l  findings  o n ana -

logica l  retrieva l  an d reasoning .  However ,  neithe r  ha s bee n 

examine d i n th e contex t  o f  a  problem-solvin g system ,  o r  i n a 

syste m tha t  learn s wit h experience .  Th e remainde r  o f  th e pa -

per  focuse s o n th e issue s o f  analogica l  retrieva l  an d learning , 

and discusse s th e possibilitie s o f  incorporatin g thes e alterna -

tiv e analogica l  retrieva l  mechanism s int o a  problem-solvin g 

system . 

Terminolog y 

Befor e continuing ,  i t  i s  wort h definin g som e term s t o avoi d 

futur e confusion .  Fo r  analogica l  reasoning ,  a  basi c uni t  o f 

knowledg e i s th e analogica l  case ,  whic h i s furthe r  decom -

pose d int o a  se t  o f  concept s an d relation s betwee n thos e con -

cepts .  Fo r  ou r  purposes ,  ever y analogica l  cas e correspond s t o 

a proble m situation .  A  proble m situatio n i s a  specifi c  se t  o f 

relation s describin g a  stat e o f  th e world ,  togethe r  wit h a  se t 

of  goa l  relation s tha t  shoul d b e achievabl e b y applyin g a  se -

quenc e o f  operator s t o tha t  state .  Not e tha t  case s i n E u r e k a 

ar e a  bi t  differen t  fro m thos e i n case-base d reasoning ,  wher e 

"case "  typicall y denote s a n entir e proble m solution .  A t  an y 

give n time ,  E u r e k a wil l  hav e a  curren t  proble m situation , 

fo r  whic h i t  mus t  decid e o n a n operato r  t o apply .  Thi s i s th e 

targe t  proble m situation .  Th e analogica l  reasonin g proces s i s 

generall y divide d int o thre e stages .  First ,  a  retrieva l  mecha -

nis m identifie s a  numbe r  o f  candidat e source s fro m th e po -

tentia l  analogie s store d i n memory .  Next ,  th e se t  o f  candidat e 

source s underg o furthe r  elaboratio n t o fill  ou t  th e potentia l 

mapping s betwee n eac h sourc e an d th e target .  Finally ,  evalu -

atio n o f  eac h candidat e sourc e determine s h o w wel l  eac h can -

didat e wil l  serv e a s a n analogica l  sourc e fo r  th e target .  Le t  u s 

no w tur n t o a  descriptio n o f  E U R E KA i n thes e terms . 

An overview of EuREKA 

Jone s (1993 )  present s th e computationa l  detail s  o f  Eureka , 

but  her e w e provid e a  genera l  overvie w o f  th e system .  Eu -

rek a adopt s a  reasonin g formulatio n cai\e d flexible  means -

ends analysi s (Jone s &  VanLehn ,  1994 ;  Langle y &  Allen , 

1991) .  A s describe d above ,  eac h proble m situatio n include s 

a curren t  worl d stat e an d a  se t  o f  goa l  condition s t o whic h th e 

stat e shoul d b e transformed .  Operato r  selectio n create s a  goa l 

t o appl y a  particula r  operato r  t o th e curren t  stat e o f  th e prob -

le m situation .  I f  th e precondition s o f  th e operato r  ca n al l  b e 

matche d t o th e curren t  state ,  th e operato r  executes ,  leadin g t o 

a ne w proble m situatio n wit h a  differen t  stat e bu t  th e sam e 

goals .  Otherwise ,  th e syste m set s u p a  ne w proble m situatio n 

wit h th e sam e curren t  state ,  bu t  wit h th e operator' s precondi -
tion s a s th e ne w goals .  E u r e k a the n treat s thi s ne w proble m 

situatio n i n a  recursiv e manner . 

The differenc e betwee n flexible  means-end s analysi s an d 

standar d means-end s analysi s (Erns t  &  Newell ,  1969 ;  Fike s 

&Nilsson ,  1971 )  i s tha t  th e flexible  for m doe s no t  requir e se -
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lecte d operator s t o appl y directl y t o th e curren t  goa l  condition s 

(i.e. ,  i t  i s  no t  necessar y tha t  th e selecte d operato r  obviousl y 

"reduc e an y differences") -  Rathe r  tha n usin g thi s heuristi c 

t o limi t  search ,  E u r e k a relie s o n it s retrieva l  an d learnin g 

mechanism s t o contro l  whic h operator s ar e suggeste d t o ap -

pl y t o an y particula r  proble m situation .  Becaus e operato r  se -

lectio n depend s o n th e entir e proble m situatio n (an d no t  jus t 

th e goals) ,  E u r e k a ca n blen d goal-drive n an d opportunisti c 

behavio r  whe n appropriate . 

Ever y tim e E u r e k a generate s a  ne w proble m situation ,  i t 

store s a  representatio n o f  th e situatio n (a s wel l  a s th e opera -

to r  th e le d t o thi s situation )  int o it s long-ter m semanti c net -

work .  Eac h objec t  an d relatio n i n a  proble m situatio n become s 

a nod e i n th e semanti c network .  I n addition ,  th e networ k 

store s node s representin g instance s o f  architecturall y define d 

concepts ,  suc h a s proble m situation s an d operators .  Item s 

ar e neve r  delete d fro m long-ter m memory ,  an d memorie s ar e 

neve r  store d i n a n abstrac t  form .  Rather ,  th e semanti c m e m-

or y store s al l  th e specifi c  proble m situation s tha t  i t  encoun -

ters .  Situation s becom e linke d togethe r  i n m e m o r y whe n the y 

shar e objects ,  relations ,  o r  objec t  types .  I f  a  particula r  con -

cep t  fro m a  proble m situatio n alread y exist s i n memory .  E u -

r e k a increase s th e trac e strength s o f  th e link s fro m th e con -

cept ,  rathe r  tha n addin g a  ne w cop y o f  th e concept . 

W h en E u r e k a i s workin g o n a  particula r  proble m situa -

tion ,  i t  mus t  selec t  a n operato r  t o appl y t o th e problem .  T o 

thi s end .  E u r e k a retrieve s a  subse t  o f  th e store d proble m 

situation s fro m long-ter m memory .  Thi s smal l  se t  o f  candi -

dat e source s i s furthe r  elaborate d an d evaluated ,  t o se e whic h 

woul d provid e th e bes t  candidat e analog y fo r  th e curren t  prob -

le m situation .  E U R E KA choose s on e candidat e stochastically , 

base d o n th e evaluatio n score ,  an d identifie s th e operato r  as -

sociate d wit h tha t  sourc e analogy .  Finally ,  th e syste m create s 

a goa l  t o appl y t o th e newl y mappe d operato r  t o th e curren t 

state . 

E u r e k a proceed s i n thi s manne r  unti l  i t  solve s th e prob -
le m o r  thecurren t  solutio n pat h fail s  (b y exceedin g a  tim e limi t 

or  detectin g a  cycl e i n th e solutio n path) .  U p o n failure ,  E U -

REKA doe s no t  hav e th e luxur y o f  backtracking ,  whic h woul d 

allo w th e syste m t o searc h th e proble m spac e systematicall y 

and possibl y exhaustively .  Rather ,  E U R E KA begin s th e prob -

le m ane w fro m th e initia l  proble m situation .  Th e inabilit y  t o 

backtrac k systematicall y greatl y hinder s th e system' s abilit y 

t o solv e problems ,  bu t  w e fee l  tha t  thi s i s a  psychologicall y 

plausibl e limitation .  Th e limitatio n als o place s furthe r  impor -

tanc e o n effectiv e learning . 

The combinatio n o f  EUREKA ' s learnin g mechanism s an d 

it s stochasti c selectio n proces s encourag e th e syste m t o ex -

plor e alternativ e solutio n path s o n subseqen t  attempt s t o solv e 

a problem .  However ,  ther e i s n o guarante e tha t  a  previou s 

searc h wil l  no t  b e duplicated .  I f  th e syste m fail s t o find  a  solu -
tio n afte r  a  prese t  numbe r  o f  attempt s (5 0 i n ou r  experiments) , 

i t  abandon s th e proble m completely . 

Analogical retrieval in EUREKA 

Eureka ' s analogica l  reasone r  incorporate s tw o stages .  Th e 

Tabl e 1 :  E u r e k a ' s algorith m fo r  spreadin g activation . 

Let ACTIVATION_THRESHOLD be 0.01; 

Le t  DAMPING_FACTOR b e 0.4 ; 

Le t  INITIAL_ACTIVATIO N b e 1.0 ; 

SPREAD_INIT(Source) 

SPREAD(Source,INITIAL_ACTIVATION,NIL ) 

SPREAD(Source,Value,Path) 

I f  (Valu e <  ACTIVATION_THRESHOLD)  o r 

Sourc e i s i n Pat h 

The n EXI T 

Els e Increas e Source.Activatio n 

by Value ; 

For  eac h lin k X  fro m Sourc e 

Le t  Targe t  b e th e nod e 

connecte d t o Sourc e b y X ; 

Le t  Newvalu e b e 

SPREAD_VALUE(Source,X,Value ) 

*  DAMPING_FACTOR; 

PUSH Sourc e ont o Path ; 

SPREAD(Target,Newvalue,Path ) 

SPREAD_VALUE(Source,Link,Value) 

Le t  Tota l  b e 0 ; 

For  eac h lin k X  fro m Sourc e 

I f  X  ha s th e sam e typ e a s Lin k 
The n Increas e Tota l 

by X.trace_strength ; 

Retur n Valu e * 

(Link.trace_strengt h /  Total ) 

first  retrieve s a  se t  o f  candidat e sourc e proble m situation s 

fro m memory .  Th e secon d involve s a  relativel y expensiv e 
computatio n t o elaborat e th e mappin g betwee n eac h candidat e 

sourc e an d th e targe t  proble m situation .  Becaus e th e elabora -

tio n proces s i s s o expensive ,  i t  i s importan t  tha t  th e cheape r 
retrieva l  proces s retur n a  relativel y smal l  se t  o f  candidates . 

However ,  th e syste m mus t  als o d o wha t  i t  ca n t o mak e sur e 

i t  doe s no t  mis s goo d candidate s i n memory .  I n EUREKA,  w e 

have focuse d o n th e retrieva l  phase ,  t o analyz e ho w change s i n 

retrieva l  pattern s ca n lea d t o higher-leve l  change s i n proble m 

solving . 

As mentione d above ,  EUREKA store s i n it s semanti c net -

wor k a n episodi c memor y o f  ever y proble m situatio n i t  en -

counters .  Retrieva l  i s implemente d a s a  spreading-activatio n 

proces s simila r  t o tha t  foun d i n A C T (e.g. ,  Anderson ,  1976) . 

Each nod e i n th e representatio n o f  th e targe t  proble m situatio n 

becomes a  sourc e o f  activation ,  whic h the n spread s t o othe r 

nodes accordin g t o th e strength s o f  th e link s t o thos e nodes . 

The activatio n algorith m appear s i n Tabl e 1 . 

Afte r  th e sprea d o f  activatio n terminates ,  EUREKA check s 

th e "top-level "  nod e fo r  eac h proble m situatio n store d i n 
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memory.  Thi s nod e contain s a  uniqu e nam e fo r  th e proble m 

situatio n an d ha s link s t o al l  th e node s representin g relation s 

i n th e proble m situation .  Th e proble m situatio n whos e top -

leve l  nod e ha s th e highes t  leve l  o f  activatio n become s a  candi -

dat e source .  I n addition ,  an y othe r  proble m situatio n become s 

a candidat e sourc e i f  it s  top-leve l  nod e ha s a t  leas t  on e percen t 

of  th e leve l  o f  activatio n o f  th e stronges t  source . 

Learning in Eureka 

As Tabl e 1  indicates ,  th e activatio n tha t  spread s fro m a  sourc e 

node ,  i ,  t o anothe r  node ,  j ,  depend s o n th e numbe r  o f  node s 

t o whic h i  i s linke d (becaus e activatio n i s divide d amon g link s 

of  th e sam e type) ,  a s wel l  a s th e strengt h o f  th e lin k betwee n ? 

and j .  Thi s highlight s a n importan t  aspec t  o f  th e retrieva l  pro -

ces s withi n Eureka .  Tha t  is ,  th e sprea d o f  activatio n (and , 

therefore ,  pattern s o f  retrieval )  ca n chang e fo r  primaril y tw o 

reasons :  ne w node s an d link s bein g adde d t o memory ,  an d 

change s i n lin k strengths .  I t  follow s tha t  thes e ar e th e tw o 

ways tha t  learnin g ca n chang e behavio r  i n EUREKA. 

Thus ,  on e wa y i n whic h E u r e k a learn s i s simpl y b y 

addin g ne w experience s b y rot e int o memory .  Becaus e 

spreadin g activatio n i s a  competitiv e process ,  introducin g 

more competitor s int o memor y ca n chang e wha t  get s retrieve d 

i n th e future .  However ,  simpl y addin g experience s t o memor y 

wil l  no t  necessaril y  improv e problem-solvin g behavior ,  whic h 

i s wha t  w e reall y want .  Therefore ,  E u r e k a als o change s it s 

behavio r  b y updatin g lin k trac e strengths .  W h e n th e syste m 

solve s a  particula r  targe t  proble m situation ,  i t  check s whic h 

sourc e analo g wa s use d t o hel p solv e th e problem .  Th e syste m 

the n strengthen s th e link s betwee n th e targe t  proble m situatio n 

and th e successfull y applie d analogica l  situation .  Not e tha t 

a proble m presente d t o E U R E KA generall y involve s a  se t  o f 

proble m situations ,  s o E U R E KA ca n lear n abou t  solve d prob -

le m situations ,  eve n i f  th e attemp t  t o solv e th e globa l  prob -

le m fails .  I n th e lon g run ,  store d proble m situation s tha t  hel p 

solv e ne w proble m situation s becom e strongl y connecte d t o 

th e proble m situation s tha t  the y hel p solve .  Thus ,  the y "soa k 

up "  mor e activatio n fro m futur e proble m situations ,  an d be -

come mor e easil y retrieved . 

I t  i s  als o worthwhil e t o not e tha t  E u r e k a require s it s learn -

in g mechanis m t o b e nois e tolerant .  Becaus e operato r  selec -

tio n i s base d o n th e curren t  structur e o f  memor y an d th e sys -

te m canno t  systematicall y backtrack ,  a  searc h pat h tha t  lead s 

t o failur e no w ma y tur n int o a  successfu l  pat h later .  E U R E KA 

migh t  fai l  simpl y becaus e i t  doe s no t  "remember "  o r  retriev e 

th e appropriat e operato r  i n a  particula r  situation .  A s th e sys -

te m gather s experience ,  i t  ma y lear n t o retriev e suc h opera -

tors ,  turnin g ba d searc h path s int o goo d ones . 

Qualitative behaviors exhibited by Eureka 

Tabl e 2  present s VanLehn' s (1989 )  lis t  o f  a  numbe r  o f  robus t 

qualitativ e result s tha t  hav e bee n observe d i n human s learnin g 

t o solv e problems .  E U R E KA addresse s thes e issue s t o vary -

in g degrees .  Jone s an d Langle y (1994 ;  Jones ,  1989 )  presen t 

a numbe r  o f  detaile d experiment s wit h E U R E KA tha t  addres s 

thes e results .  Du e t o a  lac k o f  space ,  w e wil l  no t  presen t  th e 

Tabl e 2 :  Robus t  learnin g behavior s identifie d i n huma n prob -

le m solver s (VanLehn ,  1989) . 

1 .  S u b j e c t s r e d u c e the i r  ve rba l i za t i on s 

o f  tas k ru le s a s the y b e c o m e mor e 

e x p e r i e n c e d w i t h p r a c t i c e . 

2 .  I m p r o v e m e n t  o c c u r s q u i c k l y i n 

k n o w l e d g e - l e a n d o m a i n s . 

3 .  T h e r e i s a  p o w e r - l a w re l a t i onsh i p 

b e t w e e n th e spee d o f  p e r f o r m a n c e o n 

p e r c e p t u a l - m o t o r  sk i l l s  (an d 

p o s s i b l y p r o b l e m - s o l v i n g sk i l l s )  an d 

th e n u m b e r  o f  p r a c t i c e t r i a l s . 

4 .  P r o b l e m i somorph s d o no t  becom e mor e 

d i f f i c u l t  s imp l y b y chang in g sur fac e 

f ea tu re s o f  th e p r o b l e m s . 

5 .  O t h e r  r e p r e s e n t a t i o n change s ca n 

m a ke p r o b l e m i somorph s subs tan t ia l l y 

m o r e d i f f i c u l t . 

6.  T h e r e i s a s y m m e t r i c t r ans fe r  be twee n 

task s w h e n on e tas k subsume s 

a n o t h e r . 

7 .  N e g a t i v e t r a n s f e r  i s r a r e . 

8 .  "Set "  e f f e c t s (o r  E ins te l l ung )  ca n 

lea d t o n e g a t i v e t r ans fe r . 

9.  S p o n t a n e o u s n o t i c i n g o f  a  po ten t ia l 

a n a l o g y i s r a r e . 

1 0 .  S p o n t a n e o u s n o t i c i n g i s base d o n 

supe r f i c i a l  f e a t u r e s . 

detail s her e s o w e ca n discus s othe r  issues .  EUREKA' s re -

trieva l  an d learnin g method s directl y accoun t  fo r  mos t  o f  th e 

behavior s identifie d b y VanLehn .  Behavior s 1  an d 3  requir e 

a bi t  o f  extr a interpretation ,  an d ar e no t  modele d a s wel l  a s 

th e others .  I n general ,  th e result s indicat e tha t  thes e type s o f 

learnin g ca n indee d aris e fro m rathe r  low-leve l  processes . 

Ther e ar e othe r  model s o f  analogica l  proble m solvin g (e.g. , 

Hammond,  1986 ;  Velos o &  Carbonell ,  1993) ,  whic h rel y o n 

indexin g method s fo r  analogica l  retrieval ,  an d generall y fo -

cus o n learnin g an d reasonin g a t  a  highe r  architectura l  leve l 

tha n Eureka .  I n contrast ,  ther e ar e othe r  analogica l  mecha -

nism s tha t  shar e Eureka' s spiri t  i n modelin g analogica l  rea -

sonin g a s a  relativel y low-leve l  memor y process .  Th e follow -

in g sectio n discusse s tw o o f  th e mor e well-know n model s o f 

thi s type . 

Learning to solve problems with ARCS and 

MAC/FAC 

A R CS (Thagar d e t  al. ,  1990 )  an d M A C / F A C (Centne r  &  For -

bus ,  1991 )  ar e th e analogica l  retrieva l  algorithm s associate d 

wit h tw o relativel y well-know n an d sophisticate d system s fo r 

analogica l  elaboratio n an d evaluation :  A C M E (Holyoa k & 

Thagard ,  1989 )  an d S M E (Falkenhainer ,  Forbus ,  &  Centner , 

1989) .  I t  i s  attractiv e t o conside r  incorporatin g thes e sys -
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tem s int o a  learning ,  problem-solvin g architectur e suc h a s 

Eu reka .  W e fee l  suc h a n attemp t  coul d benefi t  researc h o n 

bot h sides .  O n th e on e hand ,  Eureka ' s analogica l  mecha -

nism s hav e bee n use d t o mode l  huma n learnin g i n proble m 

solving ,  bu t  i t  i s questionabl e whethe r  the y ca n mode l  som e 

of  th e psychologica l  finding s o n analogica l  retrieva l  an d eval -

uatio n (e.g. ,  Gic k &  Holyoak ,  1983) .  O n th e othe r  hand , 

A R C S / A C ME an d M A C / F A C hav e bot h bee n demonstrate d 

on th e retrieva l  an d evaluatio n results ,  bu t  the y hav e s o fa r 

been use d t o mode l  analogica l  retrieva l  i n relativ e isolatio n 

fro m othe r  tasks .  Althoug h bot h system s hav e built-i n no -

tion s o f  wha t  make s a  goo d analogy ,  i t  i s sometime s difficul t 

t o judg e wh y othe r  potentia l  analog s o r  mapping s migh t  no t 

be bette r  i n particula r  situations .  A  proble m solve r  provide s 

a contex t  b y whic h t o judg e th e qualit y o f  analogie s mor e ob -

jectively :  A  goo d analog y i s on e tha t  help s solv e a  problem . 

I n addition ,  ou r  wor k wit h E U R E KA ha s focuse d o n h o w ana -

logica l  reasonin g ca n adap t  wit h experience ,  bu t  th e tw o othe r 

system s hav e s o fa r  no t  incorporate d mechanism s fo r  chang -

in g thei r  behavio r  ove r  time .  Th e remainde r  o f  thi s pape r  dis -

cusse s th e issue s w e forese e i n incorporatin g th e A R C S an d 

M A C / F AC retrieva l  mechanism s int o a  problem-solvin g sys -
te m tha t  learns .  First ,  le t  u s provid e a  quic k overvie w o f  th e 

A R CS an d M A C / F A C retrieva l  methods . 

Retrieval with ARCS 

A R CS divide s th e retrieva l  proces s int o tw o stages ,  beginnin g 

wit h a  tabl e look-u p fo r  eac h concep t  i n th e target .  Thi s tabl e 

provide s a  lis t  o f  al l  th e concept s i n memor y tha t  ar e immedi -

atel y relate d t o a  concep t  (e.g. ,  b y subordinate ,  superordinate , 

or  part-o f  relationships) .  A R C S the n consider s retrievin g an y 

sourc e tha t  include s a t  leas t  on e o f  th e collectio n o f  concept s 
relate d t o th e target .  Thi s happen s b y creatin g a  constrain t  net -

wor k o f  possibl e concep t  matches ,  linke d togethe r  b y excita -

tor y an d inhibitor y links .  A R C S onl y set s u p matc h hypothe -

ses betwee n semanticall y simila r  concept s (fro m th e look-u p 

table) .  Mor e complet e matc h hypothese s ar e save d fo r  th e 
more expensiv e A C M E matcher .  I n addition ,  specia l  node s 

ar e create d t o lin k concept s tha t  hav e bee n marke d a s impor -

tan t  i n variou s ways .  Finally ,  activatio n spread s throughou t 

th e networ k unti l  th e networ k settles .  Eac h candidat e sourc e 

receive s a  retrieva l  score ,  compute d fro m th e activatio n o f 

th e concept s i n th e source .  I t  i s  no t  clear ,  however ,  tha t  th e 
A R CS syste m make s a  distinctio n betwee n candidat e source s 

tha t  "ar e retrieved "  vs .  thos e tha t  ar e not . 

Retrieval with MAC/FAC 

M A C / F A C'  take s quit e a  differen t  approac h t o retrieval . 

M AC compute s a  conten t  vecto r  fo r  eac h sourc e store d i n 

memory.  Th e conten t  vecto r  ignore s concept s tha t  represen t 

simpl e objects ,  an d record s th e numbe r  o f  occurrence s o f  eac h 

concep t  tha t  ca n tak e othe r  concept s a s argument s (e.g. ,  rela -
tion s an d functions) .  Thi s require s M A C t o k n o w th e entir e 

'Not e tha t  M A C correspond s t o th e analogica l  retrieva l  mecha -
nism ,  whil e FA C i s th e mor e expensiv e elaboratio n an d evaluatio n 
algorithm . 

spac e o f  suc h concept s ahea d o f  time .  M A C the n similarl y 

compute s a  conten t  vecto r  fo r  th e targe t  o f  th e analogy .  Th e 

retrieva l  scor e fo r  eac h potentia l  sourc e i s compute d a s th e do t 

produc t  o f  th e source' s conten t  vecto r  wit h th e target' s conten t 

vector .  Thi s give s a n estimat e o f  th e degre e t o whic h relation s 

ar e share d betwee n th e targe t  an d eac h source ,  an d i t  i s  ver y 

quic k t o compute .  Th e sourc e wit h th e larges t  do t  produc t  i s 

marke d a s a  retrieve d candidate .  I n addition ,  an y othe r  sourc e 

wit h a  dot-produc t  valu e o f  a t  leas t  1 0 % o f  th e highes t  valu e 

i s retrieved . 

Changes in retrieval as knowledge increases 

Havin g a  fee l  fo r  h o w A R C S an d M A C / F A C work ,  le t  u s tur n 

our  attentio n t o h o w thei r  behavio r  migh t  adap t  wit h experi -

ence .  W e hav e stresse d tha t  ou r  primar y focu s i n E U R E KA 

i s o n h o w learnin g ca n chang e retrieva l  patterns ,  leadin g t o 

large r  change s i n problem-solvin g behavior .  Thus ,  i t  i s mos t 

importan t  fo r  u s t o examin e th e type s o f  event s tha t  allo w E u -

reka' s retrieva l  mechanis m t o learn ,  an d h o w the y woul d ap -

pl y t o M A C / F A C o r  A R C S .  Le t  u s first  conside r  h o w th e mer e 

storag e o f  ne w experience s ca n influenc e retrieval .  Ther e ar e 

tw o aspect s o f  performanc e t o examin e whe n th e knowledg e 

bas e increase s i n size .  First ,  ne w knowledg e ma y chang e th e 

tim e i t  take s fo r  th e retrieva l  algorith m t o execute .  Second , 

th e resultin g se t  o f  candidat e source s ma y chang e a s ne w po -

tentia l  source s ar e adde d t o memory . 

Takin g th e first  issue ,  EUREKA' s spreading-activatio n 

mechanis m perform s a  limite d searc h throug h memory ,  an d 

many portion s o f  memor y (thos e distan t  fro m th e targe t  con -

cepts )  wil l  b e completel y ignore d b y th e retrieva l  process . 

Jone s (1989 ,  1993 )  ha s demonstrate d empiricall y an d analyti -

call y tha t  Eureka ' s for m o f  spreadin g activatio n take s a  con -

stan t  amoun t  o f  tim e relativ e t o th e siz e o f  memory ,  eve n whe n 

implemente d a s a  seria l  algorithm .  O n th e othe r  hand ,  th e 

specifi c  representatio n o r  "shape "  o f  memor y ca n sometime s 

hav e a  significan t  impac t  o n retrieva l  time .  Thi s i s a n impor -

tan t  issue ,  relate d t o th e utilit y  proble m (Minton ,  1988 )  i n ma -

chin e learning .  I t  woul d no t  b e desirabl e fo r  a  syste m t o slo w 

down merel y becaus e it s memor y i s growing .  However ,  bot h 

A R CS an d M A C / F A C ar e guarantee d t o tak e longe r  a s ne w 
analogica l  source s ar e adde d t o memory ,  becaus e the y bot h 

examin e ever y potentia l  sourc e a s par t  o f  th e retrieva l  pro -

cess .  Thi s mean s tha t  processin g i s a t  leas t  linearl y relate d t o 

th e numbe r  o f  potentia l  sourc e analog s i n memory .  A R C S in -

clude s a n eve n mor e expensiv e constructio n o f  th e constrain t 

network ,  whic h depend s o n th e numbe r  o f  source s tha t  includ e 

concept s simila r  t o thos e i n th e target .  Thagar d e t  al .  (1990 ) 

propose ,  however ,  tha t  muc h o f  thei r  algorith m ca n execut e 

i n parallel ,  s o tim e wil l  b e constan t  i f  w e assum e a n arbitrar y 

number  o f  processor s (on e pe r  potentia l  sourc e store d i n m e m-

ory) .  Presumabl y th e sam e i s tru e o f  M A C / F A C . 

Let  u s nex t  conside r  h o w th e mer e additio n o f  case s t o th e 

knowledg e bas e ca n chang e retrieva l  patterns .  N e w proble m 

situation s i n Eureka ' s memor y impl y ne w competitor s fo r 

activation .  Thus ,  i f  a  newl y store d situatio n share s concept s 

wit h othe r  proble m situations ,  activatio n level s necessaril y 
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change .  I n contrast ,  M A C / F A C independentl y associate s a 

conten t  vecto r  an d retrieva l  scor e wit h eac h store d situation . 

Th e retrieva l  scor e ha s absolutel y nothin g t o d o wit h othe r 

store d cases .  Thus ,  addin g ne w case s wil l  hav e a  limite d im -

pac t  o n th e se t  o f  retrieve d candidat e sources .  Becaus e th e 

retrieva l  threshol d i s base d o n a  percentag e o f  th e highest -

value d retrieva l  item ,  a  newl y store d proble m situatio n ca n 

onl y significantl y chang e retrieva l  pattern s i n th e case s wher e 

i t  receive s th e highes t  retrieva l  score . 

A R CS use s a n activatio n proces s tha t  i s inherentl y com -

petitiv e lik e Eureka's .  Thus ,  th e fina l  retrieva l  value s fo r 

eac h candidat e sourc e ca n certainl y chang e a s memor y grows . 

Law,  Forbus ,  an d Gentne r  (1994 )  showe d tha t  increasin g th e 

number  o f  case s ca n b e quit e detrimenta l  t o A R C S ,  bu t  di d 

not  adversel y affec t  M A C / F A C ' s behavior .  Presumably ,  sim -

ila r  detrimenta l  effect s woul d b e see n i n Eureka ' s retrieva l 

mechanis m a s case s begi n t o compet e wit h eac h other .  O n th e 

othe r  hand .  E u r e k a (an d mos t  likel y A R C S )  ca n als o ben -

efi t  fro m th e additio n o f  appropriat e knowledge .  M A C / F A C 

ca n onl y benefi t  i n th e sens e tha t  i t  m a y hav e a  ne w cas e t o 

retrieve ,  bu t  i t  canno t  benefi t  i n an y competitiv e sense .  Thus , 

we interpre t  Law ,  Forbus ,  an d Centner' s resul t  no t  a s a  con -

demnatio n o f  competitiv e retrieva l  algorithms ,  bu t  a s furthe r 

evidenc e o f  th e importanc e o f  associatin g a  learnin g metho d 

wit h retrieval . 

T\ining retrieval with experience 

Th e secon d aspec t  o f  learnin g ha s t o d o wit h tunin g th e 

retrieva l  proces s t o improv e an d focu s itsel f  wit h experi -

ence .  Again ,  E u r e k a achieve s thi s b y increasin g lin k trac e 

strength s associate d wit h store d proble m situation s whe n the y 

ai d i n th e solutio n o f  ne w proble m situations .  Wit h appro -

priat e experiences ,  th e syste m wil l  eventuall y retriev e fewe r 

items ,  bu t  the y wil l  hav e highe r  estimate d quality .  N o n e o f 

th e presentation s o f  A R C S o r  M A C / F A C hav e addresse d th e 

issu e o f  learning .  Thus ,  rathe r  tha n comparin g learnin g mech -

anisms ,  w e ar e fre e t o hypothesiz e th e type s o f  learnin g mech -

anism s tha t  migh t  b e amenabl e t o A R C S an d M A C / F A C . 

A R CS ha s a  competitiv e activation-base d retrieva l  mecha -

nism ,  s o i t  i s  temptin g t o assum e tha t  i t  woul d benefi t  fro m a 

learnin g mechanis m simila r  t o Eureka 's .  However ,  i t  i s  im -

portan t  t o not e tha t  activatio n spread s throug h a  ver y differen t 

typ e o f  networ k i n eac h case .  Eureka ' s semanti c networ k 

i s a  long-ter m structur e encodin g th e representatio n o f  prob -

le m situation s an d th e relation s an d object s the y share .  I n con -

trast ,  th e constrain t  network s i n A R C S ar e constructe d ane w 

eac h tim e a  targe t  i s  presented ,  an d represen t  potentia l  way s t o 

matc h th e concept s i n eac h sourc e t o th e concept s i n th e tar -

get .  Despit e thes e differences ,  ther e stil l  seem s t o b e som e po -

tentia l  t o alterin g lin k strength s i n A R C S .  S o m e lin k strength s 

ar e fixed  measure s o f  th e degre e o f  similarit y betwee n differ -

entl y relate d concept s (e.g. ,  synonym s hav e a  similarit y valu e 

of  0.6 ,  superordinate s a  valu e o f  0.3 ,  an d subordinate s a  valu e 

of  0.2) .  Ther e doe s no t  see m t o b e an y reaso n i n principl e 

tha t  thes e similarit y measure s coul d no t  b e learne d fo r  specifi c 

concep t  pairs ,  rathe r  tha n fixed  b y thes e abstrac t  types .  Thi s i s 

an attractiv e option ,  becaus e i t  woul d allo w a  mor e pragmati c 

vie w o f  similarit y tha t  adapt s t o problem-solvin g experience , 

rathe r  tha n requirin g a  fixed  tabl e o f  similaritie s t o b e provide d 

t o th e system .  I n addition ,  A R C S give s extr a strengt h t o con -

cept s tha t  ar e marke d a s "important "  an d mapping s tha t  ar e 

marke d a s "presumed" .  Thes e mark s ar e specifie d an d fixed 

befor e retrieva l  begins .  O n e o f  th e benefit s o f  a  performanc e 

task ,  suc h a s proble m solving ,  i s  tha t  i t  i s  possibl e t o induc e 

importan t  concept s ove r  time .  Perhap s suc h a n inductio n al -

gorith m coul d us e experienc e t o adap t  th e measur e o f  "impor -

tance "  o f  concept s ove r  time . 

M A C / F AC i s anothe r  stor y entirely ,  becaus e i t  doe s no t 

shar e th e notio n o f  competitio n betwee n candidat e analogi -

cal  sources .  A s w e hav e mentione d above ,  retrieva l  compu -

tation s ar e independen t  fo r  eac h target-sourc e pair .  However , 

th e on e thin g tha t  i s  c o m m o n acros s candidat e source s i s th e 

algorith m fo r  computin g th e conten t  vector .  W h e n construct -

in g th e vector ,  M A C / F A C count s eac h occurrenc e o f  ever y 

feature .  Thes e count s coul d instea d b e weighte d b y param -

eter s fo r  eac h feature ,  whic h woul d b e tune d wit h experience . 

Ther e i s a  potentiall y  mor e interestin g alternativ e fo r  learn -

ing .  I t  almos t  seem s tha t  ther e i s a  built-i n assumptio n t o 

M A C / F A C:  change s i n analogica l  retrieva l  shoul d onl y aris e 

throug h a  reformulatio n o f  th e representatio n o f  th e source s 

and targets .  I t  i s  no t  clea r  whethe r  th e creator s o f  M A C / F A C 

inten d thi s t o b e a  fixed,  architectura l  constraint ,  bu t  i t  i s  cer -

tainl y interestin g t o vie w i t  tha t  way .  I n thi s case ,  th e onl y 

way fo r  M A C / F A C t o tun e it s retrieva l  pattern s woul d b e 

fo r  i t  t o chang e th e representatio n o f  it s  store d cases .  Thes e 

change s woul d b e base d o n knowledg e o f  h o w th e retrieva l 

scorin g mechanis m works ,  an d woul d b e designe d t o awar d 

usefu l  candidat e source s highe r  score s i n futur e simila r  situ -

ations .  I t  i s  no t  clea r  t o u s wha t  th e detail s o f  suc h a  mecha -

nis m woul d be .  However ,  i t  woul d provid e a  pragmati c ap -

proac h t o changin g representatio n withi n a  cognitiv e agent . 

The agen t  woul d chang e it s representation s i n respons e t o 

problem-solvin g succes s (o r  failure) ,  an d woul d chang e the m 

i n suc h a  wa y a s t o improv e futur e behavior . 

Summary 

E u r e k a provide s a  mode l  o f  analogica l  retrieva l  i n proble m 

solving .  I n addition ,  i t  incorporate s a  learnin g mechanis m tha t 

focuse s o n tunin g th e retrieva l  o f  candidat e analogica l  source s 

fro m memory .  Thes e relativel y low-leve l  mechanism s giv e 

ris e t o large r  qualitativ e change s i n problem-solvin g behav -

ior .  W e hav e use d th e E U R E KA mode l  t o explai n th e primar y 

learnin g effect s tha t  hav e bee n identifie d i n huma n proble m 

solvers .  Becaus e th e syste m include s a  memory-base d mech -

anis m fo r  th e retrieva l  o f  analogies ,  i t  i s  natura l  t o compar e 

thi s mechanis m t o A R C S an d M A C / F A C ,  tw o well-know n 

retrieva l  mechanism s i n th e cognitiv e scienc e literature .  W e 

hav e use d th e lesson s learne d fro m buildin g E U R E KA t o guid e 

our  analysi s o f  h o w A R C S an d M A C / F A C woul d fit  int o th e 

contex t  o f a  performanc e tas k (proble m solving )  wher e learn -

in g ca n an d shoul d tak e place .  E u r e k a demonstrate s tha t 

low-leve l  mechanism s ca n hav e a  significan t  impac t  o n high -
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leve l  behavior .  I t  wil l  b e interestin g t o se e wha t  qualitativ e 

difference s aris e i n learnin g proble m solver s tha t  incorporat e 

th e A R C S o r  M A C / F A C algorithms . 
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