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Abstract: Judgments of similarity and soundness are important aspects of human analogical 

processing .  Thi s pape r  explore s ho w thes e judgment s ca n b e modele d usin g SME,  a  simulatio n o f 

Centner' s structure-mappin g theory .  W e focu s o n structura l  evaluation ,  explicatin g severa l 

principle s whic h psychologicall y plausibl e algorithm s shoul d follow .  W e introduc e th e Specificit y 
Conjecture ,  whic h claim s tha t  naturalisti c representation s includ e a  preponderanc e o f  appearanc e 

and low-orde r  information .  W e demonstrat e vi a computationa l  experiment s tha t  thi s conjectur e 

affect s ho w structura l  evaluatio n shoul d b e performed ,  includin g th e choic e o f  normalizatio n 

techniqu e an d ho w th e systematicit y preferenc e i s implemented . 

1 Introduction 

Judging soundness and structural similarity are important aspects of human analogical 
processing .  Whil e othe r  criteri a (suc h a s factua l  correctnes s an d relevanc e t o curren t  goals )  ar e 

als o important ,  the y canno t  replac e structura l  evaluation .  Fo r  example ,  neithe r  factua l 

correctnes s o r  relevanc e ar e enoug h whe n a n analog y i s use d t o mak e a n argument ;  th e claime d 
consequence s mus t  legitimatel y follo w fro m th e analog y o r  th e argumen t  wil l  b e rejected .  Th e 

importanc e o f  structura l  evaluatio n i s eve n cleare r  whe n on e consider s th e us e o f  analog y t o 

discove r  ne w ideas :  th e learne r  mus t  hav e som e mean s o f  judgin g th e compariso n withou t 
knowin g i n advanc e i f  it s  implication s ar e correc t  o r  relevant . 

We hav e suggeste d tha t  huma n structura l  evalutio n o f  analogie s depend s largel y o n th e degre e 
t o whic h th e analog s shar e systemati c relationa l  structur e (i.e. ,  shar e system s o f  relation s governe d 
by c o m m o n higher-orde r  relations )  [8] .  Ther e i s psychologica l  evidenc e supportin g thi s positio n a s 
a descriptiv e accoun t  [10] .  SME[5,6] ,  ou r  simulatio n o f  Centner' s structure-mappin g theor y [7,8] , 
include s a  structura l  evaluato r  whic h appear s t o matc h psychologica l  dat a o n analogica l  soundnes s 
judgment s reasonabl y wel l  [17] .  I n thi s pape r  w e us e a  combinatio n o f  theoretica l  argumen t  an d 

sensitivit y analyse s t o prob e mor e deepl y int o th e issue s surroundin g structura l  evaluation . 
Sectio n 2  begin s wit h a  brie f  overvie w o f  SME an d outline s som e constraint s o n psychologicall y 

plausibl e algorithm s fo r  structura l  evaluation .  Sectio n 3  summarize s psychologica l  result s 
concernin g analogica l  soundness ,  an d show s ho w ou r  prio r  simulatio n experimen t  provide s a 
framewor k fo r  sensitivit y analyses .  Sectio n 4  propose s tha t  th e representation s use d i n A I  an d 
cognitiv e simulatio n ten d t o b e unrealisticall y spars e (th e Specificit y  Conjecture) .  Th e nex t  tw o 

section s demonstrat e ho w thi s conjectur e constrain s structura l  evaluatio n algorithms .  T w o desig n 

dimension s ar e considered .  Sectio n 5  compare s alternat e normalizatio n strategie s (i.e. ,  ho w 
evidenc e i s combined) .  Sectio n 6  compare s ou r  origina l  cascade-lik e techniqu e fo r  implementin g 
th e systematicit y preferenc e [trickle-down )  wit h anothe r  technique ,  order-scoring .  W e conclud e 
tha t  trickle-dow n wit h resul t  normalizatio n provide s th e bes t  fi t  t o h u m a n data .  W e clos e b y 

considerin g th e broade r  implication s o f  th e Specificit y Conjecture . 

2 The Structure-Mapping Engine 

SME was designed to provide an accountable simulation of Centner's structure-mapping theory. By 
accountable ,  w e mea n tha t  processin g choice s no t  explicitl y  constraine d b y th e theor y mus t  b e 
easil y changable ,  s o tha t  dependenc e o n alternat e choice s ca n b e explored .  T o achiev e 

accountability ,  SME' s inpu t  include s tw o set s o f  rule s whic h construc t  an d evaluat e loca l  matches . 
By varyin g thes e rule s SME ca n b e programme d t o emulat e al l  th e comparison s o f 

structure-mapping ,  a s wel l  othe r  matcher s consisten t  wit h it s assumption s [4] .  Her e w e us e thi s 
programmabilit y  t o perfor m sensitivit y analyse s t o rul e ou t  certai n processin g choice s si s bein g 

unabl e t o accoun t  fo r  huma n data . 
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Given base and target descriptions to match, SME produces a set of Gmaps, representing the 

possibl e interpretation s o f  th e comparison .  Eac h G m a p include s a  se t  o f  correspondence s betwee n 

th e item s (object s an d propositions )  i n th e bas e an d target ,  th e se t  o f  candidat e inference s 

sanctione d b y th e matc h (i.e. ,  knowledg e abou t  th e bas e conjecture d t o hol d i n th e targe t  b y 

virtu e o f  th e correspondences) ,  an d a  structura l  evaluatio n scor e (SES )  indicatin g th e "quality "  o f 

th e match . 

SME begin s b y computin g loca l  matc h hypothese s (MH 's )  involvin g pair s o f  item s fro m bas e 

an d target .  Th e constructio n rule s guid e thi s process ^  A t  thi s stag e th e matc h i s incoherent ,  i n 

tha t  th e se t  o f  matc h hypothese s collectivel y ca n contai n many-to-on e mappings .  Loca l 

constraints ,  suc h a s one-to-on e mapping s an d structura l  consistenc y (se e [6 ]  fo r  details )  ar e 

enforce d next .  Thes e constraint s rul e ou t  matc h hypothese s whic h canno t  b e par t  o f  an y lega l 

interpretation ,  an d not e whic h pair s o f  matc h hypothese s canno t  consistentl y b e par t  o f  th e sam e 

interpretation .  G m a p s ar e buil t  b y findin g th e maxima l  structurall y consisten t  collection s o f  loca l 

matches ,  an d usin g th e compute d overla p t o determin e wha t  non-overlappin g aspect s o f  th e bas e 

ca n b e postulate d t o hol d i n th e targe t  (i.e. ,  th e candidat e inferences) .  Th e structura l  evalutatio n 

scor e i s compute d last .  First ,  th e evaluatio n rule s ar e ru n t o provid e a  scor e fo r  eac h matc h 

hypothesis .  Th e SE S o f  eac h G m a p i s compute d b y addin g th e score s o f  it s  matc h hypotheses . 
SME provide s a  proces s mode l  fo r  structure-mapping .  Th e goa l  i s  t o achiev e sophisticate d 

result s usin g computationall y simpl e techniques .  W e believ e tha t  combinin g loca l  matc h 
hypothese s int o coheren t  globa l  interpretation s i s a  psychologicall y plausibl e aspec t  o f  SME [ 9 . 

However ,  no t  ever y eispec t  o f  SME i s equall y plausibl e psychologically .  Fo r  example ,  w e d o no t 

believ e peopl e necessaril y  comput e al l  interpretations ,  althoug h fo r  experimenta l  purpose s w e 
generall y hav e SME comput e th e complet e se t  o f  G m a p s t o gai n mor e insigh t  int o th e match .  A 
secon d limitatio n i s tha t  SME model s onl y th e structura l  componen t  o f  matc h quality .  Contextua l 

and pragmati c factor s ca n als o pla y a  rol e i n matc h evalution .  However ,  understandin g thos e 

factor s involve s simulatin g large r  piece s o f  th e overal l  processin g system ,  wit h a  subsequen t 

increas e i n th e numbe r  o f  fre e parameters .  B y understandin g structura l  evaluatio n i n isolatio n w e 

hop e t o tightl y constrain t  tha t  aspec t  o f  th e system . 
Structure-mappin g postulate s tha t  systematicit y i s preferre d i n structura l  evaluation s [8] ;  i.e. , 

a G m a p involvin g a  large r  connecte d syste m o f  relations ,  particularl y higher-orde r  relation s , 

shoul d hav e a  highe r  SE S tha n on e involvin g a  smaller ,  o r  disconnected ,  syste m o f  relations .  Th e 

systematicit y constrain t  i s  state d a t  th e informatio n processin g leve l  (ei s define d b y Mar r  [14]) ; 
additiona l  principle s ar e neede d t o provid e constrain t  a t  th e algorith m an d implementatio n levels . 

Thi s pape r  focuse s o n th e algorith m level ,  importin g onl y th e mos t  genera l  constraint s fro m th e 

prospec t  o f  highl y parallel ,  neural-lik e implementations .  Ou r  curren t  implementatio n i s serial ,  bu t 
tha t  i s  a n acciden t  o f  technolog y -  th e SME algorith m lend s itsel f  naturall y t o a  variet y o f  paralle l 

implementation s [6]' . 

Th e scor e associate d wit h a  matc h hypothesi s indicate s ho w strongl y th e correspondenc e 

betwee n th e bcis e an d targe t  item s i t  connect s i s preferre d o n structura l  grounds .  W e restric t 

evaluatio n rule s t o us e onl y local ,  structura l  propertie s i n assignin g scores .  Fo r  example ,  M H ' s 

receiv e som e initia l  scor e base d o n th e kind s o f  item s matche d (relation ,  function ,  o r  attribute) . 

Under  structure-mappin g onl y proposition s involvin g identica l  relation s o r  attribute s match^ ,  s o 

th e sam e initia l  scor e i s use d fo r  al l  relation s an d attribute s (i.e. ,  matche s involvin g relation s suc h 

as CAUSE ar e give n th e sam e scor e a s matche s involvin g relation s suc h a s IMPLIE S o r  LEFT-OF) . 

Thi s paramete r  i s calle d Same-Predicate .  Th e paramete r  Same-Functio n i s use d fo r  identica l 

'Which pairs of items are hypothesized to match and the structural constraints defining consistent global inter-
pretation s ar e fixed  b y structure-mappin g theory . 

^Structure-mappin g define s th e orde r  o f  a n ite m i n a  representatio n a s follows :  Object s an d constant s ar e orde r  0 . 
The orde r  o f  a  predicat e i s on e plu s th e maximu m o f  th e orde r  o f  it s  arguments .  Thu s GREATER-THAN(x,y )  i s  first-
orde r  i f  X  an d y  ar e objects ,  an d CAUSE[GRElATER-THAN(x,y )  ,  BREAK(x) ]  i s  second-order .  Example s o f  higher-orde r 
relation s includ e CAUSE an d IMPLIES . 

^We vie w Holyoa k an d Thagard' s ACME [ll ]  a s evidenc e tha t  SME coul d b e implemente d i n a t  leas t  a  localis t 
connectionis t  framework ,  sinc e ther e i s substantia l  overla p i n th e informatio n processin g an d algorith m level s betwee n 
SME an d ACME. 

•"We assum e a  decompositiona l  semantics ,  s o tha t  synonym s ar e translate d int o som e common for m (c.f .  [1,3]) . 
Thi s allow s similarit y t o b e reduce d t o partia l  identity .  Th e alternativ e cours e o f  allowin g simila r  predicate s t o matc h 
require s on e t o defin e similarit y b y invokin g it . 
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functions^. This part of the structural evaluation can proceed in parallel with match hypothesis 

construction . 

At  first  glanc e systematicit y migh t  appea r  t o b e a n inherentl y globa l  concept ,  requirin g 

difficul t  computation s t o enforce .  W e implemente d i t  locall y vi a trickle-down ,  a  cascade-lik e 

model  [12] .  I n trickle-down ,  a  matc h hypothesi s M H add s it s score ,  scale d b y th e paramete r 

Trickle-Down ,  t o th e matc h hypothese s linkin g th e argument s o f  th e item s matche d b y M H .  Thu s 

i n a  dee p syste m o f  relation s th e score s wil l  cascad e down ,  providin g hig h score s fo r  th e objec t 

correspondence s supportin g th e syste m (an d thu s fo r  th e syste m a s a  whole) .  Thi s computation , 

too ,  ca n procee d i n parallel ,  takin g 0{log(N) )  fo r  a  matc h hypothesi s se t  o f  siz e N  [ 6 . 

The structura l  evaluatio n syste m thu s ha s thre e parameters :  Same-Predicate ,  Same-Function , 

and Trickle-Down^ .  Onc e th e propagatio n o f  loca l  score s fo r  al l  matc h hypothese s i s complete ,  th e 

SES o f  a n interpretatio n (Gmap )  i s compute d b y summin g o f  th e score s o f  it s  constituen t  matc h 

hypotheses .  I n th e origina l  versio n o f  SME,  score s wer e represente d an d combine d usin g th e 

Dempster-Shafe r  formalis m [16,2] .  W e d o no t  normaliz e G m a p scores ,  sinc e doin g s o woul d onl y 

introduc e furthe r  parameter s withou t  theoretica l  motivations .  W e als o wis h t o avoi d arbitrar y 
assumption s concernin g th e scalin g o f  huma n soundnes s judgments .  Consequently ,  ou r 

conclusion s wil l  b e base d completel y o n ordina l  comparison s betwee n scores ,  neve r  o n th e actua l 

magnitud e o f  score s themselves . 

3 Modeling Soundness Judgments 

To perform a sensitivity analysis one must have a standard for comparison. We use the cognitive 

simulatio n experimen t  describe d i n [17] ,  whic h showe d tha t  SME coul d replicat e aspect s o f  huma n 
soundnes s judgment s demonstrate d empiricall y  [10,15] .  I n th e psychologica l  studies ,  subject s first 
rea d a  larg e se t  o f  stories .  I n a  subsequen t  session ,  the y wer e show n simila r  storie s an d trie d t o 
retriev e correspondin g origina l  storie s (a n acces s measure) .  Afterwards ,  subject s wer e aske d t o 

judg e th e inferentia l  soundnes s o f  pair s o f  stories .  W h a t  wa s varie d wa s th e kin d o f  similarit y 
betwee n pair s o f  stories ;  som e case s share d onl y relationa l  structur e (i.e. ,  wer e analogous) ,  som e 
onl y share d objec t  similaritie s (i.e. ,  appearanc e matches) ,  an d som e share d bot h (i.e. ,  wer e 
literall y  similar) .  Subject s rate d litera l  similarit y an d analog y pair s a s signficantl y mor e soun d 
tha n appearanc e matches . 

I n th e origina l  simulatio n study ,  five  triad s o f  storie s wer e encoded ,  eac h consistin g o f  th e bas e 
stor y (Base) ,  a n analogou s stor y wit h differen t  surfac e structur e bu t  simila r  relationa l  structur e 
(AN) ,  an d a  stor y wit h surfac e similaritie s bu t  differen t  relationa l  structur e ( M A ) .  W e aske d 

whethe r  SME' s structura l  evaluatio n syste m coul d mode l  thes e judgments .  Tha t  is ,  i f  w e interpre t 

th e SE S a s a n indicatio n o f  th e soundnes s ratin g a  subjec t  woul d give ,  the n t o matc h th e h u m a n 
dat a th e scor e compute d b y SME fo r  th e Base/A N matc h shoul d b e highe r  tha n th e scor e fo r  th e 
Base/M A match .  A s predicted ,  SES{Base/AN )  >  SES{Base/MA) . 

Thi s experimen t  provide s a  usefu l  framewor k fo r  carryin g ou t  sensitivit y analyses .  Suppos e w e 

hav e N  triad s o f  stories .  Fo r  an y particula r  collectio n o f  parameter s -  numerical ,  symbolic ,  o r 
algorithmi c -  w e ca n defin e th e fit  wit h huma n performanc e t o b e th e numbe r  o f  triad s fo r  whic h 

SES{Base/AN )  >  SES{Base/MA) .  B y analyzin g ho w th e fit  varie s w e ca n determin e ho w 
sensitiv e th e result s ar e t o eac h choice .  Figur e 1  depict s ho w thi s desig n ca n b e viewe d a s a n 
experimenta l  apparatus .  I n th e analyse s whic h follow ,  thre e triad s o f  storie s wer e use d eac h time . 
For  eac h manipulation ,  thi s ESENSE apparatu s wa s ru n ove r  a  sampl e o f  th e numerica l  paramete r 
spac e t o estimat e wha t  fractio n o f  th e spac e provide s result s whic h fit  th e psychologica l  data .  Th e 

desirabl e outcom e i s tha t  som e portion ,  bu t  no t  all ,  provide s suc h a  fit  t o th e huma n data .  I f  th e 

F̂unction s ar e treate d differentl y fro m predicates ,  sinc e derive d matche s betwee n non-identica l  function s ar e 
allowe d i f  th e structur e abov e the m matche s (e.g. ,  Temperatur e t o Presaure) ^ 

^The origina l  structura l  evaluatio n rule s [6 ]  ha d eigh t  parameters ;  th e reductio n t o thre e require d som e theoretica l 
analysi s an d abou t  tw o Symbolics-day s o f  numerica l  sensitivit y analyses .  Althoug h ou r  initia l  us e o f  eigh t  parameter s 
may see m large ,  i t  shoul d b e note d tha t  simulation s ofte n hav e fa r  more :  ACME,  fo r  instance ,  relie s o n a  numerica l 
"similarit y score "  bein g availabl e fo r  eac h pai r  o f  predicates ,  henc e th e numbe r  o f  parameter s i s a t  leas t  a s larg e a s 
th e squar e o f  th e numbe r  o f  predicate s i n th e underlyin g representatio n language .  Ascertainin g th e dependenc e o f 
ACME'S performanc e o n it s parameter s vi a sensitivit y analysi s woul d appea r  t o b e a  rathe r  formidabl e task . 
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Figur e 1 :  ESENSE Experimenta l  setu p fo r  sensitivit y analyse s 

The previou s simulatio n experimen t  ca n b e viewe d a s a n apparatu s which ,  fo r  an y particula r  combinatio n o f 

parameters ,  representations ,  an d algorith m provide s a n estimat e o f  6 t  t o psychologica l  dat a (here ,  a n intege r 

rangin g betwee n 0  an d 3) .  Runnin g thi s apparatu s ove r  alternat e choice s provide s insigh t  abou t  ho w eac h 

aspec t  o f  th e syste m account s fo r  th e fit. 

Estimat e o f  fi t  w/psychologica l  dat a 

I  BASE BASE 

r  A N J  r  MA J  (  '̂ ^  J  ( m a J  (  "̂ ^  )  (  MA J 

Stor y tria d # 1 Stor y tria d # 2 Stor y tria d # 3 

whol e spac e fits,  the n th e parameter s ar e irrelevant .  I f  non e o f  th e spac e fits,  the n clearl y tha t 
combinatio n canno t  accoun t  fo r  h u m a n soundnes s judgments . 

4 The Specificity Conjecture 

Representational choices are often the most difficult issue in cognitive simulation. Rarely does a 

theor y completel y constrai n th e representationa l  format ,  an d whil e man y choice s ar e logicall y 

equivalent ,  eve n smal l  change s ca n yiel d ver y differen t  performanc e fo r  a  particula r  algorithm . 

Ofte n ther e i s n o agreemen t  (an d sometime s intens e disagreement )  o n wha t  representation s ar e 

reasonable .  Th e typica l  solutio n i s t o tes t  program s o n a  variet y o f  example s t o ensur e generality . 

We believ e tha t  conten t  variation s alon e ar e no t  alway s enough .  Varyin g mor e globa l 

representationa l  assumptions ,  suc h a s th e amoun t  o f  perceptua l  information ,  ca n als o b e crucial . 

Th e representation s use d i n cognitiv e simulatio n ten d t o hav e muc h i n c o m m o n wit h thos e 

use d i n AI .  The y focu s o n th e importan t  aspect s o f  wha t  i s t o b e represented ,  leavin g ou t 

"irrelevant "  information .  Consequentl y the y ten d t o b e rathe r  sparse .  Suc h representation s ar e 
fine  i f  th e onl y purpos e i s t o comput e a  particula r  kin d o f  answe r  (suc h a s ho w t o fix a  broke n 

car) ,  an d surel y som e h u m a n representation s ar e lik e that .  Bu t  i s i t  reasonabl e t o assum e tha t 

most  are ? W e suspec t  not .  A  perso n solvin g a  proble m o r  readin g a  stor y build s a n interna l 
representatio n fro m a  variet y o f  sources .  Thi s ca n includ e ric h visua l  an d auditor y informatio n 

abou t  appearance s (possibl y includin g menta l  imagery )  fro m whic h th e relevan t  factor s mus t  b e 

extracted .  I n fact ,  th e mor e realisti c th e problem-solvin g scenario ,  th e mor e irrelevan t 

informatio n ther e tend s t o be .  Whil e a n exper t  m a y hav e a n intricat e theor y o f  th e situation ,  i t  i s 
fa r  fro m clea r  tha t  th e theory ,  a s a  percentag e o f  th e tota l  numbe r  o f  proposition s i n th e 

representation ,  dominates .  A n d a  novic e face d wit h th e sam e domai n ma y hav e n o applicabl e 

abstrac t  knowledge ,  an d thu s ca n onl y encod e observabl e properties . 
Let  u s us e top-heav y t o refe r  t o description s wher e mos t  o f  th e informatio n i s abstract ,  wit h 

ver y littl e informatio n abou t  appearance s o r  basi c objec t  properties ,  an d bottom-heav y fo r 

description s i n whic h appearanc e informatio n dominate s (ther e m a y b e jus t  a s muc h relationa l 

structur e a s top-heav y descriptions ,  a s lon g a s ther e i s eve n mor e appearanc e information) .  Base d 
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on the observation that we can see far more than we can explain, we make the Specificity 

Conjecture :  bottom-heav y description s ar e ver y c o m m o n i n huma n memory ,  perhap s 

outnumberin g toj>-heav y descriptions .  I f  thi s conjectur e i s correct ,  i t  i s  importan t  t o tes t 

simulation s o n bottom-heav y description s a s wel l  a s th e top-heav y description s whic h hav e bee n 

th e favorit e o f  experimenters . 

H ow doe s th e Specificit y Conjectur e affec t  structura l  evaluatio n o f  analogy ? Structurally , 

top-heav y description s hav e a  preponderanc e o f  higher-orde r  relations ,  whil e bottom-heav y 

description s hav e man y mor e attribute s an d first-order  relation s (e.g. ,  LEFT-OF ,  BELOW).  Conside r 

th e relativ e numbe r  o f  matc h hypothese s i n th e Base/A N an d B a s e / M A comparison s describe d 

above .  Al l  els e bein g equal ,  give n a  top-heav y representatio n th e Base/A N compariso n wil l  hav e 

more matc h hypothese s tha n th e Base /M A comparison ,  sinc e ther e i s mor e higher-orde r  structur e 

tha n appearanc e information .  Conversely ,  i n a  bottom-heav y representatio n th e B a s e / M A 
compariso n wil l  hav e mor e matc h hypothese s tha n th e Base/A N comparison ,  sinc e ther e i s mor e 
appearanc e informatio n t o matc h tha n higher-orde r  structure .  Thu s i n top-heav y representation s 

SES{Base/AN )  >  SES{Basc /MA )  wil l  ten d t o b e tru e eve n wit h unifor m M H scores ,  assumin g 

tha t  th e higher-orde r  structure s d o i n fac t  match .  Bu t  i n bottom-heav y representation s th e 
tendenc y i s toward s SES[Base/AN )  <  SES{Base /MA) ,  du e t o th e predominanc e o f  appearanc e 

information .  I n thi s cas e trickle-dow n play s a  crucia l  role ,  t o preven t  th e inferentiall y  importan t 
compariso n fro m bein g "swamped "  b y th e surfac e comparison .  Peopl e apparentl y hav e th e abilit y 

t o find  structura l  commonalitie s eve n whe n the y hav e bottom-heav y representations^ .  B y lookin g 
fo r  swampin g ove r  a  spac e o f  numerica l  parameter s an d representatio n choice s (i.e. ,  b y varyin g 

th e amoun t  o f  appearanc e information) ,  w e hav e a  mor e subtl e prob e fo r  explorin g structura l 
evaluation . 

5 Analyzing normalization strategies 

Any physically realizable computing scheme must include elements of finite dynamic range, and 
henc e ther e wil l  alway s b e som e normalizatio n schem e whic h ensure s tha t  score s ar e withi n tha t 
range .  Th e abilit y  o f  trickle-dow n t o preven t  swampin g depend s i n par t  o n th e normalizatio n 
strateg y use d i n computin g scores .  W e ca n divid e suc h strategie s int o tw o broa d classes :  resul t 
normalization ,  an d contributio n normalization .  Connectionis t  model s ten d t o us e resul t 

normalization ;  a  unit' s  input s ar e multiplie d b y a  se t  o f  coefficients ,  added ,  an d the n scale d b y 
some non-linea r  functio n [13] .  Formalism s fo r  probabilisti c  reasonin g ten d t o us e contributio n 

normalization ;  MYCIN' S certaint y factors ,  fo r  instance ,  scal e ever y contributio n t o belie f  i n a 

propositio n b y th e percentag e o f  uncertaint y remainin g fo r  tha t  belief .  Whic h kin d o f  strategy , 
when plugge d int o th e ESENSE apparatus ,  provide s a  bette r  fit  t o th e data ? 

To answe r  thi s questio n w e se t  u p th e followin g experiment .  First ,  w e modifie d th e encode d 
storie s o f  th e origina l  simulatio n experimen t  t o produc e thre e set s o f  stories :  on e consistin g o f 
top-heav y descriptions ,  on e consistin g o f  bottom-heav y description s (i.e. ,  twic e a s man y matc h 
hypothese s fo r  th e Base /M A compariso n a s fo r  th e Base/A N comparison )  an d on e "neutral "  set , 
wher e th e numbe r  o f  matc h hypothese s fo r  th e Base /M A an d Base/A N comparison s wer e exactl y 
equal .  Then ,  w e implemente d a  representativ e algorith m fo r  eac h typ e o f  normalization .  Fo r  th e 

resul t  normalizatio n cas e w e use d th e followin g rule : 

AddMax : Wi+i = Mtn(1.0, Wi + C.) 

where W^,,iy,+i are the MH's score before and after the contribution, C,- is the amount 
contributed ,  an d Wq =  0.0 .  Fo r  th e contributio n normalizatio n cas e w e use d th e Dempster/Shafe r 

cod e fro m th e origina l  SME structura l  evaluator .  W e the n ra n th e ESENSE apparatu s ove r  ever y se t 
of  storie s usin g eac h normalizatio n strategy ,  varyin g th e numerica l  parameter s ove r  a  broa d range , 
t o se e ho w thes e choice s interacte d t o aff"ec t  th e fit  wit h huma n performance . 

One complicatio n i n settin g u p th e experimen t  i s tha t  thes e strategie s diffe r  i n th e range s o f 
parameter s the y allow .  I n Dempster/Shafe r  al l  parameter s mus t  b e betwee n zer o an d one .  I n 

^For example, in the experiment described above people gave higher structural evaluations to analogies than 
t o appearanc e matches .  Ye t  w e ca n infe r  tha t  the y mus t  hav e store d th e storie s wit h a  grea t  dea l  o f  low-orde r 
information ,  becaus e thei r  memor y acces s wa s bette r  fo r  appearanc e matche s tha n fo r  analogica l  matches . 
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Tabl e 1 :  S u m m a r y o f  fit  a s a  functio n o f  representatio n an d normalizatio n 

Thi s tabl e shows ,  fo r  eac h combinatio n o f  representatio n typ e an d normalizatio n algorithm ,  ho w muc h o f  th e sample d 

paramete r  spac e ca n completel y accoun t  fo r  th e data .  Tha t  is ,  a  valu e o f  X % indicate s tha t  give n an y paramete r 

settin g i n tha t  fractio n o f  th e space ,  SME' s performanc e wil l  exactl y matc h th e origina l  huma n data .  Dempster/Shafe r 

canno t  accoun t  fo r  th e dat a unles s top-heav y representation s ar e assumed . 

Dempster/Shafe r 

AddMax 

Top-heav y 

4.1 % 

75.8 % 

Neutra l 

0.0 % 
41.1 % 

Bottom-heav y 

0.0 % 

18.1 % 

AddMax allowin g Same-Predicat e o r  Same-Functio n t o b e on e o r  greate r  i s equivalen t  t o jus t 

countin g matc h hypotheses ,  s o w e restric t  thes e t o b e les s tha n one .  Trickle-Down ,  o n th e othe r 

hand ,  ca n b e greate r  tha n one ,  sinc e th e othe r  parameter s coul d b e substantiall y  les s tha n one . 

(Eve n i f  th e produc t  i s large r  tha n on e i t  make s n o differenc e fo r  AddNax ,  althoug h i t  woul d violat e 

th e fundamenta l  cissumption s o f  Dempster/Shafer. )  Fo r  AddMa x w e varie d th e thre e numerica l 
parameter s ove r  th e followin g ranges :  Same-Predicat e an d Same-Functio n ove r  (0.0 ,  10"'* ,  10~^ , 

0.01 ,  0.1 ,  0.3 ,  0.9 )  an d Trickle-Dow n ove r  (0.0 ,  0.5 ,  1.0 ,  2.0 ,  4.0 ,  8.0 ,  16.0) .  Fo r  Dempster/Shafe r  w e 

varie d al l  thre e parameter s (Same-Predicate ,  Same-Function ,  an d Trickle-Down )  ove r  th e sam e se t 

of  values :  (0.0 ,  10"* ,  10~^ ,  0.01 ,  0.1 ,  0.3 ,  0.9) .  Th e numbe r  o f  sample s fo r  eac h algorith m i s thu s 7^ , 

or  34 3 points .  T o comput e whethe r  o r  no t  a  poin t  fits  require s runnin g eac h structura l  evaluato r 

si x time s fo r  eac h stor y se t  (i.e. ,  t o d o th e Base/A N an d Bcise/M A compariso n fo r  eac h o f  thre e 

stor y triad s i n a  set) .  Thu s wit h thre e stor y set s 6,17 4 structura l  evaulation s wer e required . 

Tabl e 1  summarize s th e result s b y showin g wha t  percentag e o f  th e sample d paramete r  spac e 
yield s a  perfec t  fit  o f  th e data ,  a s measure d b y th e ESENSE apparatus .  Dempster/Shafe r  clearl y 

allow s swampin g a s th e numbe r  o f  attribut e matche s i s increased .  Thu s i t  canno t  explai n th e 

data ,  unles s attentio n i s restricte d t o top-heav y representations .  AddMax ,  b y contrast ,  ca n b e 

tune d t o fit  th e dat a fo r  eac h typ e o f  representation .  Ca n a  singl e settin g o f  parameter s suffice ? 
Tha t  is ,  ar e ther e subset s o f  th e sampl e spac e i n whic h AddMa x fits  th e dat a fo r  al l  thre e types ,  o r 

ar e th e subset s whic h fit  th e dat a fo r  eac h typ e o f  representatio n disjoint ? Yes ,  ther e i s a  singl e 

subse t  whic h fits  th e data .  Th e boundar y o f  thi s regio n appear s complicated ,  an d th e coarsenes s 

of  ou r  samplin g preclude s a  detaile d descriptio n o f  it .  However ,  i t  i s  reasonabl y large ,  indicatin g 

tha t  th e algorith m i s no t  overl y sensitiv e t o particula r  choice s o f  parameters .  Fo r  example ,  withi n 

th e range s Same-Predicat e G  [lO~^,O.Ol] ,  Same-Functio n G  [10~'*,0.01] ,  an d Trickle-Dow n G  [4,16] , 

ever y poin t  fits  perfectly .  Th e region s whic h ar e clearl y outsid e ar e interesting :  Trickle-Dow n 
value s o f  1. 0 o r  less ,  value s o f  Same-Predicat e o f  0. 3 o r  more ,  an d value s o f  Same-Functio n 0. 9 o r 

higher .  Intuitively ,  wha t  seem s t o b e happenin g i s this :  Unles s Trickle-Dow n i s sufficientl y high , 
not  enoug h scor e caiscade s dow n t o overcom e th e swampin g effec t  o f  th e larg e numbe r  o f  attribut e 

matches .  Fo r  th e sam e reason ,  th e "baselin e activation "  fo r  eac h M H mus t  b e kep t  small ; 

otherwis e th e cjiscad e effec t  wil l  b e blocke d b y normalization . 

Thi s experimen t  suggest s a n interestin g possibility .  Sinc e an y physica l  computatio n schem e 
incorporate s element s o f  limite d dynami c range ,  fo r  an y se t  o f  parameter s ther e wil l  b e som e 

m a x i m u m dept h beyon d whic h additiona l  systematicit y canno t  b e distinguished ,  sinc e th e 

processin g element s wil l  hav e reache d thei r  m a x i m u m scores .  Thi s limi t  m a y b e s o hig h zi s t o b e 

irrelevan t  fo r  h u m a n representations ,  o r  ma y sho w u p a s a n "orde r  cutoff "  i n failin g t o distinguis h 

one compariso n ei s mor e soun d tha n anothe r  i f  bot h ar e extremel y intricate . 

6 Trickle-Down versus Order-Scoring 

An interesting alternative to trickle-down for implementing systematicity is order-scoring. 

Conside r  a  larg e relationa l  structur e whic h i s share d b y bot h bas e an d targe t  i n som e 

interpretatio n o f  a n analogy .  Thi s structur e wil l  hav e a  numbe r  o f  matc h hypothese s involvin g 

relationa l  item s o f  hig h order .  T o satisf y structura l  consistency ,  th e argument s o f  eac h suc h ite m 

must  themselve s hav e correspondence s i n th e interpretation .  Henc e it s mer e presenc e i n th e 
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Tabl e 2 :  Result s o f  Orde r  Scorin g o n th e stor y set s 

Thi s describe s th e percentag e o f  th e sample d point s whic h perfectl y fit  th e dat a fo r  th e thre e stor y set s describe d 

above .  We repea t  th e trickle-dow n AddMax dat a fo r  eas y comparison .  Order-scorin g fail s  t o accoun t  fo r  huma n data , 

assumin g th e Specificit y Conjectur e holds . 

Order-Scorin g 

Trickle-Dow n 

Top-heav y 

69. 1 % 

75.8 % 

Neutra l 
47. 2 % 

41.1 % 

Bottom-heav y 

0.0 % 

18.1 % 

interpretatio n indicate s th e existenc e o f  matche s "al l  th e wa y down "  t o objec t  matches .  Orde r 

scorin g simpl y scale s th e scor e give n t o eac h matc h hypothesi s b y th e orde r  o f  th e item s involved , 
instea d o f  passin g score s downwar d a s i n trickle-down . 

On computationa l  grounds ,  w e fin d order-scorin g les s preferabl e t o trickle-down .  First ,  t o 

satisf y ou r  constraint s orde r  mus t  itsel f  b e compute d locally .  Thi s i s no t  difficult ,  i f  on e allow s 

informatio n t o propagat e "upwards "  fro m matc h hypothese s betwee n entitie s (whic h hav e orde r 

zero )  t o matc h hypothese s whic h includ e the m a s arguments ,  an d s o on .  However ,  thi s explici t 
computatio n o f  orde r  seem s inelegant ,  since ,  t o paraphras e [12] ,  i t  require s "mor e comple x 

currency "  tha n simpl y propagatin g loca l  scores .  A  secon d differenc e i s tha t  order-scorin g directl y 
signal s th e existenc e o f  higher-orde r  relations ,  an d onl y indirectl y signal s th e connectivit y o f  a 
syste m o f  relationa l  matches .  Trickle-down ,  o n th e othe r  hand ,  directl y signal s connectivity , 

leavin g orde r  implicit .  Intuitively ,  connectivit y seem s a  bette r  structura l  reflectio n o f  coherenc e 

and inferentia l  powe r  tha n simpl y th e existenc e o f  higher-orde r  relations .  Thu s trickle-dow n ha s 
greate r  theoretica l  appea l  a s a  wa y o f  derivin g a  structura l  evaluation . 

But  intuition s ca n b e misleading .  T o se e whethe r  order-scorin g coul d accoun t  fo r  th e data ,  w e 
implemente d a  se t  o f  evaluatio n rule s usin g thi s strategy .  Th e contributio n o f  orde r  wa s define d 

by th e functio n 0  7  : 

07 {ME) = Mm(1.0,C X [1 + Order{MH) X Order-Bias]) 

where C is either Same-Predicate or Same-Function as appropriate. We sampled this 
paramete r  spac e i n th e sam e wa y a s i n th e earlie r  analysis :  i.e. ,  Same-Predicat e an d 

Same-Functio n range d ove r  (0.0 ,  10"^ ,  10"^ ,  0.01 ,  0.1 ,  0.3 ,  0.9 )  an d Order-Bia s ove r  (0.0 ,  0.5 ,  1.0 ,  2.0 , 
4.0 ,  8.0 ,  16.0) .  Tabl e 2  summarize s th e results .  Clearly ,  0 7 i s no t  a  viabl e candidat e fo r 
implementin g th e systematicit y preference ,  sinc e i t  i s  swampe d o n bottom-heav y representations . 

We suspec t  tha t  thi s resul t  wil l  hol d fo r  al l  order-scorin g algorithms .  Eve n whe n Order-Bia s i s 

high ,  loca l  normalizatio n prevent s th e scor e o f  an y particula r  M H becomin g to o high . 
Trickle-dow n avoid s thi s limitatio n b y co-optin g al l  th e lower-orde r  structur e matche s unde r  th e 

high-orde r  match ,  thu s providin g bette r  resistanc e t o swamping . 

7 Discussion 

Previous work demonstrated that structural critera are important in judging the relative 
soundnes s o f  analogica l  comparisons .  Thi s pape r  explore s th e relationshi p betwee n th e dat a an d 

simulatio n i n detail ,  makin g explici t  th e principle s whic h constrai n th e spac e o f  algorithm s w e 
allow ,  an d usin g th e previou s experiment s t o provid e a  framewor k fo r  sensitivit y analyse s (th e 

ESENSE apparatus )  tha t  hel p provid e a  deepe r  accoun t  o f  structura l  evaluation .  I n particular ,  w e 

introduce d th e Specificit y Conjecture ,  whic h suggest s tha t  i n menta l  representation s appearanc e 
and othe r  low-orde r  informatio n i s likel y t o dominate .  I f  true ,  ou r  experiment s indicat e tha t  (a ) 

normalizatio n o f  score s fo r  loca l  matche s shoul d occu r  b y a  resul t  normalizatio n strateg y rathe r 
tha n b y contributio n normalizatio n an d (b )  trickle-dow n provide s a  bette r  implementatio n o f  th e 
systematicit y preferenc e tha n order-scoring . 

We believ e th e Specificit y Conjectur e ha s importan t  genera l  ramification s fo r  cognitiv e 
simulation .  Th e aestheti c fo r  goo d representation s i n A I  i s drive n b y th e desir e t o solv e particula r 
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kinds of problems. Since AI workers tend to do more explicit formal representations than workers 

i n othe r  area s o f  Cognitiv e Science ,  thei r  aestheti c tend s als o t o b e inherite d b y othe r  areas ,  eve n 

when i t  ma y no t  b e appropriate .  Ther e i s ver y littl e direc t  evidenc e abou t  th e forma t  an d 

statistica l  propertie s o f  menta l  representation s (i.e. ,  whe n the y ten d t o b e top-heav y versu s 

bottom-heavy) .  Still ,  th e fac t  tha t  human s hav e powerfu l  perceptua l  system s whic h delive r  a  ric h 

assortmen t  o f  informatio n regardles s o f  whethe r  the y kno w muc h els e abou t  wha t  the y ar e seein g 

argue s fo r  th e importanc e o f  testin g simulation s wit h bottom-heav y representations .  Showin g 

tha t  a  simulatio n work s i n differen t  conten t  area s i s no w common .  Thi s  i s clearl y important ,  bu t 

we no w believ e tha t  i t  i s  no t  enough .  On e mus t  explor e ho w wel l  a  simulatio n perform s wit h a 

rang e o f  representation s tha t  capture s plausibl e intuition s abou t  wha t  th e rang e o f  menta l 

representation s migh t  b e like . 

8 Acknowledgements 

Brian Falkenhainer provided valuable advice and algorithms for carrying out parts of the 

sensitivit y analyses .  Thi s pape r  benefite d fro m discussion s wit h Joh n Collins ,  Bria n Falkenhainer , 

Rob Goldstone ,  Ar t  Markman ,  Dou g Medin ,  Janic e Skorstad ,  an d E d Smith .  Thi s researc h wa s 

supporte d b y th e Offic e o f  Nava l  Research ,  Contrac t  No .  N00014-85-K-0559 ,  a n NS F Presidentia l 
Young Investigato r  award ,  an d a n equipmen t  gran t  fro m IBM . 

References 

[l] Burstein, M. H. (1983). A model of learning by analogical reasoning and debugging. In Proceedings of the 
Nationa l  Conferenc e o n Artificia l  Intelligence ,  Washington ,  D .  C . 

[2 ]  Falkenhainer ,  B. ,  Toward s a  general-purpos e belie f  maintenanc e system ,  in :  J.F .  L e m m er  (Ed.) ,  Uncertaint y i n 
Artificia l  Intelligence ,  Volum e II ,  1987 .  Als o Technica l  Report ,  UIUCDCS-R-87-1717 ,  Departmen t  o f 
Compute r  Science ,  Universit y o f  Illinois ,  1987 . 

[3 ]  thir d stag e i n th e analog y process :  Verification-Base d Analogica l  Learning ,  Technica l  Repor t 
UIUCDCS-R-86-1302 ,  Departmen t  o f  Compute r  Science ,  Universit y o f  Illinois ,  October ,  1986 .  A  summar y 
appear s i n Proceeding s o f  th e Tent h Internationa l  Join t  Conferenc e o n Artificia l  Intelligence ,  Milan ,  Italy , 
August ,  1987 . 

[4 ]  Falkenhainer ,  B. ,  Th e S M E user' s manual .  Technica l  Repor t  UIUCDCS-R-88-1421 ,  Departmen t  o f  Compute r 
Science ,  Universit y o f  Illinois ,  1988 . 

[5 ]  Falkenhainer ,  B. ,  K.D .  Forbus ,  D .  Centner ,  Th e Structure-Mappin g Engine ,  Proceeding s o f  th e Fift h Nationa l 
Conferenc e o n Artificia l  Intelligence ,  August ,  1986 . 

[6 ]  Falkenhainer ,  B. ,  Forbus ,  K. ,  Centner ,  D .  Th e Structure-Mappin g Engine :  Algorith m an d example s Artificia l 
Intelligence ,  t o appear ,  1989 . 

(7 ]  Centner ,  D. ,  Th e structur e o f  analogica l  model s i n science ,  B B N Tech .  Repor t  No .  4451 ,  Cambridge ,  M A . , 
Bol t  Berane k an d N e w m an Inc. ,  1980 . 

[8 ]  Centner ,  D. ,  Structure-mapping :  A  theoretica l  framewor k fo r  analogy .  Cognitiv e Scienc e 7(2) ,  1983 . 
(9 )  Centner ,  D. ,  Mechanism s o f  analogica l  learning .  T o appea r  i n S .  Vosniado u an d A .  Ortony ,  (Eds.) ,  Similarit y 

and analogica l  reasoning .  Presente d i n June ,  1986 . 
[lO ]  Centner ,  D. ,  <f e R .  Landers ,  Analogica l  reminding :  A  goo d matc h i s har d t o find.  I n Proceeding s o f  th e 

Internationa l  Conferenc e o n Systems ,  M a n an d Cybernetics .  Tucson ,  Arizona ,  1985 . 
[ll ]  Holyoak ,  K .  < k Thagard ,  P .  Analogica l  mappin g b y constrain t  satisfaction ,  t o appea r  i n Cognitiv e Science . 
[12 ]  McClelland ,  J .  L. ,  < k Rumelhart ,  D .  E .  (1981) .  A n interactiv e activatio n mode l  o f  contex t  effect s i n lette r 

perception :  Par t  1 .  A n accoun t  o f  basi c findings.  Psychologica l  Review,88{S) ,  375-407 . 
[13 ]  Rumelhart ,  D .  an d McClelland ,  J .  Paralle l  Distribute d Processing ,  Volume s 1  &  2 ,  Th e M I T Press ,  1986 . 
[14 ]  Marr ,  D .  Vision ,  W .  H .  Freema n an d Company ,  Sa n Francisco ,  1982 . 
[15 ]  Rattermann ,  M.J. ,  an d Centner ,  D .  Analog y an d Similarity :  Determinant s o f  accessibilit y  an d inferentia l 

soundness ,  Proceeding s o f  th e Cognitiv e Scienc e Society ,  July ,  1987 . 
[16 ]  Shafer ,  C ,  A  mathematica l  theor y o f  evidence ,  Princeto n Universit y Press ,  Princeton ,  N e w Jersey ,  1976 . 

[I7 j  Skorstad ,  J. ,  Falkenhainer ,  B. ,  Centner ,  D. ,  Analogica l  Processing :  A  simulatio n an d empirica l  corroboration , 

in :  Proceeding s o f  th e Sixt h Nationa l  Conferenc e o n Artificia l  Intelligence ,  Seattle ,  W A ,  August ,  1987 . 

348 


	cogsci_1989_341-348



