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Abstrac t 

The relationship between analogy and schema induction is 
widel y acknowledge d an d constitute s a n importan t 
motivatio n fo r  developin g computationa l  model s o f 
analogica l  mapping .  However ,  mos t  model s o f  analogica l 
mappin g provid e n o clea r  basi s fo r  supportin g schem a 
induction .  W e describ e LIS A (Humme l  &  Holyoak ,  1996) , 
a recen t  mode l  o f  analo g retrieva l  an d mappin g tha t  i s 
explicitl y  designe d t o provid e a  platfor m fo r  schem a 
inductio n an d othe r  form s o f  inference .  LIS A represent s 
predicate s an d thei r  argument s (i.e. ,  object s o r 
propositions )  a s pattern s o f  activatio n distribute d ove r 
unit s representin g semanti c primitives .  Thes e 
representation s ar e activel y (dynamically )  boun d int o 
proposition s b y synchronizin g oscillation s i n thei r 
activation :  Argument s fir e i n synchron y wit h th e cas e role s 
t o whic h the y ar e bound ,  an d ou t  o f  synchron y wit h othe r 
cas e role s an d arguments .  B y activatin g proposition s i n 
L T M,  thes e pattern s driv e analo g retrieva l  an d mapping . 
Thi s approac h t o analo g retrieva l  an d mappin g account s fo r 
numerou s fmding s i n huma n analogica l  reasonin g (Humme l 
& Holyoak ,  1996) .  Augmente d wit h a  capacit y fo r 
intersectio n discover y an d unsupervise d learning ,  th e 
architectur e support s analogica l  inferenc e an d schem a 
inductio n a s a  natura l  consequence .  W e describ e LISA' S 
accoun t  o f  schem a inductio n an d inference ,  an d presen t 
some preliminar y simulatio n results . 

Schemas, Induction and Analogy 

Cognitive scientists have long appealed to the notion of 
schema s t o explai n man y aspect s o f  huma n thinkin g (se e 
Rumelhart ,  1980) .  A  schem a i s a  generalize d knowledg e 
structur e tha t  characterize s th e relationship s applicabl e t o 
some clas s o f  object s o r  events .  Fo r  example ,  a 
"permissio n schema "  (Chen g &  Holyoak ,  1985 )  migh t 
describ e th e clas s o f  situation s i n whic h som e preconditio n 
must  b e satisfie d befor e permissio n t o perfor m a n ac t  i s 
grante d (e.g. ,  on e mus t  b e ove r  2 1 t o drin k alcohol) ;  a 
"combustio n engin e schema "  migh t  specif y th e genera l 
relationship s amon g th e part s an d operatio n o f  a  combustio n 
engine .  Schema s suppor t  inferences .  Fo r  example ,  a 
reasone r  coul d us e th e permissio n schem a t o infe r  tha t  a 
teenag e bee r  drinke r  woul d b e i n violatio n o f  th e rule ;  a 
reasone r  coul d us e th e combustio n engin e schem a t o 
anticipat e tha t  a  Hond a L 6 lite r  engin e wil l  no t  ru n afte r  th e 
gas lin e ha s bee n cu t  (eve n i f  tha t  perso n ha s neve r  actuall y 
cut  th e ga s lin e o f  a  Hond a 1. 6 lite r  engine) .  A n essentia l 
propert y o f  schema s i s tha t  the y ar e relationa l  structure s 
rathe r  tha n simpl e list s o f  feature s o r  properties .  Tha t  is . 

the y explicitl y  specif y h o w th e propertie s o f  a  clas s ar e 
relate d t o on e another :  th e (legal )  drinkin g o f  alcoho l  i s 
contingen t  upo n bein g ove r  21 ;  th e ga s lin e carrie s th e 
gasolin e t o th e carburetor . 

An importan t  questio n regardin g schema s concern s thei r 
origin :  H o w d o w e induc e a  genera l  schem a fro m experienc e 
wit h specifi c  object s an d events ? A s Holland ,  Holyoak , 
Nisbet t  an d Thagar d (1986 )  hav e emphasized ,  inductio n 
canno t  procee d b y blin d search .  Rather ,  i t  entail s 
discoverin g systemati c correspondence s amon g th e element s 
of  specifi c  know n instance s (object s o r  events )  an d usin g 
thos e correspondence s t o guid e th e inductio n o f  generalize d 
schemas .  Fo r  example ,  conside r  inducin g a  simpl e schem a 
describin g situation s i n whic h a  ma n love s a  woman ,  th e 
w o m an like s flowers ,  an d th e ma n give s th e woma n flowers , 
base d o n th e examples :  (1 )  Ji m love s Mary ,  Mar y like s 
roses ,  an d Ji m give s Mar y roses ,  an d (2 )  Bil l  love s Susan , 
Susan like s tulips ,  an d Bil l  give s Susa n tulips .  T o generat e 
th e schem a fro m th e examples ,  i t  i s  firs t  necessar y t o 
appreciat e tha t  Ji m correspond s t o Bil l  rathe r  tha n Mary ,  tha t 
love s correspond s t o love s rathe r  tha n gives ,  an d s o forth . 
Knowledg e o f  thes e correspondence s i s crucia l  fo r  knowin g 
whic h element s t o generaliz e over . 

One wa y t o discove r  th e appropriat e correspondence s i s t o 
dra w a n analog y betwee n th e instances .  Fo r  thi s reason ,  i t 
has bee n argue d tha t  analogica l  reasonin g play s a n importan t 
rol e i n schem a inductio n (Centner ,  1989 ;  Holyoa k & 
Thagard ,  1995) .  Analogica l  reasonin g generall y involve s 
usin g a  relativel y well-understoo d sourc e analo g t o guid e 
inference s abou t  a  les s familia r  targe t  analog .  Thi s proces s 
has fou r  majo r  components :  (1 )  usin g th e targe t  t o retriev e a 
potentiall y  usefu l  sourc e fro m memory ;  (2 )  mappin g 
element s o f  th e sourc e ont o element s o f  th e targe t  t o identif y 
systemati c correspondences ;  (3 )  usin g th e mappin g t o dra w 
inference s abou t  th e target ;  an d (4 )  inducin g a  generalize d 
schema tha t  capture s th e commonaltie s betwee n th e sourc e 
and targe t  (e.g. ,  Carbonell ,  1983 ;  Centner ,  1989 ;  Gic k & 
Holyoak ,  1983) . 

Numerou s model s o f  analog y hav e bee n develope d tha t 
collectivel y addres s th e stage s o f  analo g retrieval ,  mapping , 
and inferenc e (e.g. ,  Falkenhainer ,  Forbu s &  Centner ,  1989 ; 
Forbus ,  Centne r  &  L a w ,  1995 ;  Halfor d e t  al. ,  1994 ; 
Hofstadte r  &  Mitchell ,  1994 ;  Holyoa k &  Thagard ,  1989 ; 
Thagard ,  Holyoak ,  Nelso n &  Gochfeld ,  1990) .  O n th e fac e 
of  it ,  suc h model s provid e a  basi s fo r  modelin g schem a 
inductio n (becaus e the y provid e a  computationa l  accoun t  o f 
h o w t o determin e th e correspondence s betwee n elements) . 
However ,  thi s apparen t  connection ,  whil e widel y recognized . 
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has generall y no t  bee n computationall y realized .  I n part , 
thi s shortcomin g reflect s th e wa y thes e model s represen t 
analo g element s (Humme l  &  Holyoak ,  1996) .  Mos t  model s 
of  analogica l  mappin g represen t  analog s eithe r  a s collection s 
of  symbol s compose d int o proposition s (e.g. .  Falkenhaine r 
et .  al .  1989 :  Keane .  1995 )  o r  a s localis t  unit s i n a 
connectionis t  networ k (e.g. ,  Holyoa k &  Thagard ,  1989 ; 
Thagar d et .  al ,  1990) .  Representation s o f  thi s typ e ca n 
readil y captur e structure ,  makin g the m ver y attractiv e a s a 
basi s fo r  analogica l  mappin g (a n inherentl y structura l 
problem) .  Bu t  lackin g an y detaile d semanti c decomposition , 
suc h representation s ar e inadequat e fo r  generalizatio n an d 
buildin g abstraction s (basi c component s o f  schem a 
induction) .  I n general ,  th e twi n requirement s o f  structur e 
sensitivit y an d flexible  generalizatio n pos e a  seriou s 
challeng e t o th e desig n o f  a n architectur e tha t  aim s t o 
integrat e analogica l  mappin g wit h schem a induction . 

We hav e recentl y develope d a  computationa l  mode l  o f 
analog y base d o n ver y differen t  assumption s abou t  th e 
representatio n o f  analo g element s an d th e operation s tha t 
discove r  correspondence s betwee n the m (Humme l  & 
Holyoak ,  1996 :  se e H u m m el  &  Holyoak ,  1992 ,  an d 
Humme l,  Meltz ,  Thompson ,  &  Holyoak ,  1994 ,  fo r 
precursors) .  Th e hear t  o f  th e mode l  i s a n architectur e fo r 
representin g structure d informatio n i n a  distribute d fashion , 
capturin g bot h th e structure-sensitivit y o f  a  localis t  o r 
symboli c representatio n an d th e flexible  generalizatio n 
provide d b y a  distribute d connectionis t  representation .  Th e 
model ,  calle d U S A {Learnin g an d Inferenc e wit h Schema s 
and Analogies) ,  i s  designe d t o provid e a n integrate d accoun t 
of  al l  fou r  majo r  component s o f  analog y use ,  fro m retrieva l 
t o schem a induction .  W e hav e recentl y show n tha t  LIS A 
account s fo r  numerou s finding s concernin g huma n analo g 
retrieva l  an d mappin g (Humme l  &  Holyoak ,  1996) .  Thi s 
pape r  describe s som e preliminar y result s usin g LIS A fo r 
schema inductio n an d inference . 

The LISA Model 

Analog Representation, Retrieval and Mapping 

We wil l  briefl y sketc h th e LIS A mode l  an d it s approac h t o 
analo g retrieva l  an d mapping .  Thes e operation s ar e describe d 
i n detai l  (alon g wit h simulatio n results )  b y H u m m el  an d 
Holyoa k (1996) .  Th e cor e o f  LISA' S architectur e i s a 
syste m fo r  activel y (i.e. ,  dynamically )  bindin g role s t o thei r 
filler s i n workin g memor y ( W M )  an d encodin g thos e 
binding s i n L T M .  L IS A use s synchron y o f  firin g fo r 
dynami c bindin g i n W M (Humme l  &  Holyoak ,  1992 ; 
Shastr i  &  Ajjenagadde ,  1993) .  Cas e role s an d object s ar e 
represente d i n W M a s distribute d pattern s o f  activatio n o n a 
collectio n o f  semanti c unit s (smal l  circle s i n Figur e 1) ;  cas e 
role s an d object s fire  i n synchron y whe n the y ar e boun d 
togethe r  an d ou t  o f  synchron y whe n the y ar e no L 

Ever y propositio n i s encode d i n L T M b y a  hierarch y o f 
structur e unit s (se e Figure s 1  an d 2) .  A t  th e botto m o f  th e 
hierarch y are/̂ redicfl̂ e wy A objec t  units .  Eac h predicat e uni t 
locall y code s on e cas e rol e o f  on e predicate .  Fo r  example , 
love l  represent s th e first  (agent )  rol e o f  th e predicat e "love" , 
and ha s bidirectiona l  excitator y connection s t o al l  th e 
semanti c unit s representin g tha t  rol e (e.g. ,  emotion! . 

strongl ,  positiv e 1 ,  etc.) ;  love l  represent s th e patien t  rol e 
and i s connecte d t o th e correspondin g semanti c unit s (e.g. , 
emotion! ,  strongl ,  positive! ,  etc.) .  Semantically-relate d 
predicate s shar e unit s i n correspondin g roles  (e.g. ,  love l  an d 
like l  shar e man y units) ,  makin g th e semanti c similarit y o f 
differen t  predicate s explicit .  Objec t  unit s ar e jus t  lik e 
predicat e unit s excep t  tha t  the y ar e connecte d t o semanti c 
unit s describin g thing s rathe r  tha n roles.  Fo r  example ,  th e 
objec t  uni t  M a r y migh t  b e connecte d t o unit s fo r  human , 
adult ,  female ,  etc. ,  wherea s ros e migh t  b e connecte d t o 
plant ,  flower ,  zb A fragrant . 

lov e (Ji m Mary ) propositio n 

s u b -
propositio n 

predicate 
& objec t 

semantic 

Figur e 1 :  Illustratio n o f  th e L IS A representatio n 
of  th e propositio n "lov e (Ji m Mary)" . 

Sub-proposition units {SPs) bind roles to objects in 
L T M.  Fo r  example ,  "lov e (Ji m M a r y ) "  woul d b e 
represente d b y tw o SPs ,  on e bindin g Ji m t o th e agen t  o f 
loving ,  an d th e othe r  bindin g Mar y t o th e patien t  rol e 
(Figur e 1) .  Th e Jim+agen i  S P ha s bidirectiona l  excitator y 
connection s wit h Ji m an d lovel ,  an d th e Mary+palien t  S P 
has connection s wit h Mar y an d lovel .  Propositio n (/* )  unit s 
resid e a t  th e to p o f  th e hierarch y an d hav e bidirectiona l 
excitator y connection s wit h th e correspondin g S P units .  P 
unit s serv e a  dua l  rol e i n hierarchica l  structure s (suc h a s 
"Sa m know s tha t  Ji m love s Mary") ,  an d behav e differentl y 
accordin g t o whethe r  the y ar e currentl y servin g a s th e 
"parent "  o f  thei r  o w n propositio n o r  th e "child "  (i.e. , 
argument )  o f  anothe r  (se e H u m m el  &  Holyoak ,  1996) .  I t  i s 
importan t  t o emphasiz e tha t  structur e unit s d o no t  encod e 
semanti c conten t  i n an y direc t  way .  Rather ,  the y serv e onl y 
t o stor e tha t  conten t  i n L T M ,  an d t o generat e (an d respon d 
to )  th e correspondin g synchron y pattern s o n th e semanti c 
units . 

The final  componen t  o f  LISA' S architectur e i s a  se t  o f 
mappin g connection s betwee n structur e unit s o f  th e sam e 
typ e i n differen t  analogs .  Ever y P  uni t  i n on e analo g share s 
a mappin g connectio n wit h ever y P  uni t  i n ever y othe r 
analog ;  likewise ,  SP s shar e connection s acros s analogs ,  a s 
do object s an d predicates .  Fo r  th e purpose s o f  mappin g an d 
retrieval ,  analog s ar e divide d int o tw o mutuall y exclusiv e 
sets :  a  drive r  an d on e o r  mor e recipients .  Retrieva l  an d 
mappin g ar e controlle d b y th e driver .  (Ther e i s n o necessar y 
linkag e betwee n th e driver/recipien t  distinctio n an d th e mor e 
familia r  sourceAarge t  distinction. )  L IS A perform s mappin g 
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as a  for m o f  guide d patter n matching .  A s P  unit s i n th e 
drive r  becom e active ,  the y generat e (vi a thei r  SP ,  predicat e 
and objec t  units )  pattern s o n th e semanti c unit s (on e patter n 
fo r  eac h role-argumen t  binding) .  Th e semanti c unit s ar e 
share d b y al l  propositions ,  s o th e pattern s generate d b y on e 
propositio n wil l  activat e on e o r  mor e simila r  proposition s 
i n L T M (analogica l  access )  o r  i n W M (analogica l  mapping) . 
Mappin g differ s fro m retrieva l  solel y b y th e additio n o f  th e 
modifiabl e mappin g connections .  Durin g mapping ,  th e 
weight s o n th e mappin g connection s gro w large r  whe n th e 
unit s the y lin k ar e activ e simultaneously ,  permitin g L IS A 
t o lear n th e correspondence s generate d durin g retrieval . 
Thes e connectio n weight s als o serv e t o constrai n subsequen t 
m e m o ry access .  B y th e en d o f  a  simulatio n run , 
correspondin g structur e unit s wil l  hav e larg e positiv e 
weight s o n thei r  mappin g connections ,  an d non -
correspondin g unit s wil l  hav e strongl y negativ e weights . 

Inference and Schema Induction 

Augmented with intersection discovery and unsupervised 
learning ,  LISA' S approac h t o mappin g support s inferenc e 
and schem a inductio n a s a  natura l  consequence .  Conside r  th e 
previou s "lov e an d flowers "  analog s (Figur e 2) .  Durin g 
mapping ,  correspondin g element s i n th e tw o analog s wil l 
become activ e simultaneously .  Fo r  instance ,  "lov e (Ji m 
Mary) "  i n th e driver ,  wil l  activat e "lov e (Bil l  Susan) "  i n th e 
recipient .  Correspondin g element s (suc h a s Ji m an d Bill ) 
wil l  fir e i n synchron y wit h on e another ,  an d non -
correspondin g element s (Ji m an d Susan )  wil l  fir e ou t  o f 
synchron y (Figur e 3a) .  Ji m share s mal e wit h Bill ,  an d Mar y 
share s femal e wit h Susan ,  s o a  natura l  propositio n t o 
induc e fro m thes e correspondence s i s "love s (male ,  female) " 
(Figur e 3b) .  T o induc e thi s par t  o f  th e schema ,  i t  i s 
necessar y t o (a )  mak e explici t  wha t  correspondin g element s 
hav e i n c o m m o n ,  an d (b )  encod e thos e c o m m o n element s 
int o L T M a s a  ne w proposition . 

love(Ji m 
Mary ) 

A n a l o g 1 

like(Mary 
roses ) 

(give(Jin i  ' 
Mary 

roses ) 

loveCBi U 
Susan ) 

AnalQg 2 

like(Sus. 
tulips ) 

(give(Bi U 
Susan 
tulips ) 

o o o o o o o o 5 o c 5 o c 5 o o 
Semanti c 

Figur e 2 :  Representatio n o f  th e "love s an d flowers " 
analogy .  Shape s (triangle ,  rectangle ,  etc. )  correspon d t o 
classe s o f  unit s a s i n Fig .  1 .  No t  al l  connection s ar e 
shown . 

LISA performs (a) by means of a simple type of 
intersectio n discovery .  Althoug h w e hav e describe d th e 
activatio n o f  semanti c unit s onl y from  th e perspectiv e o f  th e 

driver ,  th e recipien t  analo g als o feed s activatio n t o th e 
semanti c units .  Th e activatio n o f  a  semanti c uni t  i s a  linea r 
functio n o f  it s inputs ,  s o an y semanti c uni t  tha t  i s commo n 
t o bot h th e drive r  an d recipien t  wil l  receiv e inpu t  fro m bot h 
and becom e roughl y twic e a s activ e a s an y semanti c uni t 
receivin g inpu t  fro m onl y on e analog .  C o m m on semanti c 
element s ar e thu s tagge d a s suc h b y thei r  activatio n values . 

(a )  '  A n a l o g 1 
/ '  love(Ji m Mary ) 

Ana lo g 2 
love(Bil l  Susan ) 

o o o o 

Schema 

(b )  '  Analo g 1 
,  '  love(Ji m Mary ) 

Analo g 2 
love(Bil l  Susan ) 

m mm m^Kî ^m S 

Figur e 3 :  (a )  Jim+love-agen t  i n Analog l  activate s 
BiU+love-agen t  i n A n a l o g 2 .  I n th e S c h e m a ,  predicat e 
uni t  1  i s  recruite d fo r  lov e agent ,  an d objec t  uni t  3  i s 
recruite d fo r  th e intersectio n o f  J i m an d Bil l  ("human " 
an d "male") .  S P 4  i s recruite d fo r  h u m a n mal e (objec t 
3 )  b o u n d t o love-agen t  (predicat e 1) .  lYopositio n uni t  3 
begin s t o b e recruited ,  (b )  Mary+love-patien t  i n 

Ana lo g 1  activate s Susan+love-patien t  i n Analo g 2 . 
Predicat e 4  i s  recruite d fo r  love-patient ;  objec t  1  i s 
recruite d fo r  " h u m a n "  an d "female" .  S P 7  i s recruite d 
fo r  th e bindin g o f  predicat e 4  an d objec t  1 .  Propositio n 
uni t  3  n o w code s " love(huma n male ,  h u m a n female)" . 
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Thes e c o m m o n element s ar e encode d int o L T M b y mean s 
of  a n unsupervise d learnin g algorithm .  I n additio n t o 
structur e unit s representin g th e k n o w n sourc e an d targe t 
analogs ,  LIS A ha s a  collectio n o f  unrecruile d structur e unit s 
(i.e. ,  unit s wit h rando m connection s t o on e anothe r  an d t o 
th e semanti c units )  tha t  reside  togethe r  i n a  thir d "schem a 
analog "  (Figur e 3) .  Unrecruite d predicat e an d objec t  unit s 
hav e inpu t  threshold s tha t  onl y allo w the m t o receiv e inpu t 
fro m highl y activ e semanti c unit s -  tha t  is ,  semanti c unit s 
tha t  ar e c o m m o n t o bot h th e drive r  an d recipien t  analogs . 
Such semanti c unit s ar e depicte d i n dar k gra y i n Figur e 3 . 
Withou t  th e ai d o f  a n externa l  teacher ,  thes e unrecruite d 
schema unit s lear n t o respond  t o thes e c o m m o n element s o f 
th e know n analogs .  Simultaneously ,  unrecruite d S P unit s 
lear n t o respon d t o specifi c  conjunction s o f  predicate ,  object , 
and (i n th e cas e o f  hierarchica l  propositions )  P  units ,  an d 
unrecruite d P  unit s lear n t o respond  t o specifi c  combination s 
of  S P units .  Th e resul t  i s  tha t  proposition s describin g th e 
common element s o f  th e know n analog s ar e encode d int o 
L T M a s a  thir d analo g -  a  schema .  Figur e 3  illustrate s thi s 
proces s fo r  on e propositio n i n th e "lov e an d flowers " 
analogy . 

As w e wil l  describ e mor e full y  below ,  L IS A accomplishe s 
analogica l  inferenc e b y th e sam e unsupervise d learnin g 
algorith m a s use d fo r  schem a induction ,  excep t  tha t  th e 
unrecruite d unit s resid e no t  i n a  completel y separat e analo g 
(th e to-be-induce d schema) ,  bu t  i n th e targe t  itself . 

Simulations 

Schema Induction 

To simulat e th e inductio n o f  th e "lov e an d flowers "  schema , 
we gav e L IS A th e followin g analog s (schematize d i n 
Figure s 2  an d 3) : 

Analo g I : 
lov e (Ji m Mary ) 
lik e (Mar y roses ) 
giv e (Ji m Mar y roses ) 

Analo g 2 : 
lov e (Bil l  Susan ) 
lik e (Susa n tulips ) 
giv e (Bil l  Susa n tulips ) 

Ever y objec t  (perso n o r  flower )  wa s represente d b y fiv e 
semanti c units .  Al l  peopl e share d th e feature s person ,  Ji m 
and Bil l  share d male l  an d male! ,  an d Mar y an d Susa n share d 
femal e 1  an d female2 .  Eac h perso n als o ha d tw o uniqu e 
features ,  s o tha t  n o tw o peopl e wer e identical .  Th e flower s 
(rose s an d tulips )  wer e eac h connecte d t o five  semanti c units , 
thre e o f  whic h the y shared .  Th e predicate s wer e represented 
by fou r  semanti c unit s eac h pe r  cas e role .  Lov e share d tw o 
unit s wit h lik e (emotio n an d positive )  bu t  onl y on e wit h 
giv e (positive) .  Ther e wa s als o a  thir d analo g containin g 
onl y "unrecruited "  unit s ~  i.e. ,  unit s wit h initiall y  rando m 
connection s t o on e anothe r  an d (i n th e cas e o f  objec t  an d 
predicat e units )  t o th e semanti c units .  Thi s analo g serve d a s 
th e schema-learnin g analog .  I t  ha d 1 0 objec t  units ,  1 5 
predicat e units ,  1 5 S P units ,  an d 1 0 P  units . 

Ever y propositio n i n Analog s I  an d 2  wa s selecte d 
(activated )  twic e durin g th e simulatio n run .  A s indice s o f 
mappin g an d schem a induction ,  w e recorde d bot h th e final 
value s o f  th e cross-analo g mappin g weight s an d th e fina l 
value s o f  th e (initiall y  random )  connection s i n th e third . 

schema analog .  B y th e en d o f  th e run ,  ther e wa s on e objec t 
uni t  i n th e schem a analo g tha t  ha d learne d larg e positiv e 
weight s (i.e. ,  >  0.7 )  t o th e semanti c unit s person ,  male l  an d 
male2 ,  an d ver y smal l  weight s ( < 0.2 )  t o al l  othe r  semanti c 
units .  Thi s uni t  ha d bee n recruite d t o represen t  "mal e 
person "  an d accordingl y ha d develope d stron g mappin g 
weight s t o Ji m an d Bil l  an d negativ e weight s t o al l  othe r 
objects .  A  differen t  uni t  ha d bee n recruite d t o represen t 
"femal e person "  an d a  thir d t o represent  "generi c flower. " 
Thes e unit s ha d stron g mappin g weight s t o Mar y an d Susa n 
and t o rose s an d tulips ,  respectively .  Th e predicate s recruite d 
unit s i n a n analogou s fashion ,  a s di d th e S P an d P  units . 
Althoug h thi s wa s onl y a  "toy "  example ,  LISA' S 
performanc e wit h i t  suggest s tha t  i t  ca n induc e a  relationa l 
schema give n specifi c  analog s a s examples . 

As a  mor e challengin g tes t  o f  LISA' S abilit y  t o induc e 
schema s fro m examples ,  w e gav e i t  simplifie d description s 
of  Gic k an d Holyoak' s (1980 )  "tumor "  an d "fortress "  stories . 
Thes e storie s describe ,  respectively ,  situation s i n whic h a 
docto r  use s man y wea k ray s (rathe r  tha n a  singl e powerfu l 
one )  t o destro y a  stomac h tumor ,  an d a  genera l  deploy s 
severa l  smal l  group s o f  soldier s (rathe r  tha n on e larg e group ) 
t o captur e a  fortress .  Presente d wit h storie s o f  thi s typ e an d 
give n a  tas k i n whic h the y mus t  m a p the m ont o on e 
another ,  people  wil l  induc e a  mor e genera l  "convergenc e 
schema "  describin g wha t  th e storie s hav e i n c o m m o n (Gic k 
& Holyoak .  1983) . 

We gav e L I S A thes e storie s i n a  simplifie d eight -
propositio n forma t  an d ra n the m i n th e sam e genera l  manne r 
as fo r  th e "love s an d flowers"  analogy .  A s wa s th e cas e fo r 
th e previou s example ,  L IS A induce d a  schem a b y recruitin g 
on e structur e uni t  fo r  eac h elemen t  o f  th e tw o analogs , 
abstractin g ove r  c o m m o n element s (e.g. ,  recruitin g a  singl e 
ne w uni t  fo r  bot h "tumor "  an d "fortress" ,  whic h pla y 
analogou s role s i n th e tw o stories) ,  an d mappin g th e 
abstracte d (schema )  element s t o th e correspondin g origina l 
stor y elements . 

Analogical Inference 

Th e sam e unsupervise d learnin g algorith m tha t  support s 
schema inductio n ca n b e use d i n L IS A t o perfor m inductiv e 
inferenc e b y a  for m o f  "cop y wit h substitutio n an d 
generation "  (Falkenhaine r  e t  al. ,  1989 ;  Holyoak ,  Novic k & 
Melz ,  1994) .  Here ,  know n element s o r  relation s i n on e 
analo g ar e use d t o "fil l  gaps "  i n a  les s familia r  analog . 
Consider ,  fo r  example ,  thi s "uncle "  analogy ,  whic h w e gav e 
LISA : 

Analo g 1 : 
fathe r  (Ab e Bill ) 
brothe r  (Charle s Abe ) 
uncl e (Charle s Bill ) 

Analo g 2 : 
fathe r  (Ada m Bob ) 
brothe r  (Car y A d a m ) 

I n Analo g 1 ,  Charle s i s Bill' s  uncle ,  a  fac t  tha t  i s  explicitl y 
stated .  I n Analo g 2 ,  Car y i s likewis e th e uncl e o f  Bob ,  bu t 
thi s fac t  i s  no t  explicitl y  stated .  W e allowe d L IS A t o m a p 
th e tw o proposition s i n Analo g 2  ont o Analo g 1 , 
establishin g th e correspondence s (a s mappin g connectio n 
weights )  betwee n A d a m an d Abe ,  Bo b an d Bill ,  an d Car y an d 
Charles . 
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We the n allowe d L IS A t o ma p Analo g 1  bac k ont o 
Analo g 2 .  W h e n th e fathe r  an d brothe r  proposilion s i n 
Analo g 1  becam e active ,  the y simpl y activate d th e 
correspondin g proposition s i n Analo g 2 ,  reinforcin g th e 
establishe d mappings .  Bu t  whe n th e uncl e propositio n 
became activ e i n Analo g 1 ,  ther e wa s n o correspondin g 
propositio n i n Analo g 2 .  Instead ,  Analo g 2  ha d a  collectio n 
of  unrecruite d unit s o f  th e typ e use d fo r  schem a inductio n i n 
th e previou s examples .  Becaus e ther e wer e n o predicat e 
unit s pre-dedicate d fo r  th e uncl e relation ,  tw o unrecruite d 
predicat e unit s learne d (withou t  supervision )  t o respon d t o 
th e tw o place s o f  th e uncl e relation .  Th e uni t  recruite d fo r 
uncle l  (th e agen t  o f  th e uncl e relation )  fire d i n synchron y 
wit h th e Car y uni t  (becaus e Gar y wa s bein g drive n b y 
Charles ,  whic h wa s firin g i n synchron y wit h uncle l  i n 
Analo g 1) .  A s a  result ,  a n S P uni t  wa s recruite d t o respon d 
t o th e conjunctio n o f  Car y an d unclel .  Similarly ,  a 
predicat e uni t  wa s recruite d fo r  uncle l  an d a n S P uni t  wa s 
recruite d fo r  th e conjunctio n Bob-uncle2 .  Finally ,  a  P  uni t 
was recruite d t o respon d t o thes e tw o ne w SPs .  Eac h o f 
thes e unit s develope d stron g mappin g connectio n weight s t o 
th e correspondin g unit s i n Analo g 1 .  Th e resul t  o f  thes e 
operation s wa s tha t  LIS A "inferred "  tha t  Car y i s th e uncl e o f 
Bob an d store d thi s inferenc e i n L T M a s a  ne w propositio n 
i n Analo g 2 . 

Conclusion 

LIS A provide s a  solutio n t o th e proble m (forcefull y pose d 
by Fodo r  &  Pylyshyn ,  1988 )  o f  representin g knowledg e 
ove r  a  distribute d se t  o f  unit s whil e preservin g systemati c 
relationa l  structure .  Lik e previou s model s base d o n 
symboli c o r  localist-connectionis t  representations ,  LIS A i s 
abl e t o retriev e an d m a p analog s base d i n larg e par t  o n 
structura l  constraints .  Bu t  i n addition ,  L IS A i s  abl e t o 
capitaliz e o n it s distribute d representation s o f  meanin g t o 
integrat e analogica l  mappin g wit h a  flexibl e generalizatio n 
mechanism .  Thi s inductio n engin e ca n mak e analogica l 
inference s abou t  a  specifi c  targe t  analog ;  th e sam e basi c 
mechanis m ca n creat e ne w schema s b y finding  an d codin g 
th e structure d intersectio n betwee n multipl e analogs .  LIS A 
thu s provide s a n explanatio n o f  wh y peopl e appea r  t o induc e 
generalize d schema s a s a  natura l  consequenc e o f  usin g 
analogie s (e.g. ,  Novic k &  Holyoak ,  1991 ;  Ros s & 
Kennedy ,  1990) .  Analogica l  reasonin g provide s bot h th e 
inpu t  an d th e trigge r  fo r  inductiv e learning . 
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