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Abstract 

We describe a connectionist network that performs a com-

plex ,  cognitiv e task .  I n contrast ,  th e majorit y o f  neura l  net -

wor k researc h ha s bee n devote d t o connectionis t  network s 

tha t  perform  low-leve l  tasks ,  suc h a s vision .  Highe r  cogni -

tiv e tasks ,  lik e categorization ,  analogy ,  im d similarit y ma y 

ultimatel y res t  o n alignmen t  o f  th e structure d representa -

tion s o f  tw o domains .  W e mode l  huma n judgment s o f  simi -

larity ,  a s predicte d b y Structure-Mappin g Theory ,  i n th e 

one-sho t  mappin g task .  W e us e a  localis t  connectionis t 

representatio n i n a  Marico v Rando m Fiel d formalis m t o 

perform  cross-produc t  matchin g o n grap h representation s 

of  propositions .  Th e networ k perform s structure d analo -

gie s i n it s  domai n flexibly  an d robustly ,  resolvin g loca l  an d 

non-loca l  constraint s a t  multipl e level s o f  abstraction . 

In t roduct io n 

The process of structure-matching may underhe a broad 

rang e o f  cognitiv e phenomena ,  rangin g fro m analog y an d 

met^ho r  throug h visua l  recognitio n [Centner ,  1983 ;  Falk -

enhainer ,  Forbu s &  Centner ,  1986 ;  Medin ,  1989 ;  Cooper , 

1990] .  Th e developmen t  o f  biologicall y plausibl e model s 

of  structur e matchin g m a y offe r  additiona l  insight s int o 

h o w thi s importan t  proces s ca n b e computed . 

I n thi s paper ,  w e develo p a  structure d connectionis t 
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model that performs suucture matching on a well-studied 

tas k -  one-sho t  mappin g unde r  condition s o f  cross-map -

pin g (Figur e l)[Markma n &  Centner ,  i n press ;  Centne r  & 

Toupin ,  1986 ;  Coldstone ,  Medi n &  Centner ,  1991] .  Th e 

psychologica l  evidenc e show s bot h tha t  suiictur e align -

ment  mus t  pla y a  rol e i n th e huma n performanc e o f  thi s tas k 

and tha t  ther e i s a  subtl e interactio n o f  loca l  an d non-loca l 

constraint s a t  multipl e level s o f  abstractio n intrinsi c t o it s 

solution .  Thes e ar e th e kind s o f  computationa l  characteris -

tic s tha t  len d themselve s naturall y t o modellin g b y a  con -

nectionis t  network .  Eve n so ,  th e inherentl y non-loca l  an d 

relationa l  natur e o f  structur e matchin g offere d a n interest -

in g challeng e fo r  connectionis t  modelling . 

UnUke mos t  neura l  networ k research ,  ou r  mode l 

perform s a  rea l  high-leve l  cognitiv e task .  I t  i s a  localist , 

structured ,  connectionis t  mode l  [Feldman ,  Fant y &  Cod -

dard ,  1988 ;  Feldma n &  Ballard ,  1988 ;  Hinton ,  McClellan d 

& Rumelhart ,  1986] ,  wher e networ k entitie s represen t 

natura l  proble m constituents .  Th e ke y constraint s i n th e 

task ,  exemplifie d b y th e rule s o f  structur e mappin g theor y 

[Centner ,  1983 ;  Falkenhainer ,  Forbu s &  Centner ,  1986 ] 

suc h a s th e necessit y  t o construc t  a  1  -to- 1 miipping ,  ar e in -

stantiate d directl y b y th e syste m o f  connections .  Th e archi -

tectur e closel y follow s tha t  o f  earlie r  connectionis t  model s 

tha t  addresse d th e proble m o f  structur e recognitio n i n 

visio n [Cooper ,  1990] .  I n particular ,  th e matchin g i s 

compute d b y a  cross-produc t  networ k tha t  consider s part -

par t  an d relation-relatio n matche s i n parallel .  W e adopte d 

Marko v R a n d o m Field s a s th e forma l  basi s o f  ou r  network , 

Figur e 1 :  Th e one-sho t  mappin g task .  Whic h on e fro m th e se t  o f  th e right  bes t 

"goe s with "  th e shap e selecte d fro m th e lef t  set ? Bot h litera l  an d structura l 

propertie s o f  th e proble m pla y a  rol e i n th e answer . 
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whic h provide s a  robus t  an d principle d framewor k fo r 

resolvin g system s o f  simultaneou s sof t  constraint s [Coo -

per ,  1992] . 

Our  larg e networ k mode l  successfull y solve s pn)b -

lem s i n th e domain ,  an d confonn s t o humiu i  pcrloniiiuic c 

on th e task .  Furthermore ,  i t  seem s naturall y suite d t o ex -

pressin g th e relevan t  constraint s tha t  detennin e uis k per -

formance .  A s aresult ,  w e suspec t  tha t  i t  coul d b e easil y an d 

naturall y modifie d t o mode l  relate d task s an d predic t 

performance .  I n addition ,  th e evidentia l  natur e o f  th e un -

derlyin g forma l  framewor k suggest s tha t  i t  coul d naturall y 

incorporat e rea l  perceptua l  input ,  a  possibl y significan t 

advantag e whe n compare d t o othe r  model s [Falkenhainer , 

Forbu s &  Centner ,  1986 ;  Holyoa k &Thagard ,  1989 ; 

Hofstadte r  &MitcheU ,  1992] . 

S M E R F:  N e t w o r k Definitio n 

Overview 

Structure-mapping theory predicts, and experiment has 

born e out ,  tha t  peopl e prefe r  mapping s tha t  preserv e re -

late d set s o f  predicate s ove r  mapping s tha t  preserv e onl y 

isolate d predicates .  Thi s i s th e systematicit y principle . 

Ther e ar e tw o additiona l  constraint s o n mapping .  First ,  w e 

want  ou r  mappin g t o b e 1:1 .  Second ,  i f  w e choos e t o m a p 

tw o predicates ,  the n w e mus t  m a p thei r  arguments .  A t  a 

computationa l  level ,  thi s implie s tha t  w e mustconstrai n th e 

possibl e matche s fo r  a  predicat e suc h tha t  i t  neve r  matche s 

tw o predicate s fro m th e othe r  se t  (no r  an y fro m it s o w n set) . 

We mus t  als o fm d a  wa y t o propagat e th e informatio n tha t 

a matc h ha s occurre d a t  superordinat e level s dow n t o lowe r 
level s [Genmer ,  1983 ;  Falkenhainer ,  Forbu s &  Genmer , 

1986] . 

We wante d a  networ k formalis m tha t  simplifie d ex -

pressin g thes e constraints .  A  distribute d representatio n 

woul d hav e bee n inappropriat e sinc e i t  woul d no t  allo w th e 
direc t  representatio n o f  th e interactio n o f  differin g value s 

i n a  computation .  Further ,  w e wante d ou r  networ k t o b e 

flexibl e i n th e typ e o f  mappin g tha t  i t  coul d make ,  whic h 

require d explicitl y  representin g th e potentia l  matche s <'in d 

constraint s betwee n them .  Thus ,  w e chos e a  localis t  mode l 

-  Mju^ko v R imdo m Field s (MRF's )  [Kinderman n &  Snell , 

1980 ]  -  tha i  ca n represen t  th e structure-mappin g con -

slrjunt s vi a thei r  connectio n structure .  MRF'salsoembod y 

soft-consirjiin t  satisfaction ,  makin g the m noise-resistant , 

and ar e stochastic ,  potentiall y  allowin g th e integratio n o f 

thi s mode l  wit h perception . 

I n a  Marko v rando m field,  ejic h variabl e i s Jissigne d 

t o on e processo r  i n th e network ,  a  site .  Th e valu e fo r  eac h 

sit e come s ft-om  a  se t  o f  possibl e values ,  calle d labels .  A 

sit e change s it s labe l  i n respons e t o pressur e fro m it s 

neares t  neighbors ,  groupe d int o cliques .  N-clique s ar e set s 

of  n  node s tha t  mutuall y constrai n one-another .  Con -

straint s ar e implemente d b y assigning ,  prio r  t o calculation , 

a numeri c scor e t o eac h constraint ,  calle d th e potential . 

Inpu t  t o th e networ k i s i n th e for m o f  evidenc e tha t  a  se t  o f 

label(s )  shoul d b e applie d t o a  se t  o f  site(s) .  Finally ,  eac h 

sit e i s influence d b y a  prio r  probabilit y  -  a  measur e fo r 

eac h labe l  a t  eac h sit e tha t  tha t  sit e wil l  tak e tha t  label . 

S M E RF i s no t  currentl y implemente d i n paralle l  hju^dwar e 

(Fo r  a  paralle l  implementatio n o f  Marko v R a n d o m Fields , 

see [Swain ,  Wixso n &  Chou ,  1990]) .  Instead ,  th e networ k 

was simulate d serially ,  usin g Chou' s highest-confidence -

first(HCF )  algorith m [Cho u &  Brown ,  1990] .  H C F i s guar -

antee d t o converg e t o a  loca l  min imum ;  empirica l  observa -

fion  ha s establishe d it s performanc e a s excellen t  o n a  wid e 

rang e o f  task s [Cooper ,  1990] . 

Representin g th e Sourc e a n d Target :  Relationa l 

N e t w o r k s 

In the one-shot mapping task (Figure 1), subjects are 

presente d wit h th e tw o set s o f  figure s an d th e experimente r 

point s t o th e figure  indicate d b y th e arrow .  Subject s ar e 

the n aske d whic h o f  th e figure s i n se t  B  "goe s with "  th e on e 

indicated .  W e use d th e structur e implici t  i n th e possibl e 

relation s fo r  th e tw o domain s t o dictat e th e structur e o f  th e 

networ k representation .  Thus ,  w e ha d predicate s o n thre e 

differen t  levels ,  o r  orders K 

Figur e 2  show s th e layou t  fo r  node s i n th e relationa l 

networks .  The y ar e organize d b y object ,  predicat e order , 

and attribut e dimension .  I n th e diagram ,  eac h objec t  i s 

represente d b y a  vecto r  o f  si x attributes ,  on e fo r  eac h o f  si x 

attribut e dimensions .  Attribut e dimension s wer e size ,  shape , 
color ,  orientatio n o f  shor t  axis ,  orientatio n o f  lon g axis ,  an d 

reguL'uit y o f  figure .  I n th e diagnun ,  eac h nod e represent s 

Figur e 2 :  Relationa l  Networks .  Object s ar e represente d 
as featur e vector s a t  th e botto m o f  th e diagram .  Rela -

tion s ar e indicate d b y connection s betwee n levels . 

'  Structur e mappin g theor y defme s orde r  a s follows .  Th e 

orde r  o f  object s i s zero .  Th e orde r  o f  a  predicat e i s on e 

mor e tha n th e highes t  orde r  o f  an y o f  it s  arguments . 

Attribute s ar e define d a s one-place ,  fû st-orde r  predicates . 
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on e attribut e dimension .  Object s ar e represente d b y th e 

thre e ful l  vector s a t  th e botto m o f  th e structure .  Th e secon d 

leve l  represent s twelv e possibl e second-orde r  binar y rela -

tion s ove r  th e attributes .  Relation s ar e computed ,  withi n 

th e sam e dimension ,  fo r  left-middl e an d middle-righ t  pair -

in g o f  objects .  Finally ,  th e thir d leve l  represent s si x binar y 

relation s ove r  second-orde r  predicates ,  fo r  within-dimen -

sio n pairings .  Th e overal l  effec t  i s  o f  si x unconnecte d tree -

lik e structures ,  eac h on e representin g a  possibl e relationa l 

hierarch y fo r  on e attribut e dimension . 

Labe l  set s fo r  th e node s depende d o n level ,  but , 

interestingly ,  no t  dimension .  Thi s i s becaus e th e third -

orde r  predicate s tha t  w e wer e modelin g wer e ordina l 

predicates .  W e coul d thu s allo w attribute s t o rang e ove r  a 

set  o f  ordina l  value s tha t  wa s th e sam e fo r  eac h attribut e 

dimension .  Second-orde r  node s calculate d th e ordina l 

differenc e betwee n th e attribute s o f  th e object s the y com -

pared .  Ther e wer e seve n possibl e label s a t  thi s level ,  three -

less-tha n throug h three-greater-tha n (includin g equal) .  Th e 

third-orde r  predicate s wer e "Monotonicall y Increasing / 

Decreasing, "  "Symmetri c (tw o valence s a s well), "  "Fla t 

(n o ordina l  change), "  an d " N o Relation. " 

expres s th e structural-consistenc y consmiin t  o f  suucture -

mappin g theor y an d horizonta l  constraint s expres s th e 1: 1 

matchin g constraint . 

Ther e ;ir e tw o type s o f  vertica l  connectio n -  encour -

agin g an d discouraging .  Encouragin g connection s ac t  t o 

strengthe n relationa l  matche s tha t  ar e consisten t  wit h 

decision s abou t  higher-orde r  relationa l  matches .  Discour -

agin g vertica l  connection s ju e connection s betwee n a  singl e 

matc h nod e a t  on e leve l  an d al l  node s i n ejic h o f  th e sub -

grid s tha t  correspon d t o matche s betwee n object s tha t  ar e 

inconsisten t  wit h th e matchin g nod e a t  th e highe r  level . 

Thes e connection s ac t  t o discourag e matche s fo r  thes e 

predicates . 

Horizonta l  connection s withi n th e matchin g net -

work s ar e als o o f  tw o types .  Th e first  typ e <'ir e norma l  cross -

produc t  matchin g connections .  The y ac t  withi n su b grid s o f 

th e matchin g networks ,  insurin g tha t  within-objec t  predi -

cat e matche s ar e unique .  Th e secon d typ e o f  horizonta l 

connectio n act s betwee n reLile d predicate s fo r  different -

objec t  matches .  Thus ,  i f  w e matc h predicate s fo r  th e siz e o f 

an objec t  an d th e colo r  o f  a n object ,  w e d o no t  wan t  a  matc h 

betwee n th e siz e o f  th e sam e objec t  an d Jin y predicat e i n 

any othe r  objec t  tha n th e on e t o whic h i t  i s  alread y matched . 

M a t c h i n g N e t w o r k s 

The matching networks in SMERF perform the work of 

alignin g th e reLitiona l  structur e betwee n th e tw o domains . 

The y ar e base d o n th e concep t  o f  th e cross-produc t  match -

in g networ k [Cooper ,  1990 ;  Feldman ,  Fant y &  Goddard , 

1988] .  Ther e i s on e nod e fo r  eac h potentia l  matc h betwee n 

predicate s fro m th e tw o domains .  A s wit h simpl e cross -

produc t  matchin g networks ,  w e us e inhibitio n betwee n 

matc h node s fo r  object s tha t  requir e a  uniqu e match . 

Simpl e cross-produc t  matchin g network s see k t o 

plac e tw o set s o f  item s i n one-to-on e correspondence .  I n 

contrast ,  S M E RF seek s t o matc h relation s o n thre e object s 

t o relation s o n thre e objects .  Thi s result s i n a  conceptua l 

sub-divisio n o f  eac h nod e o f  a  simpl e cross-produc t  match -

in g networ k int o a  six-by-si x matrix .  Al l  node s hav e th e 

labe l  "Match/NoMatch. " 

Ther e ar e tw o type s o f  connectio n i n th e matchin g 

network s -  vertica l  an d horizontal .  Vertica l  constraint s 

Puttin g i t  Al l  Togethe r 

We have described, so far, two networks that perform the 

task s o f  structur e instantiatio n an d cross-produc t  match -

ing .  Performin g structur e alignmen t  wit h thes e tool s i s 

simple .  W e merel y connec t  predicate s fro m th e relationa l 

network s t o th e appropriat e matc h node s i n th e cross -

produc t  matchin g networks ,  a s show n i n Figur e 3 .  Th e 

relationa l  network s ar e o n th e lef t  an d right  o f  th e figure, 

wit h th e matchin g network s i n th e center .  Th e arrow s 

represen t  th e mos t  norma l  flow  o f  informatio n i n th e 

network .  Tha t  is ,  informatio n i s received ,  a s evidence ,  a t 

th e botto m o f  th e relationa l  networks .  I t  flows  bot h u p -

allowin g th e relationa l  network s t o instantiat e th e appro -

priat e structur e -  an d a t  th e sam e tim e acros s t o th e 

matchin g networks .  Thes e arrow s ar e no t  uni-directiona l 

-  informatio n i s fre e t o flow  acros s an y connection ,  a  fac t 

tha t  w e hop e t o exploi t  i n th e future . 

Figur e 3 :  S M E R F,  a n abstrac t  view .  Relationa l  network s ar e t o th e lef t  jin d right  o f  th e matchin g network s (center) . 

Informatio n flows  accordin g t o th e arrows . 
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Figur e 4a :  S M E R F,  befor e running .  Figur e 4 b : S M E R F ,  final  state . 
The empt y networ k show s th e layou t  o f  matchin g node s int o grid s an d sub-grids .  Relationa l  node s ar e show n s o 

tha t  th e matchin g node s fo r  thos e relation s ar e i n th e sam e row/column . 

Figur e 4 a (nex t  page )  show s a  ful l  vie w o f  th e 
networ k befor e performin g an y calculatio n (se e [Handler , 

1992 ]  fo r  a  fulle r  description) .  W e ca n se e tha t  ther e ar e 

thre e level s o f  nodes ,  correspondin g t o th e thre e predicat e 

orders .  Thes e ar e arrange d "to p d o w n "  -  highes t  orde r  t o 

lowes t  order .  Arrange d verticall y o n th e lef t  i s  th e rela -

tiona l  networ k fo r  th e to p se t  o f  polygon s i n Figur e 1 .  Th e 

relationa l  networ k fo r  th e botto m se t  o f  polygon s i s repre -
sente d horizontally ,  belo w eac h matchin g grid .  Matchin g 

grid s ar e represente d i n betwee n th e rekitiona l  network s o f 

th e appropriat e level .  Not e tha t  matche s fo r  horizonta l 

node s ar e represente d b y node s i n th e matchin g level s tha t 

ar e verticall y abov e the m (horizonta l  node s ar e repre -
sente d b y columns) .  Similarly ,  vertica l  reLitiona l  node s ar e 

represente d b y row s o f  th e matchin g network .  Als o not e 

tha t  th e second -  an d first-order  matchin g grid s ar e sub -

divide d b y group s o f  predicate s tha t  refe r  t o th e sam e 

object .  Th e si x predicate s ar e ordere d d o w n verticall y (o r 

acros s horizontally )  a t  eac h leve l  fo r  eac h objec t  a s fol -

lows :  Size ;  Shape ;  Color ;  Orientatio n o f  Shor t  Axis ;  Ori -

entatio n o f  Lon g Axis ;  an d Regularit y o f  Figure .  Finally , 

we hav e place d th e object s t o th e lef t  o f  an d belo w thei r 

respectiv e featur e vectors . 
Figur e 4 b show s th e networ k i n it s final  stat e fo r  th e 

proble m give n i n Figur e 1 .  Fo r  thi s experiment ,  th e evi -

denc e fo r  attribut e label s amounte d t o certainty .  Attribute s 

ar e represente d a s square s proportiona l  t o thei r  ordina l 

value .  Ther e ar e tw o differen t  second-orde r  relation s i n th e 

exampl e -  al l  relation s bu t  siz e i n th e vertica l  se t  an d colo r 

i n th e horizonta l  se t  ar e labele d "equal. "  Th e size/colo r 

predicate s ar e labele d "  1  -greater-than "  fo r  bot h sets .  Ther e 

ar e als o tw o third-orde r  relation s -  "flat "  fo r  al l  predicate s 

but  siz e an d color ;  an d "Monotoni c Increase "  fo r  size / 

color .  Th e matchin g networ k label s wer e "Match, "  repre -

sente d b y whit e node s an d " N o Match" ,  represente d b y 
blac k nodes .  W e ca n se e tha t  th e networ k ha s chose n t o 

matc h th e smal l  circl e t o th e whit e circle ,  th e med iu m circl e 

t o th e gre y circle ,  an d th e larg e circl e t o th e blac k circle , 

correspondin g t o thei r  place s i n th e matchin g monotoni c 

relation s i n eac h o f  th e tw o domains . 

Ther e ar e tw o interestin g fact s t o note .  First ,  th e 

matc h betwee n "Monotoni c Increase "  predicate s force s a 

matc h a t  lowe r  level s fo r  siz e an d colo r  predicate s tha t 

woul d no t  matc h otherwise .  Second ,  sinc e th e label s ar e th e 
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sain e fo r  predicate s (withi n order )  th e networ k h.'i s n o 

means o f  selectin g whic h ar e th e correc t  matche s fo r 

predicate s no t  constraine d b y higher-leve l  matches .  Thi s 

was.  i n fact ,  a  shortcomin g i n earlie r  version s o f  S M E R F. 

However ,  discouragin g vertica l  connection s insur e tha t 

matche s fo r  under-consu^ne d predicate s tak e plac e withi n 

objec t  grid s tha t  ar e consisten t  wit h higher-leve l  predi -

cates .  I t  i s  th e unifie d functionin g o f  thes e tw o abstrac t 

constraint s tha t  allow s th e networ k t o c o m e u p wit h a  goo d 

solutio n fo r  th e tw o sets ,  rather  tha n a  disconnecte d se t  o f 

matche s fo r  underconsu^ne d predicate s alon g wit h cor -

rectl y constraine d matche s fo r  on e predicate . 

Th e networ k converge s i n tim e tha t  i s  o n th e orde r  o f 

th e tota l  numbe r  o f  nodes .  Th e simulatio n run s i n approxi -

matel y 4 0 second s o n a  Sparcstatio n 1 ,  abou t  hal f  o f  whic h 

i s initializatio n o f  dat a structures .  Mor e ifnportantly ,  th e 

networ k grow s onl y a s 0(«^) ,  wher e n  i s th e numbe r  o f 

attributes . 

Relate d W o r k 

The current model is a very close theoretical match to SME 

[Falkenhainer .  Forbu s &  Centner ,  1986] .  Lik e SME.  th e 

networ k attempt s ever y matc h betwee n predicates .  How -

ever ,  a s wit h al l  connectionis t  models ,  ther e i s a  U"ade-of f 

m a de betwee n tim e an d space .  Ever y matc h i s "uied "  onl y 

i n th e sens e tha t  ther e i s a  matchin g sit e fo r  ever y possibl e 

combinatio n o f  predicates .  Spac e i s  use d t o represen t 

matches ,  rather  tha n tim e t o comput e them .  Sinc e th e 

networ k converge s withou t  backtracking ,  w e expec t  tha t 

th e algorith m woul d complet e i n constan t  tim e i n a  full y 

paralle l  implementation .  S M E i s inpu t  a  se t  o f  proposi -

tiona l  statement s abou t  th e bas e an d th e target .  Knowledg e 

fo r  th e structur e o f  th e relation s i n bot h th e bas e an d targe t 

i s  provide d explicitly .  I n contrast ,  th e inpu t  t o S M E RF i s i n 

th e for m o f  featur e vectors .  Th e decisio n abou t  label s fo r 

higher-orde r  predicate s i s  m a d e durin g th e calcuLition . 

Thi s shoul d allo w fo r  greate r  flexibilit y  i n modelin g th e 

analog y proces s i n domain s wher e a  propositiona l  repre-

sentatio n i s no t  availabl e beforehand . 

A C ME [Holyoa k &  Thagard ,  1989 ]  i s als o a n exten -

sio n o f  structure-mappin g theory .  I t  to o attempt s t o pre -

serv e relationa l  suuctur e an d disregar d attributiona l  infor -

mation .  A s i n S M E R F,  al l  matche s ar e explicid y repre-

sented .  However ,  ther e i s a  dee p differenc e i n th e metho d 

of  specifyin g th e constraint s betwee n th e tw o systems . 

A C ME take s it s input s i n propositiona l  form .  Becaus e o f 

this ,  i t  consuuct s a  differen t  networ k fo r  ever y problem . 

Thi s seem s t o u s t o b e a  somewha t  restrictiv e metho d fo r 

modelin g analog y i n humans .  I n a  sense ,  A C M E mus t 

solv e th e analog y proble m -  construc t  a  networ k -  i n orde r 

t o solv e th e analog y proble m -  dra w a n analogy .  I n con -

trast ,  S M E RF attempt s t o expres s th e consmunt s i n th e 

matchin g proces s itself .  W e attemp t  t o leav e ope n th e ques -

tio n o f  th e typ e o f  input .  I n general ,  sinc e S M E RF i s 

probabilisti c  i n nature ,  i t  extend s naturall y t o domain s tha t 

behav e wel l  fo r  evidentii d treaunent . 

D iscuss io n 

The chief challenge addressed in this work was the devel-

opment  o f  a  connectionis t  networ k tha t  expresse d th e 

constraint s o f  structure-mappin g theor y fo r  a  rea l  task . 

Ther e wer e thre e relevan t  constraint s tha t  w e dre w fro m 

su-ucture-mappin g theory .  Th e cross-produc t  matchin g 

network s enforc e 1: 1 mapping .  S M E R F ' s propagatio n o f 

informatio n o n matche s vertic.dl y i n it s  matchin g network s 

work s t o encourage/discourag e matche s tha t  involv e th e 

same/differen t  predicate s enforc e systematicit y an d struc -

tura l  connectedness. 

Th e secon d questio n wa s reall y pju l  o f  th e first:  ho w 

ca n structure-mappin g theor y an d paralle l  architectur e b e 

combined ? Specifically ,  i t  i s  a n assumptio n o f  structure -

mappin g theor y tha t  non-local ,  relationa l  informatio n i s 

th e basi s o f  analogy .  H o w coul d loca l  informatio n b e 

unifie d wit h non-loca l  informatio n i n a  paralle l  framewor k 

so tha t  i t  coul d overrid e attribut e similarity ? Th e netwoii c 

provide d a  mechanis m fo r  th e propagatio n o f  high-orde r 

infonnatio n downward ,  s o tha t  high-orde r  matche s over -

rod e atuibut e matches . 

Ther e ar e severa l  direction s fo r  futur e work .  I t  migh t 

be interestin g t o allo w matchin g informatio n t o mov e 

upwar d throug h th e matchin g level s an d the n ou t  t o th e 

relationa l  networks .  W e imagin e tha t  thi s migh t  hel p solv e 

traditiona l  analog y problem s o f  th e for m "a :  b  : :  c  :  ? "  I t 

woul d als o b e interestin g t o provid e conflictin g evidenc e a t 

th e atunbut e leve l  t o se e h o w th e networ k woul d dea l  wit h 

it . 

Prio r  probabilitie s fo r  sites ,  especiall y th e matchin g 

sites ,  provid e a  furthe r  aren a fo r  exploration .  Conside r  th e 

relationa l  shift .  Ma rkma n an d Centne r  foun d tha t  di e 

number  o f  relationa l  similarit y responses  ros e a s thei r 

experimen t  progresse d (se e als o [Goldstone ,  Medi n & 

Centner ,  1991]) .  Thi s fac t  ca n b e explaine d i f  w e assum e 

tha t  th e prio r  probabilit y  distributio n i s modifie d afte r  eac h 

judgment ,  s o tha t  th e networ k "expects "  t o mak e a  rela -

tiona l  response . 

Processin g symboli c informatio n i n paralle l  system s 

provide s a  powerfu l  metho d fo r  modelin g high-leve l 

cognitiv e functions .  Thi s pape r  ha s describe d a  networ k 

capabl e o f  modelin g huma n performanc e o n th e one-sho t 

mappin g task .  W e hop e tha t  i n th e futur e th e method s 

describe d her e wil l  provid e leverag e fo r  givin g computer s 

th e abilit y  t o solv e thes e large r  problems . 
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