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Abstrac t 

Current theories and supporting simulations of similarity-
base d retrieva l  disagre e i n thei r  proces s mode l  o f  semanti c 
similarit y decisi(Xis .  W e compar e tw o curren t  computationa l 
simulation s o f  similarity-base d retrieval ,  M A C / F A C an d 
ARCS,  wit h particula r  attentio n t o th e semanti c similarit y 
model s use d i n each .  Fou r  experiment s ar e presente d 
comparin g th e performanc e o f  thes e simulation s o n a 
common se t  o f  representations .  Th e result s sugges t  tha t 
MAC/FAC,  wit h it s identicality-base d ccmstrain t  o n semanti c 
similarity ,  provide s a  bette r  accoun t  o f  retrieva l  tha n ARCS, 
wit h it s  similarity-tabl e base d mode l 

1.  Introductio n 

How does a pendulum remind us of a spring, or even of 
anothe r  pendulum ? Thi s pape r  compare s tw o recen t 
simulation s o f  ho w suc h reminding s com e about :  A R C S 
(Thagard .  Holyoak ,  Nelso n &  Gochfeld ,  1990 )  an d 
M A C / F AC (Centner ,  1989 ;  Centne r  &  Forbus ,  1991 ,  i n 
preparation ;  Centner ,  Ratterman n &  Forbus ,  1993) .  Bot h 
model s attemp t  t o predic t  th e fac t  tha t  similarity-base d 
retrieva l  i s  strongl y influence d b y surfac e similarit y an d 
weakl y sensitiv e t o structura l  consistency .  Th e proces s 
shoul d typicall y retriev e literall y simila r  matches ,  ofte n 
retriev e surface-simila r  matches ,  an d occasionall y retriev e 
purel y analogou s matche s (Centner ,  Ratterman n &  Forbus , 
1993 ;  Cic k &  Holyoak ,  1980 ,  1983 ;  Wharton ,  Holyoak , 
Downing ,  Lang e an d Wickens ,  1991 ,  i n preparation) . 

Sectio n 2  reviews  M A C / F A C an d A R C S .  Sectio n 3 
describe s fou r  computationa l  experiment s i n whic h w e 
compar e M A C / F A C an d A R C S .  Sectio n 4  summarize s th e 
results . 

2. Review of MAC/FAC and ARCS 

MAC/FAC: MAC/FAC (for "Many are called but few are 
chosen" )  use s a  two-stag e retrieva l  process .  Th e first  stag e 
( M A C)  i s a  "wide-net "  stag e i n whic h a  crude , 
computationall y cheap ,  matc h proces s i s use d t o par e dow n 
th e vas t  se t  o f  memor y item s int o a  smal l  se t  o f  candidate s 
fo r  mor e expensiv e processing .  Th e secon d stag e (FAC ) 
uses S M E i n litera l  similarit y mod e t o appl y structura l 
constraint s t o selec t  on e (o r  a  few )  bes t  matches . 

Figur e 1  summarize s th e M A C / F A C algorithm .  Th e 
M AC stag e opoate s wit h conten t  vectors ,  a  vecto r 
representatio n automaticall y compute d fro m structure d 
representations .  Eac h componen t  o f  a  conten t  vecto r 
represent s th e relativ e numbe r  occurrence s o f  a  particula r 
predicat e i n th e correspondin g structure d representation . 
Thu s th e do t  produc t  o f  tw o conten t  vectw s yield s a n 
estimat e o f  ho w likel y thei r  correspondin g structure d 
representation s wil l  matc h usin g S M E .  Cive n a  probe ,  it s 
conten t  vecto r  i s compute d an d it s do t  produc t  take n wit h 
ever y ite m i n memory .  Th e outpu t  o f  th e M A C stag e i s th e 
ite m wit h th e highes t  do t  product ,  alon g wit h everythin g 
els e withi n 1 0 % o f  i t 

The F A C stag e use s S M E t o calculate ,  i n parallel ,  a 
structura l  alignmen t  o f  eac h ite m retrieve d b y M A C wit h 
th e probe .  Sinc e M A C i s sensitiv e onl y t o predicat e overia p 
whil e F A C i s sensitiv e t o structure ,  F A C wil l  rejec t  muc h 
of  M A C ' S output .  However ,  M A C ' S pre-filterin g 
minimize s th e numbe r  o f  structura l  alignment s t o b e 
computed . 

ARCS: The ARCS algorithm is shown in Figure 2. 
A R CS use s a  localis t  connectionis t  networ k t o ^p l y 
semantic ,  structural ,  an d pragmati c constraint s t o selectin g 
item s fro m memory .  Th e initia l  stag e use s semanti c 
similarit y t o selec t  a  subse t  o f  memor y ove r  whic h t o buil d 
a matchin g network .  Th e notio n o f  semanti c similarit y i s 

Cive n a  databas e M o f  m e m o r y item s II..In ,  an d a  prob e 

P, 
1.  [^fA C stag e J  I n parallel ,  fo r  eac h ite m I  i n M 

comput e th e do t  produc t  o f  th e conten t  vector s fo r  I 
and P .  Retur n a s outpu t  th e m a x i m u m an d ever y 

ite m whos e scor e i s withi n p l % o f  i t 
2.  [ F A C stag e J  I n parallel ,  fo r  eac h ite m I  i n th e M A C 

output ,  ru n S M E wit h I  a s th e bas e an d P  a s th e 
targe t  Th e F A C scor e fo r  eac h pai r  i s  th e structura l 

evaluatio n scor e o f  th e highest -  ranke d mapping . 

Th e top-scorin g match ,  plu s an y other s withi n p 2 % 

of  it ,  ar e ou^ut . 
(Typicall y p i  =  p 2 =  1 0 % ) 

Figur e 1 :  T h e M A C / F A C aigorith m 
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Give n a  poo l  o f  memcMy item s II..I n an d a  prob e P : 

1.  Fo r  eac h ite m li ,  includ e i t  i n a  matchin g networ k i f 

ther e ar e an y predicate s i n l i  tha t  ar e semanticall y 

simila r  t o a  predicat e i n P .  Th e matchin g networ k 

implement s semanti c an d structura l  constraints . 

2.  Creat e inhibitor y link s betwee n unit s representing 

competin g retrieva l  hypotheses ,  t o ensur e 

competitiv e retrieval. 

3.  Instal l  pragmati c constraint s b y creatin g excitatw y 

link s betwee n a  specia l  pragmati c nod e an d ever y 

predicat e marice d b y th e use r  a s important . 

4.  R u n th e networ k unti l  i t  settles . 

Figur e 2 :  T h e A R C S algorith m 

based on WoniNet (MiUer. Fellbaum, Kegl. & Miller, 
1988) ,  a  psycholinguisti c databas e o f  word s an d lexica l 
concepts .  Sinc e Thagar d e t  al .  dra w th e majorit y o f  thei r 
[Medicat e vocabular y fro m WordNet ,  th e existenc e o f  lexica l 
relationships  betwee n word s i s use d t o sugges t  tha t  thei r 
coireqrandin g predicate s ar e semanticall y similar . 

Most  o (  th e wori c i n A R C S i s carrie d ou t  b y th e 
constrain t  satisfactio n networic ,  whic h provide s a n elegan t 
mechanis m fo r  integratin g th e disparat e constraint s tha t 
Thagar d e t  al .  postulat e a s importan t  t o retrieval.  Th e us e 
of  competitio n i n retrieval  i s  designe d t o reduc e th e numbe r 
of  candidate s retrieved.  Usin g pragmati c informatio n 
provide s a  mean s fo r  th e system' s goal s t o affec t  th e 
retrieva l  process . 

Afte r  th e netwoii c settles ,  a n orderin g ca n b e place d o n 
node s representing retrieval  hypothese s base d o n thei r 
activation .  Unfortunately ,  w e hav e no t  bee n abl e t o identif y 
a fcMina l  criterio n b y whic h a  subse t  o f  thes e retrieval 
hypothese s ar e considere d t o b e wha t  i s retrieve d b y A R C S . 
I n th e experiment s belo w w e mainl y focu s o n th e subse t  o f 
retrieval  node s mentione d b y Thagar d e t  al .  i n thei r  paper . 

2.1 Semantic Similarity 

A ke y issu e i n analogica l  processin g i s wha t  criterio n 
shoul d b e use d t o decid e i f  tw o element s ca n b e place d int o 
COTreqxMidence .  I n A R C S ,  a n augmente d subse t  o f 
WordNet  wa s use d t o mak e semanti c similarit y decisions . 
T wo iM'edicate s i n A R C S ar e considere d semanticall y 
simila r  i f  thei r  correspondin g lexica l  concept s i n WordNe t 
ar e connecte d vi a link s tha t  denot e particula r  relationships . 
Th e us e o f  WordNe t  a s a  databas e fo r  simpl e lexica l 
inference s i s a n appealin g idea .  Th e lexica l  connection s 
foun d i n thi s wa y shoul d hav e well-founde d motivations . 
Nevertheless ,  i t  importan t  t o remembe r  tha t  WordNe t  wa s 
intende d a s a  lexicon ,  no t  a  languag e o f  thought .  Usin g th e 
lexica l  concept s o f  WordNe t  a s a  predicat e vocabular y 
require s assumin g tha t  ther e exis t  conceptua l 
representations  tha t  correspon d t o thes e lexica l  concepts . 
Tha t  doe s no t  see m a n implausibl e assumption .  However , 
assumin g tha t  relationships  betwee n words ,  suc h a s 
synony m o r  antony m ar e use d i n th e cognitiv e processin g o f 
interna l  representations  seem s implausible . 

We prefe r  a n identicality-base d accoun t  usin g 
inexpensiv e inferenc e technique s t o sugges t  way s t o re-
represent  non-identica l  relations  int o a  canonica l 
representation  language .  Suc h canonicalizatio n ha s man y 
advantage s fo r  complex ,  rich  knowledg e systems ,  wher e 
meanin g arise s finom  th e axiom s tha t  predicate s participat e 
in .  W h e n mismatche s occu r  i n a  contex t  wher e i t  i s 
desirabl e t o mak e th e match ,  w e assum e tha t  peopl e mak e 
us e o f  technique s o f  re-representation.  A n exampl e o f  a n 
inexpensiv e inferenc e techniqu e t o sugges t  re-
representation  i s Falkenhainer' s (1987 ,  1990 )  minima l 
ascensio n method ,  whic h look s fo r  c o m m o n superordinate s 
(e.g. ,  T R A N S F E R)  whe n contex t  suggeste d tha t  tw o 
predicate s shoul d matc h (e.g. ,  B E S T O W an d D O N A T E ) . 
Semanti c similarit y ca n thu s b e capture d a s partia l  identity . 
We believ e tha t  WordNe t  coul d b e use d similarly ,  sinc e i t 
has superordinat e information . 

Holyoa k &  Thagar d hav e argue d tha t  broade r  (i.e. , 
weako* )  notion s o f  semanti c similarit y ar e crucia l  i n 
retrieval,  fo r  otherwis e w e woul d suffe r  fro m to o man y 
misse d retrievals.  Althoug h thi s a t  Hrs t  sound s reasonable , 
ther e i s a  counter-argumen t  base d o n memor y size .  H u m a n 
memorie s ar e fa r  large r  tha n an y cognitiv e simulatio n ye t 
constructed .  I n suc h a  case ,  th e proble m o f  fals e positive s 
(i.e. ,  lo o man y irrelevan t  retrievals)  become s critical .  Fals e 
negative s ar e o f  cours e a  problem ,  bu t  the y ca n b e overcom e 
t o som e exten t  b y reformulating  an d re-representin g th e 
probe ,  treatin g memor y acces s a s a n iterativ e proces s 
interleave d wit h othe r  form s o f  reasonin g (a s i n Wharton , 
Holyoak ,  Downing ,  Lang e &  Wickens' s (1991 ,  i n press ) 
R E M I ND model) .  Thu s w e argu e tha t  stron g semanti c 
similarit y constraints ,  combine d wit h re-representation,  ar e 
crucia l  i n retrieval  a s wel l  a s i n m^qjping . 

H o w d o thes e differen t  account s o f  semanti c similarit y 
far e i n predictin g pattern s o f  retrieval ? I n th e rest  o f  th e 
pape r  w e compar e th e performanc e o f  M A C / F A C an d 
A R CS o n a  variet y o f  examples . 

3. Computational Experiments 

Each experiment below has a similar structure. First each 
simulatio n i s give n a  memory ,  consistin g o f  on e o r  mor e 
database s draw n fro m th e A R C S representations.'  The n 
retrieval  i s  teste d wit h probe s dtaw n from a  smal l 
predeflne d se t  o f  stories .  Th e memor y a  simulatio n 
operate s ove r  consist s o f  on e o r  mor e databases .  I n som e 
case s th e menuMy i s augmente d b y a  particula r  story :  e.g. , 
when probin g wit h varian t  H a w k stories ,  th e Thagar d e t  al . 
encodin g o f  th e "Karl a th e H a w k "  stor y i s adde d t o 
memory.  (Thi s i s don e t o se e i f  th e retrieval  syste m i s abl e 
t o An d th e bas e stor y amids t  th e distractors ,  give n 
variation s o n th e stor y a s probes. ) 

For  brevit y w e specif y th e prob e se t  an d memor y 
content s symbolically ,  usin g "/ "  t o distinguis h prob e se t 
fro m memor y an d "•«• "  t o indicat e se t  union .  Thu s 

'  T o dat e w c hav e bee n unsuccessfu l  i n gettin g A R C S t o ru n o n 
th e representation s w e use d i n (Forbu s &  Centner ,  1991) .  ARCS' 
networ k doe s no t  settl e afte r  eve n 1.00 0 iterations ,  an d ru n time s 
of  u p t o nin e hour s hav e bee n required . 

544 



HAWK/ (PLAYS+Kar l a Base )  indicate s a n experimen t 
wher e th e databas e o f  play s wa s probe d wit h th e H a w k 
stories .  A  descriptio n o f  th e dataset s use d an d a  summar y 
of  convention s ar e give n i n Figur e 3 . 

Bot h M A C / F A C an d A R C S tak e propositiona l 
representations  a s inputs ,  bu t  thei r  representation 
convention s ar e quit e di^eren t  Th e mos t  crucia l  differenc e 
i s tha t  stnicture-m^^in g treat s attributes ,  relations,  an d 
function s differently ,  wherea s A R C S doe s no t  distinguis h 
them .  W e use d th e followin g rule s i n translation :  (1 )  One -
plac e predicate s wer e classifie d a s attributes ,  (2 )  multi -
argumen t  predicate s wer e classifie d a s relations,  an d (3 ) 
sinc e th e argument s t o C A U S E coul d b e eithe r  event s w 
modal  ixx)positions ,  w e treate d predicate s use d a s 
argument s t o a  C A U S E statemen t  eithe r  a s moda l  relations 
(e.g. ,  B E C O M I N G - T R U E)  o r  function s (e.g. ,  M A R R I E D, 
KILLED) . 

Replicatio n o f  computationa l  experiment s i s stil l 
somethin g o f  a  novelty ,  an d standard s fo r  ensurin g tha t 
reported  simulatio n results  ar e repeatable  hav e no t  ye t  been 
establishe d i n cognitiv e science .  Nevertheless ,  w e hav e 
take n man y {Hecaution s t o ensur e tha t  w e hav e ru n A R C S 
correctly .  Wher e numerica l  informatio n wa s reported,  fo r 
instance ,  w e matehe d results  t o severa l  decima l  places . 
One concer n wa s wha t  shoul d coun t  a s a  retrieval  i n A R C S. 
Neithe r  th e origina l  A R C S pape r  no r  th e cod e define s a 

Databases : 

F A B L ES =  10 0 encoding s o f  Aesop' s fables ,  encode d b y 

Thagar d e t  al . 
P L A YS =  2 5 encoding s o f  Shakespeare' s plays ,  encode d 

by Thagar d e t  al . 
Stor y set s use d a s probe s an d memor y items : 
H A WK =  Thagar d e t  al.' s  encodin g o f  th e "Karl a th e 

Hawk"  stor y set ,  i.e. ,  (mgina l  story ,  analog ,  appearanc e 

match ,  fals e analogy ,  an d litera l  similarit y versions . 
Database s usin g thes e probe s hav e th e origina l  stor y 

adde d t o memory ,  excep t  whe n th e origina l  stor y itsel f  i s 

used a s a  probe . 
SG =  Thagar d e t  al.' s  encodin g o f  th e Sou r  Grape s fabl e 

plu s variations ,  i.e. ,  origina l  story ,  analog ,  appearance , 

and litera l  similarit y versions .  Database s usin g thes e 
probe s hav e th e origina l  stor y adde d t o memory ,  excep t 

when th e origina l  stor y itsel f  i s  use d a s a  probe . 

H & W SS =  Thagar d e t  al.' s  encodin g o f  Hamle t  an d Wes t 
Sid e Story .  W h e n Hamle t  i s  use d a s a  prob e i t  i s 

removed  from  memory .  Wes t  Sid e Stor y i s neve r  place d 
i n memory . 

Convention :  Fo t  convenience ,  w e refer  t o a n 

experimenta l  setu p b y th e prob e storie s followe d b y th e 

databas e used ,  e.g. ,  S G / ( F A B L E S + P L A Y S )  mean s tha t 

th e Sou r  Grape s fable s wer e use d a s probe s wit h a 

memory consistin g o f  bot h play s an d fables .  W h e n a 
stor y i s use d a s a  probe ,  i t  i s  remove d fro m memor y firs t 

Figur e 3 :  Database s an d experimenta l  storie s use d i n 

th e experiment s 

A R CS results .  Number s i n parenthese s represent  th e 

leve l  o f  activatio n compute d b y A R C S . 
Prob « Result s Se c 

Sour  Grapes , 
appearanc e 

Sour  Grapes , 
analo g 

Sour  Grapes , 
litera l  similarit y 

Sour  Grape s (0.28 ) 

Sour  Grq>e s (0.21 ) 

Sour  Grape s (0.2S ) 

120 

81 

123 

M A C / F AC Results .  Number s i n parenthese s represent 

th e score s fo r  tha t  story . 
Prob e Result s Se c 
Sour  Grapes , 

appearanc e 
Sour  Grapes , 

analo g 
Sour  Grapes , 

litera l  similarit y 

FAC:  Sou r  Grape s (0.53 ) 
M A C:  Sou r  Grape s (0J56 ) 
FAC:  Sou r  Grape s (2.03 ) 
M A C:  Sou r  Grape s (0.62 ) 
FAC:  Sou r  Grape s (2.03 ) 
M A C:  Sou r  Grape s (0.62 ) 

0. 3 

0. 2 

0. 2 

Tabl e 1 :  Result s fo r  SG/Fable s experimen t 

criterion for distinguishing when an item is actually 
retrieved  (indeed ,  storie s wit h negativ e activation s w o e 
sometime s considere d retrievals) .  I n reporting  A R C S 
result s w e cu t  of f  th e lis t  o f  retrieved  results  wher e the y did . 
I n som e case s (e.g. ,  fables )  thi s represented a  shar p 
boundary ,  i n othe r  case s (e.g. ,  plays )  i t  di d not . 

3.1 Experiment 1: Sour Grapes Comparison 

I n th e fu^ t  stud y th e memor y se t  consist s o f  th e fables , 
includin g th e Sou r  Grape s fable ,  an d th e probe s ar e 
variant s o f  Sou r  Grapes .  Tabl e 1  show s th e results.  Th e 
results  fo r  A R C S matc h thos e reporte d fo r  th e simulatio n 
by Thagar d e t  al .  Th e M A C / F A C results  ar e quit e similar . 
Thu s bot h system s successfull y retriev e Sou r  Grape s fro m a 
databas e o f  fable s whe n give n variation s o f  it .  However , 
M A C / F AC i s substantiall y  faster .  Th e runtim e differenc e i s 
fairl y  typical ;  M A C / F A C tend s t o b e tw o order s (r f 
magnitud e faste r  tha n A R C S whe n tested  wit h identica l 
dat a o n th e sam e computer . 

32 Experiment 2: Effects of additional memory 

item s o n retrieva l  (Sou r  Grapes ) 

To check the stability of results under changes in memwy 
contents ,  w e reran  Experimen t  1 ,  addin g th e databas e o f  2 5 
Shakespear e play s encode d b y Thagar d e t  al .  t o th e fable s 
database .  W e the n tested  th e simulation s t o se e i f  the y 
woul d retriev e Sou r  Grape s from  th e databas e o f  12 5 fable s 
and play s whe n probe d wit h variation s o f  Sou r  Grapes .  Th e 
results  ar e sho w i n Tabl e 2 .  M A C / F A C ' s results remain 
unchanged ,  excep t  fo r  a  smal l  increas e i n processin g time . 
A R C S,  o n th e othe r  hand ,  i s distracte d b y th e play s i n on e 
of  th e prob e conditions .  Increasin g th e memor y b y 2 5 % 
has le d t o differen t  results  wit h A R C S .  Th e result s als o 
hin t  a t  a  possibl e siz e bia s i n A R C S ;  i t  appear s t o prefe r 
large r  description s i n retrieval,  a t  th e cos t  o f  correc t 
matches . 
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A R CS Result s 
Probe 
Sour  Grape s 

appearanc e 
Sour  Grapes , 

analo g 

Sour  Grapes , 
litera l  similarit y 

M A C / F AC Result s 
Prob e 
Sour  Grape s 

appearanc e 
Sour  Grape s 

analo e 

Sour  Grape s 
litera l  similarit y 

Result s 
Sour  Grape s (0.28 ) 

The Tamin g o f  th e Shre w 
(0.22) . 

Ma r y Wive s (0.18) . 
[1 1 stories] , 
Sour  Grape s (-0.19 ) 
Sour  Grape s (0.2S ) 

Result s 
FAC:  Sou r  Grape s (0.53 ) 
M A C:  Sou r  Grape s (0.56 ) 
FAC:  Sou r  Grape s (2.03 ) 
M A C:  Sou r  Grape s (0.62 ) 
FAC:  Sou r  Grape s (2.03 ) 
M A C:  Sou r  Grape s (0.62 ) 

Sec 
327 

251 

373 

Sec 
0. 4 

0. 3 

0. 3 

Tabl e 2 :  Result s o f  S G probes ,  databas e =  Fable s + 

Play s 

3 J  Exper imen t  3 :  Large r  P rob e size s 

Whil e th e results  fo r  M A C / F A C i n Experimen t  2  ar e 
satisfactory ,  A R C S '  seemingl y poo r  performanc e requires 
furthe r  investigation .  Doe s th e relative  siz e o f  th e prob e 
matte r  i n th e memor y swampin g effect ? T o fm d thi s out , 
we agai n ra n bot h simulations ,  firs t  wit h th e play s databas e 
as memory ,  the n wit h th e 2 5 play s an d 10 0 fable s a s 
memory,  thi s tim e usin g a s probe s th e Hamle t  an d Wes t 
Sid e Stor y encoding s a s probes ,  a s represented  b y Thagar d 
et  al .  Give n Hamle t  a s a  probe ,  th e questio n i s whethe r  th e 
system s ca n retriev e a  tragedy ,  o r  a t  leas t  anothe r  play . 
Give n Wes t  Sid e Stor y a s a  probe ,  th e challeng e i s mor e 

specific :  t o retrieve  R o m e o &  Juliet ,  th e analogou s play . 
Tabl e 3  show s th e results  fa *  play s onl y i n memory ,  an d 

Table  4  show s th e results  wit h bot h play s an d fable s i n 
memory.  Th e goo d new s fo r  A R C S i s tha t  th e fable s hav e 
onl y minimall y intrude d o n th e activatio n fo r  th e to p 
ranke d retrieved  plays .  A  Midsumme r  Night' s drea m i s 
A R C S'  top-ranke d retrieval  fo r  Wes t  Sid e Story ,  bu t  i t  di d 
also ,  a s state d b y Thagar d e t  al. ,  retriev e R o m e o &  Julie t 

M A C / F A C,  o n th e othe r  hand ,  onl y retrieve s Rome o & 
Julie t  wit h eithe r  probe .  Fo r  Wes t  Sid e Stor y thi s i s indee d 
th e expecte d result  (an d w e believ e mor e intuitiv e tha t 
A R C S'  result),  bu t  wha t  i s happenin g wit h Hamlet ? 
Examinin g th e structura l  evaluatio n score s (e.g. ,  th e F A C 
scores )  reveals  tha t  F A C consider s th e matc h betwee n Wes t 
Sid e Stor y an d R o m e o &  Julie t  t o b e excellen t  (16.51) , 
whic h make s sens e becaus e th e encoding s o f  Wes t  Sid e 
Stor y an d R o m e o &  Julie t  hav e almos t  isomoiphi c 
structure .  W h e n Hamle t  i s th e probe .  F A C i s relatively 
indifferent :  th e F A C score s wer e a s follows :  Rome o & 
Julie t  (6.79) ,  Juliu s Caesa r  (5.49) ,  Macbet h (3.72) ,  Othell o 
(2.67) .  Th e drop-of f  fro m R o m e o &  Julie t  i s  2 0 % ,  whic h i s 
belo w tha n M A C / F A C ' s defaul t  cutof f  o f  10% . 

3.4 Experiment 4: Hawk stories 

The goa l  i n th e H a w k studie s wa s t o replicate  th e results  o f 
(Centner ,  Rattermann ,  &  Forbus ,  1993) .  Subject s wer e 
give n a  se t  o f  storie s t o read ,  an d late r  attempte d t o retrieve 
thes e storie s give n variation s a s probes .  Th e observe d 
retrieval  orderin g wa s litera l  similarity ,  appearance , 
analogy ,  first-orde r  overlap .  Thagar d e t  al .  simulate d thi s 
experimen t  fo r  on e stor y set .  Usin g th e relative  activatio n 
level s o f  th e storie s compute d b y A R C S a s relative retrieval 
probabilitie s fo r  huma n subjects ,  A R C S '  orde r  o f  retrieval 
was:  litera l  similarity ,  first-order  overlap ,  appearance , 
analogy .  Thi s i s no t  a  clos e match .  (Ou r  o w n simulatio n c f 
thes e result s wit h M A C / F A C matche d th e huma n ordina l 
results.) 

A R CS results .  Number s i n parenthese s represent  level s 
of  activatio n f w tha t  item . 
Prob e Result s Se c 
Hamle t 

West  Sid e 
Stor y 

Romeo &  JuUe t  (0.54) .  Kin g Ua r  (0.53) , 
Othell o (0.46) ,  Cymbelin e (0.42) , 
Macbet h (0.41) .  Juliu s Caesa r  (0.38 ) 
Midsummer  Night' s Drea m (0.58) , 
Romeo &  Julie t  (0.57 ) 

1843 

2539 

M A C / F AC results .  Number s i n parenthese s represen t 

score s fo r  tha t  item . 
Prob e Result s Se c 
Hamle t 

West  Sid e 
Stor y 

FAC:  Rome o &  JuUc t  (6.79 ) 
M A C:  OthcU o (0.86) ,  Macbet h (0.85) , 
Romeo &  Julie t  (0.83) , 
Juliu s Caesa r  (0.81 ) 
FAC:  Rome o &  JuUe t  (1631 ) 
M A C:  Rome o &  JuUe t  (0.88 ) 

22 

13 

Tabl e 3 :  Result s fo r  Hamlet ,  Wes t  Sid e Stor y a s 

probes ,  Play s database . 

A R CS Results . 
Probe  Result s 
Hamle t 

West  Sid e 
Stor y 

Romeo &  Julie t  (0.531) , 
Kin g Lea r  (0.528) ,  OtheU o (0.45) , 
Cymbelin e (0.41) .  Macbet h (0.40) , 
Juliu s Caesa r  (0.37 ) 

Midsummer  Night' s Drea m (0.58) , 
Romeo &  Julie t  (0.57 ) 

Sec 
4112 

M A C / F AC Result s 
Prob e Result s 
Hamle t 

West  Sid e 
Stor y 

FAC:  Romeo &  Julie t  (6.79 ) 
M A C:  OtheU o (0.86) ,  Macbet h (0.85) , 
Romeo &  Julie t  (0.83) ,  Caesa r  (0.81) , 
FableS 2 (0.80 ) 
FAC:  Rome o &  JuUe t  (16.51 ) 
M A C:  Romeo &  JuUe t  (0.88 ) 

5133 

Sec 
26 

Tabl e 4 :  Result s fo r  Hamlet ,  Wes t  Sid e Stor y a s 

probes .  Play s +  Fable s database . 
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HowevCT.  ou r  purpos e her e i s t o pursu e tw o specifi c 
questions .  Usin g Thagar d e t  al.' s  encodings ,  w e as k (1 )  d o 
th e system s perfor m appropriately ;  an d (2 )  d o th e tw o 
system s continu e t o po fo r m appropriatel y whe n distractor s 
ar e adde d t o memory ? Bot h simulation s wer e ru n wit h th e 
H a wk stOTie s a s probes ,  an d wit h eithe r  th e fable s (plu s th e 
Karl a story )  a s m e m o r y o r  wit h bot h fable s an d play s (plu s 
th e Karl a stwy )  a s memory .  Th e results  ar e show n i n 
Tabl e 5  an d Tabl e 6  respectively . 

No matte r  whic h databas e i s  used ,  M A C / F A C alway s 
retrieves  th e Karl a story ,  irrespectiv e o f  whic h varian t  stor y 
i s use d a s a  probe .  Th e M A C score s explai n why :  I n eac h 
cas e th e Karl a stor y i s a t  th e to p o f  th e ranking ,  indicatin g 
tha t  th e predicat e overla p i s  greate r  fo r  Karl a an d varian t 
tha n fo r  an y othe r  stwy .  Th e fac t  tha t  th e Karl a bas e stor y 
i s retrieve d fo r  th e litera l  similarit y an d appearanc e 
variant s i s expected .  It s  retrieval  whe n th e analog y i s use d 
as a  prob e i s  als o reasonabl e (althoug h i f  A R C S alway s 
retrieved  analog s successfull y i t  woul d b e a n implausibl e 
model) .  Retrievin g th e bas e stor y whe n th e first-order 
overl y stor y i s  use d a s a  prob e i s no t  s o reasonable .  W e 
believ e thi s occur s becaus e th e Thagar d e t  al . 
representation s ar e rathe r  sparse ,  wit h almos t  n o surfac e 
information ,  an d thu s ar e les s natura l  tha n migh t  b e desire d 

A R CS Result s 
Prob e 
Karla , 

litera l  similarit y 
Karla , 

appearanc e 
Karla , 

analoK T 
Karla , 

first-orde r  overla p 

M A C / F AC Results . 
Prob e 
Karla , 

litera l  similarit y 

Karla , 
appearanc e 

Karla , 
analog y 

Karla , 
first-order  overla p 

Result s 
"Karla "  bas e (0.67 ) 

Fable5 5 (0.4) ,  [ 7 fables] , 
"Karla "  bas e (-0.17 ) 
Fable2 3 (0.33) ,  [ 7 fables] , 
"Karla "  bas e (-0.27 ) 
Fable2 3 (0.0907) , 
Fable5 5 (0.0903) ,  [1 3 fables] , 
"Karla "  bas e (-0.11 ) 

Result s 
FAC:  "Karla "  (16.07 ) 
M A C:  "Karla "  (0.81) , 
Fable7 1 (0.74 ) 
FAC:  "Karla "  (7.92 ) 
M A C:  "Karla "  (0.71) , 
Fable5 2 (0.71) .  Fable71(0.66) , 
Fable27(0.65) ,  Fable5(0.64 ) 
FAC:  "Karla "  (8.57 ) 
M A C:  "Karla"(0.81) , 
Fable5 2 (0.77) ,  Fable S (0.77) , 
Fable71(0.76) ,  Fable45(0.75) , 
Fable59(0.75) ,  Fable27(0.75 ) 
FAC:  "Karla "  (5.33) . 
Fable S (5.33 ) 
M A C:  "Karla "  (0.73) , 
Fable71(0.71),Fable52(0.71) , 
Fable5(0.71) ,  Fable45(0.69) , 
Fable59(0.68),Fable27(0.68 ) 

Sec 
315 

176 

127 

17 

Sec 
6 

7 

14 

7 

(c.f .  th e specificit y conjectur e o f  Forbu s &  CJentner ,  1989) . 
As wa s suggeste d b y experiment s 1  an d 2 ,  th e A R C S 

result s var y considerabl y wit h differen t  distracto r  sets .  Thi s 
means tha t  th e us e o f  relative  activation s t o estimat e 
relative  frequencie s i s no t  a  stabl e measure .  Specifically . 
th e relative  orderin g o f  first-order  o w l a p an d analog y 
reverses  whe n th e databas e o f  fable s i s augmente d wit h th e 
plays .  Th e positio n o f  th e Karl a stor y i n th e activatio n 
ranking s i s  als o alarming .  Th e appearanc e story ,  whic h 

A R CS Results . 
Prob e 
Karla , 

litera l  similarit y 
Karla , 

appearanc e 
Karla , 

analoK y 
Karla , 

first-orde r 
overla p 

M A C / F AC Result s 
Prob e 
Karla , 

litera l  similarit y 

Karla , 
appearanc e 

Karla , 

Karla , 
first-orde r 
overla p 

Result s 
"Karla "  bas e (0.67 ) 

Fable5 5 (0.40), [  1 6 stories] . 
"Karla "  bas e (-0.018 ) 
Pericle s (0.60) ,  [1 7 stories] . 
"Karla "  bas e (-0.32 ) 
Pericle s (0J8) ,  [2 2 stories] . 
"Karla "  bas e (-0.38 ) 

Sec 
614 

408 

244 

45 

Result s 
FAC:"Karla"(16.07) 
M A C:  "Karla"(0.81) , 
Fablc7 1 (0.74 ) 
FAC:  "Karla "  (7.92) , 
M A C:  "Karla "  (0.71) , 
Fable52(0.71) , 
Juliu s Caesa r  (0.69) , 
Othell o (0.68) ,  Macbet h (0.67) , 
Fable71(0.66) ,  T w o Gentleme n 
of  Veron a (0.65) , 
Fable27(0.65) ,  Hamle t  (0.65) , 
Fable5(0.64 ) 
FAC:  "Karla"(8.57 ) 
M A C:  "Karla "  (0.81) , 
Juliu s Caesa r  (0.78) ,  T w o 
Gentleme n o f  Veron a (0.78) , 
Fable5 2 (0.77) ,  Fable5(0.77) , 
Macbet h (0.76) , 
AsYouLikeIt(0.76) , 
Fablc71(0.76) ,  Fable45(0.75) , 
Fablc59(0.75) ,  Fable27(0.75) , 
Otheno(0.75 ) 
F A C:  "Karla"(5.33) , 
Fable5(5.33) , 
As Yo u Lik e I t  (4.96 ) 
M A C:  "Karla"(0.73) , 
Juliu s Caesar(0.72) ,  T w o 
Gentleme n o f  Veron a (0.72) , 
Fable7 1 (0.71) ,  Fable52(0.71) , 
Fable 5 (0.71) .  Macbeth(0.70) , 
As Yo u lik e I t  (0.70) , 
Othell o (0.69) ,  Fable4 5 (0.69) , 
Hamlet(0.68 ) 

Sec 
7 

21 

37 

22. 6 

Tabl e 5 :  Result s fo r  H A W K probes ,  databas e = 

Fable s +  "Kar la "  bas e stor y 

Tabl e 6 :  Result s Fo r  H A W K probes ,  wit h databas e = 

Fable s +  Play s +  "Kar la "  bas e stor y 
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shoul d retriev e th e bas e almos t  a s ofte n a s th e litera l 
similarit y story ,  ha s droppe d fro m nint h i n th e rankin g t o 
18th .  Dependin g o n th e retrieva l  cutoff ,  th e conclusio n 
migh t  b e tha t  A R C S fail s t o retrieve  th e Karl a stor y give n 
th e ver y clos e surfac e match . 

4. Conclusions 

The results of cognitive simulation experiments must 
alway s b e interprete d wit h care .  I n thi s case ,  w e believ e 
our  experiment s provid e evidenc e tha t  structure-mapping' s 
identicalit y constrain t  bette r  model s retrieval  tha n Thagar d 
et  al.' s  notio n o f  semanti c similarity .  I n retrieval,  th e 
specia l  demand s o f  larg e memorie s argu e fo r  simple r 
algorithms ,  simpl y becaus e th e cos t  o f  fals e positive s i s 
much higher .  I f  retrieval  wer e a  one-sho t  operation ,  th e 
cos t  o f  fals e negative s woul d b e higher .  Bu t  i n norma l 
situations ,  retrieval  i s  iterative ,  interleave d wit h th e 
constructio n o f  th e representations  bein g used .  Thu s th e 
cos t  ( A fals e negative s i s reduce d b y th e chanc e tha t 
reformulation  o f  th e probe ,  du e t o re-representation  an d 
inference ,  wil l  subsequentl y catc h a  relevant  memor y tha t 
slippe d b y once . 

Finally ,  w e not e tha t  whil e A R C S '  us e o f  a  localis t 
connectionis t  networ k t o implemen t  constrain t  satisfactio n 
i s i n man y way s intuitivel y appealing ,  i t  i s  b y n o mean s 
clea r  tha t  suc h implementation s ar e neurall y plausible . 
Overall ,  w e believ e th e evidenc e suggest s tha t  M A C / F A C 
capture s similarity-base d retrieval  phenomen a bette r  tha n 
A R CS does . 
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