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Abstrac t 

This paper presents a connectionist architecture for 
derivin g u n k n o w n rol e filler s i n relationa l 
expressions .  First ,  a  restricte d solutio n t o th e bindin g 
proble m i s presente d whic h ensure s systematicit y i n 
principle ,  an d allow s fo r  sufficien t  compositionalit y 
so a s t o enabl e instantiatio n o f  share d variable s i n 
conjunctiv e expression s wher e th e sam e objec t  m a y 
fill  a  variet y o f  role s i n a  variet y o f  relations .  Next ,  a 
mor e detaile d architectur e i s explicate d (a n extensio n 
of  McClelland' s 198 1 "Interactiv e Activatio n 
Competition "  architecture )  whic h allow s fo r 
systematicit y i n practic e whil e providin g a  trainin g 
procedur e fo r  relations .  Finally ,  result s o f  th e 
learnin g procedur e fo r  th e Famil y Tre e dat a se t 
(Hinton ,  1990 )  ar e use d t o demonstrat e robus t 
generalizatio n i n thi s domain . 

1. Introduction 

This paper outlines an architecture for connectionist 
symbol  processing .  Th e tas k drivin g thi s architectur e 
i s tha t  o f  variabl e instantiation .  Thi s tas k 
involve s context s wit h an y numbe r  o f  object s playin g 
an y numbe r  o f  role s i n an y numbe r  o f  relations . 
Give n a  subse t  o f  th e objects ,  th e goa l  i s  t o 
simultaneousl y deriv e al l  o f  th e unknow n rol e fillers 
(Stark ,  1992) .  Th e focu s i s o n learnin g relation s i n a 
manner  compatibl e wit h a  principle d bindin g strateg y 
(on e tha t  allow s binding s t o b e propagate d s o a s t o 
allo w rol e fillers  t o b e derived) . 

2. An Interactive Binding Strategy 

V^tiile connectibnist networks are good at representing 
singl e distinc t  (o r  schematic )  objects ,  the y d o no t 
perfor m a s wel l  whe n simultaneousl y representin g 
multipl e objects ,  makin g i t  difficul t  t o distinguis h 
whic h feature s belon g t o whic h objects ,  o r  whic h 
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role s object s ar e playin g i n a  relation .  Thi s i s know n 
as th e bindin g proble m (Hinton ,  McClelland ,  & 
Rumelhart .  1986 ;  Smolensky ,  1990) . 

Th e variabl e instantiatio n tas k serve s t o constrai n 
th e natur e o f  th e bindin g problem .  Rathe r  tha n bein g 
concerne d wit h developin g a  universa l  bindin g schem e 
t o encod e arbitrar y structure s (e.g .  Smolensky ,  1990 ; 
Pollack ,  1990) ,  th e primar y concer n her e i s  wit h 
providin g a  connectionis t  architectur e tha t  exhibit s 
systematicit y (th e abilit y t o allo w i n principl e an y 
objec t  t o appea r  i n an y rol e o f  an y relation )  withou t 
havin g t o a  prior i  dedicat e hardwar e t o allo w fo r  al l 
possibilitie s (cf .  Fodo r  &  Pylyshyn .  1988) . 

Coosidt T a n object-representin g networ k (Figur e 1) , 
viewe d a s a  vecto r  o f  featur e unit s an d a  connectivit y 
matrix .  Here ,  th e auto-associativ e networ k function s 
as a  content-addressabl e memor y tha t  wil l  settl e o n a n 
^propriat e objec t  representation .  Suc h a  networ k ca n 
realiz e a  distribute d representatio n o f  a  singl e object , 
or  a  singl e objec t  schema ;  th e feature s defin e a  vecto r 
spac e i n whic h point s correspon d t o specifi c  object s o r 
possibl e schemas . 

Th e proble m o f  simultaneousl y representin g 
multipl e distinc t  object s ca n b e addresse d b y utilizin g 
multipl e copie s o f  th e basi c object-representin g 
networ k (Hinton ,  McClelland ,  &  Rumelhart ,  1986) . 
and arrangin g the m i n a n interactiv e architecture .  A 
contex t  involvin g tw o object s wil l  b e compute d wit h 
a contex t  networ k consistin g o f  tw o object -
representin g subnetworks ,  wit h additiona l  connection s 
betwee n the m governin g thei r  interaction .  Th e 
additiona l  connection s ar e derive d fro m th e role s th e 
object s ar e t o pla y i n a  give n relatio n i n th e contex t 
network .  Functionin g a s content-addressabl e 
memor ies ,  th e network s ca n cooperat e i n 
simultaneousl y formin g representation s o f  distinc t 
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object s i n specifi c  roles ,  constrainin g eac h other' s 
attempt s t o settl e int o m in ima . 

A two-objec t  contex t  networ k operate s o n a  vecto r 
m a de b y concatenatin g t w o copie s o f  th e featur e vecto r 
associate d wit h a n object-representin g network ,  an d a 
connectio n matri x divide d int o fou r  equa l  subnuunces . 
T h e upper-lef t  a n d lower-righ t  submatrice s (o n th e 
m a i n diagonal )  ar e eac h copie s o f  th e object -
representin g network' s connectio n matrix .  T h e othe r 
tw o submatrices ,  calle d bindin g matrices ,  eac h contai n 
constraint s o n o n e objec t  give n th e othe r  object . 

Figur e 2  s h o w s a  networ k fo r  comput in g a  contex t 
wit h t w o object s ( A an d B )  tha t  ar e i n rol e on e an d 
rol e t w o o f  th e relatio n R  respectively .  I n thi s 
network ,  th e "withi n layer "  connection s fo r  eac h 
objec t  ar e jus t  exac t  copie s o f  th e basi c connectio n 
matri x s h o w n i n Figur e 1 .  T h e othe r  t w o submatrice s 
ar e th e bindin g matrices .  T h e lower-lef t  bindin g 
matri x contain s connection s representin g constraint s 
o n objec t  A' s featur e vecto r  give n tha t  i t  i s i n th e first 
rol e o f  relatio n R  wit h objec t  B  i n th e secon d rol e 
(denote d R ( A | B ) ) .  an d th e upper-righ t  bindin g matri x 
contain s connection s representin g constraint s o n 
objec t  B' s featur e vecto r  give n tha t  i t  i s i n th e secon d 
rol e o f  relatio n R  wit h objec t  A  i n th e firs t  rol e 
(denote d R ( B | A ) ) . 

Context s o f  arbitrar y complexit y ca n b e create d 
usin g suc h bindin g matrices ,  fo r  exampl e a s i n Figur e 
3,  wher e thre e distinc t  object s pla y role s i n t w o 
relations ,  wit h o n e objec t  ( B )  playin g differen t  role s 
i n differen t  relations .  A  generative ,  compositiona l 
syntacti c descriptio n ca n b e use d t o describ e eac h 
contex t  (se e Figur e titles) ;  furthermore ,  an y contex t 
describabl e wit h thi s conjunctive ,  predicate-base d 
synta x ha s a  correspondin g networ k representation . 

Systematicit y i s  realize d becaus e eac h object -
representin g ne twor k i s i n principl e capabl e o f 
representin g an y objec t  o r  s c h e m a .  Sinc e eac h 
variabl e ha s it s o w n subspac e (containin g point s 
correspondin g t o possibl e bindings) ,  crosstal k 

problem s ar e brough t  unde r  control .  W h e n crosstal k 
i s desire d (a s i n th e cas e o f  a  variabl e bein g boun d t o a 
s c h e m a ) ,  superpositiona l  representatio n stil l  occur s 
withi n a  variabl e subspace .  Object-representin g 
connectio n matrice s (alon g th e m a i n diagona l  o f  a 
context )  provid e m a p p i n g s withi n thes e subspaces , 
whil e th e bindin g matrice s provid e mapp ing s betwee n 
variabl e subspaces . 

M o st  o f  th e w o r k reporte d i n thi s pape r  i s devote d 
t o describin g a n advantageou s vecto r  representatio n o f 
object s an d explicatin g procedure s fo r  determinin g th e 
content s o f  th e bindin g matrices .  T h a t  suc h 
procedure s exis t  ca n b e see n b y considerin g r a n d o m 
objec t  vector s an d a  simpl e learnin g procedur e (suc h a s 
tha t  i n a  Hopfiel d net) .  T h e object-representin g 
networ k ca n b e traine d b y applyin g th e Hopfiel d 
learnin g procedur e wit h a  trainin g se t  consistin g o f  al l 
th e objec t  vectors .  T h e bindin g matrice s fo r  eac h 
relatio n ca n b e learne d b y applyin g th e s a m e learnin g 
procedur e o n a  networ k twic e th e siz e (a s i n Figur e 2 ) , 
wher e th e trainin g se t  fo r  eac h relatio n consist s o f 
vector s obtaine d b y concatenatin g th e objec t  vector s o f 
eac h pai r  o f  object s observe d i n th e relation .  W h e n 
learnin g th e bindin g matrices ,  th e connection s i n th e 
object-representin g network s ar e "frozen" ,  tha t  is ,  onl y 
connection s i n th e upper-righ t  an d lower-lef t  quadrant s 
ar e learned . 

Bindin g i s the n a  constructiv e proces s i n wh i c h a 
contex t  networ k i s generate d b y creatin g a  uni t  vecto r 
wh ic h consist s o f  n  concatenate d copie s o f  th e basi c 
objec t  vector ,  w h e r e n  i s th e n u m b e r  o f  object s (o t 
variables )  i n th e context .  T h e overal l  connectio n 
matri x ca n the n b e constructe d dynamically ,  usin g th e 
object-representin g network' s matri x alon g th e m a i n 
diagona l  o f  th e contex t  matrix ,  a n d filling  i n th e 
bindin g matrice s learne d fo r  eac h o f  th e relations ,  a s i n 
Figur e 3 .  T h u s context s involvin g an y configuratio n 
o f  object s i n an y conjunctiv e configuratio n o f 
relation s ca n b e modelled .  I t  i s  thi s p rop^ t y o f  th e 
architectur e tha t  I  refe r  t o a s compositional . 
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3 .  Interact iv e R e p r e s e n t a t i o n o f 

O b j e c t s 

This section looks at one aspect of the more detailed 
architectur e b y considerin g structur e withi n th e object -
representin g network s (Figur e 1) .  Th e architectur e 
use d t o represen t  object s i s base d o n McClelland' s 
(1981 )  "Interactiv e Activatio n Competition "  ( l A Q 
architecture ,  bes t  know n a s th e on e underlyin g th e 
"Jet s an d Sharks "  model .  Th e l A C architectur e 
provide s bot h a  localis t  representatio n wit h a n 
instanc e subnetwor k containin g a  uni t  fo r  eac h object , 
and a  for m o f  distribute d representatio n whereb y eac h 
objec t  i s represente d b y a  patter n o f  activatio n ove r  th e 
remainin g featur e units .  Thes e unit s ar e furthe r 
divide d int o attribut e subnetwOTks ,  eac h wit h uniqu e 
unit s fo r  eac h valu e a n attribut e m a y take .  Network s 
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usin g thi s architectur e ar e abl e t o represent  object s an d 
exhibi t  a  numbe r  o f  interestin g properties ,  includin g 
th e abilit y  t o for m schema s an d functio n a s a  content -
addressabl e memor y (th e networ k i s abl e t o 'Til l  in "  a n 
object' s attribut e value s give n a  subse t  o f  them) . 

W h en considerin g th e proble m o f  learnin g relations , 
however ,  th e righ i  feature s an d attribute s nee d b e 
present .  Th e bindin g schem e describe d i n Sectio n 2  i s 
dependen t  o n feature s bein g explicitl y represented  i f 
the y ar e importan t  i n derivin g th e natur e o f  a 
relationship .  Ther e i s  nothin g inheren t  i n th e 
architectur e t o guarante e tha t  thi s conditio n i s met . 
Whil e no t  claimin g t o hav e foun d a  genera l  solution , 
i t  i s  suggeste d tha t  certai n specifi c  attribute s ar e usefu l 
i n representin g an d learnin g relations. 

I n particular ,  attribute s associate d wit h th e relations 
themselve s ca n b e see n t o b e o f  use .  I f  Joh n love s 
Mary ,  the n Joh n ha s th e attribut e o f  lovin g someone , 
namel y Mary .  Likewise ,  Mar y ha s th e attribut e o f 
bein g love d (b y John) .  Th e lA C architectur e offer s a 
simpl e wa y o f  modelin g suc h attribute s i n th e sam e 
manner  a s an y othe r  attribute ;  fo r  a  give n two-plac e 
relation,  tw o additiona l  attribut e subnetwork s (on e fo r 
eac h rol e o f  th e relation)  ma y b e incorporate d i n th e 
model ,  eac h wit h valu e unit s fo r  eac h objec t  tha t  ha s 
been observe d i n th e give n rol e o f  th e give n relation. 
Thi s i s a  for m o f  conjunctiv e encodin g (Hinton , 
McClelland ,  &  Rumelhart ,  1986) ,  sinc e eac h uni t 
represents  th e conjunc t  o f  a  relation,  a  role ,  an d a n 
object .  Thu s par t  o f  a n object' s distribute d 
representatio n wil l  involv e feature s whic h indicat e tha t 
object' s relationshi p t o othe r  object s i n th e domain . 
The remainder  o f  thi s pape r  wil l  focu s solel y o n thes e 
relational  attributes . 

Conside r  a n exampl e domai n wit h thre e individual s 
(John .  Mary ,  an d Sally) ,  wit h th e five  observe d facts : 
l o v e s ( J o h n , M a r y ) ,  l o v e s ( S a l l y , J o h n ) , 
h a t e s ( M a r y , J o h n ) ,  h a t e s ( J o h n , S a l l y ) , 
h a t e s ( S a l l y , M a r y ) .  Th e correspondin g lA C 
networ k (i n bot h schemati c an d vectw/matri x form )  i s 
shown i n Figur e 4  (th e connectio n matri x i s a  detai l 
of  th e object-representin g matri x [Figur e 1 ]  duplicate d 
alon g th e mai n diagona l  i n Figure s 2  an d 3) . 

Whil e thi s approac h allow s th e realizatio n o f  simpl e 
relationa l  attributes ,  th e limitation s o f  conjunctiv e 
codin g ar e wel l  know n (Hinton ,  McClelland ,  & 
Rumelhart ,  1986 ;  Fodo r  &  Pylyshyn ,  1988) .  A s th e 
goa l  i s  t o b e abl e t o comput e wit h context s o f 
arbitrar y complexity ,  allowin g fo r  an y configuratio n 

J^SJly ) 

of  object s i n an y configuratio n o f  relations,  a  degre e 
of  compositionalit y  i s require d tha t  canno t  b e attaine d 
throug h conjunctiv e codin g alone ,  i f  w e ar e t o b e abl e 
t o represent  no t  just ,  e.g. ,  th e perso n tha t  Joh n loves , 
but  als o th e perso n wh o hate s th e perso n wh o Joh n 
loves ,  o r  th e mothe r  o f  th e perso n wh o hate s th e 
perso n wh o Joh n loves ,  etc . 

4. Simple Binding 

It is to overcome these limitations that the interactive 
bindin g strateg y wa s developed .  W e wil l  firs t  conside r 
a ver y simpl e bindin g procedur e (i.e. ,  a  metho d o f 
derivin g th e connectio n weight s i n th e bindin g 
matrices )  t o demonstrat e th e basi c principl e usin g th e 
lA C architecture .  Thi s procedur e doe s no t  requir e an y 
trainin g procedur e o r  learnin g o f  weights ,  a s doe s th e 
fill !  bindin g procedur e presente d i n th e nex t  section . 

Thi s simpl e bindin g procedur e ca n b e see n i n term s 
of  Hinton' s (1990 )  discussio n o f  "expandin g 
part/whol e hierarchies" .  A n lA C networ k (th e whole ) 
consist s o f  a  numbe r  o f  subnetworks ,  som e o f  whic h 
represent  a  specifi c  attribut e ( a part) .  Whil e th e whol e 
i s abl e t o represen t  object s usin g a  distribute d 
representatio n (whic h include s al l  o f  th e attributes) , 
th e representatio n o f  object s withi n a n attribut e 
networ k i s wholl y localist .  Th e effec t  o f  th e bindin g 
procedur e i s t o selectivel y "expand "  som e o f  thes e 
"partial "  subnetwork s int o a  "whole" ,  enablin g a  full , 
distribute d representatio n o f  it s  value ,  whic h i s 
anothe r  uniqu e objec t  (o r  schema) .  Thu s i n a  contex t 
denote d b y loves(X.Y) ,  ther e wil l  b e tw o copie s o f  th e 
lA C netw(xlc ,  on e representin g X  an d on e representin g 
Y.  Th e bindin g procedur e wil l  provid e a  mappin g 
betwee n th e love e attribut e i n th e X  networ k an d th e 
entir e Y  network .  Thi s expansio n i s no t  strictl y 
hierarchical ,  a s i n Hinton' s discussion ,  sinc e ther e 
wil l  b e a n additiona l  mappin g betwee n th e love r 
subnetwor k i n th e Y  networ k an d th e entir e X  networ k 
(i.e. ,  eac h networ k i s a n expansio n o f  a  par t  o f  th e 
othe r  network) . 

The first  ste p i n determinin g ho w t o fill  i n th e 
bindin g matrice s i s t o m a p the m ou t  i n a  simila r 
manner  t o th e lA C object-representin g networ k 
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connectio n matrice s (Figur e 4) .  Thi s expose s tha t  th e 
mappin g betwee n object s ca n b e see n i n term s o f 
mapping s betwee n aspect s o f  th e representation s o f 
objects .  Figur e S  show s h o w eac h bindin g matri x ca n 
be divide d int o fou r  "regions" :  A  ( a mappin g betwee n 
localis t  representations) ,  B  an d C  (mapping s betwee n 
localis t  representation s an d distribute d representations , 
and vic e \ersa) ,  an d D  ( a mappin g betwee n distribute d 
representations).  A  furthe r  leve l  o f  structur e expwse s 
th e individua l  submapping s i n eac h o f  th e regions , 
involvin g specifi c  attributes ,  a s show n fo r  th e 
exampl e domai n i n Figur e 6 . 

Next  w e conside r  whic h o f  thes e bindin g matri x 
region s an d subregion s wil l  receiv e non-zer o weights . 
To accomplis h th e part/whol e expansio n o f  th e simpl e 
bindin g procedure ,  onl y subregion s i n th e B  an d C 
region s wil l  hav e non-zer o weights .  Specifically ,  tw o 
subregion s i n eac h bindin g matri x (on e i n regio n B 
and on e i n region  C )  wil l  b e eligible ,  correspondin g 
t o th e mapping s involvin g th e expande d attiibut e i n 
thes e regions.  I n th e exampl e domai n (Figur e 4) ,  fo r 
th e contex t  loves(X,Y) ,  subregion s B l  an d C 2 wil l 
be eligibl e i n th e upper-righ t  bindin g matri x (Figur e 
2) ,  a s wil l  subregion s B 2 an d C I  i n th e lower-lef t 
bindin g matrix . 

Th e issu e o f  whic h specifi c  connection s wiihi n 
thes e subregion s wil l  receiv e non-zer o weight s i s 
determine d b y a  notio n o f  co-referenc e (motivate d i n 
par t  b y Fodo r  an d Pylyshyn' s o w n discussio n o f  "th e 
rol e o f  label s i n connectionis t  theories" ,  particularl y 
footnot e 12) .  I f  w e conside r  tw o basi c sets ,  on e o f 
unit s an d on e o f  labels ,  an d defin e a  referenc e functio n 
tha t  map s fro m unit s t o label s (suc h tha t  eac h uni t 
reference s a  label) ,  the n a  notio n o f  co-r^erenc e ca n b e 
define d a s a  relatio n betwee n unit s whic h i s tru e if f 
the y reference  th e sam e label . 

Thi s enable s a  definitio n o f  a  rul e o f  co-reference : 
Onl y co-referencin g unit s ma y b e inter-connecte d a t 
bin d time .  Figur e 7  show s al l  o f  th e potentia l 
connection s i n eac h bindin g matri x fo r  th e exampl e 
domain .  Th e co-referenc e rul e combine d wit h th e 
subregiona l  tx^akdow n o f  th e bindin g matrice s allow s 
a definitio n o f  th e simpl e bindin g procedure : 

S imp l e B ind in g Procedure :  T o bin d tw o 
object s i n a  relatio n R ,  us e tw o copie s o f  th e object -
representatio n networ k (formin g a  contex t  network) . 
Positivel y connec t  co-referencin g unit s betwee n th e 

instanc e subnetwor k o f  th e first  objec t  networ k an d 
th e attribut e subnetwor k representin g th e first  rol e o f 
relatio n R  i n th e secon d objec t  network .  Likewise , 
positivel y connec t  co-referencin g urUt s betwee n th e 
instanc e subnetwor k o f  th e secon d objec t  networ k an d 
th e attribut e subnetwor k representin g th e secon d rol e 
of  relatio n R  i n th e first  objec t  network . 

Give n a  complet e descriptio n o f  a  domain ,  context s 
of  arbitrar y complexit y (limite d onl y b y resources ) 
may b e constructe d usin g repeate d applicatio n o f  thi s 
bindin g procedur e (a s i n Figur e 3) .  Give n informatio n 
abou t  a t  leas t  on e objec t  i n th e context ,  an d 
appropriat e networ k dynamics ,  th e contex t  networ k 
wil l  settl e i n a  stat e whereb y al l  u n d a m p e d object -
representin g subnetwork s wil l  represen t  "solution " 
object s (o r  schemas )  appropriat e fo r  di e contex t  I f 
th e se t  o f  observe d domai n fact s i s  complete ,  th e 
solution s wil l  b e th e sam e a s woul d hav e bee n derive d 
by traditiona l  mean s (e.g. ,  b y Prolog) . 

5. Training and Generalization 

The simple binding procedure, while demonstrating 
li e basi c powe r  o f  th e interactiv e strateg y t o perfor m 

ariabl e instantiatio n withi n conjunctivel y specifie d 
contexts ,  require s complet e domai n informatio n i n 
orde r  t o deriv e solutions .  Althoug h th e strateg y 
allow s fo r  eac h objec t  networ k t o represen t  an y objec t 
i n principle ,  th e simpl e bindin g procedur e wil l  no t 
resul t  i n objec t  network s setUin g o n representations  o f 
object s tha t  hav e no t  bee n observe d i n a  specifie d rol e 
of  a  relation .  Thi s sectio n ouUine s a  procedur e fo r 
learnin g bindin g matri x connectio n weight s an d 
allowin g a  greate r  degre e o f  generalization . 

Th e procedur e i s simple ,  an d follow s tha t  outiine d 
near  th e en d o f  Sectio n 2 .  Th e bindin g matrice s ar e 
learne d usin g a  two-networ k contex t  (a s i n Figur e 2) . 
A pai r  o f  bindin g matrice s are  learne d fo r  eac h 
relation ,  usin g a s a  trainin g se t  a  se t  o f  vector s 
obtaine d b y concatenatin g th e vecto r  representation s 
fo r  eac h pai r  o f  object s observe d t o b e i n th e relation . 
Onl y co-referencin g connection s ar e learne d (se e 
Figur e 7) ,  an d th e object-representin g connection s ar e 
"frozen "  (s o a s t o allo w objec t  network s t o settl e o n 
any object ,  no t  jus t  one s observe d i n th e give n rol e o f 
th e give n relatiwi).  An y learnin g rul e m a y potentiall y 
be used . 
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Generalizatio n i s achieve d b y applyin g a  specia l 
"generalization "  rul e t o eac h resultan t  matrix .  Th e 
effec t  o f  thi s rul e i s t o "combine "  al l  o f  th e learne d 
connection s i n eac h subregio n (Figur e 6 )  int o a  singl e 
value ,  thu s formin g a  correlatio n matri x whic h 
represent s a  generalize d versio n o f  th e bindin g weight s 
fo r  a  relation .  An y o f  a  variet y o f  generalizatio n rule s 
may b e used ,  suc h a s takin g th e mean . 

W h en th e bindin g procedur e i s invoked ,  i t  wil l 
suppl y th e weight s fo r  eac h o f  th e potentia l 
connection s i n eac h o f  th e bindin g matrice s b y Tindin g 
a unifor m valu e fo r  eac h connectio n usin g a 
normalizatio n f(xinul a applie d t o th e value s i n th e 
appropriat e correlatio n matrix .  Thu s ever y eligibl e 
connectio n i n a  give n subregio n wil l  hav e th e sam e 
weigh t  afte r  binding ,  eve n i f  th e learnin g rul e derive d 
differen t  weight s fo r  eac h connection . 

Analysi s o f  bindin g matrice s i n term s o f  subregion s 
allow s eac h inter-attribut e mappin g t o b e considere d 
separately .  A s attribut e value s ar e mappe d a t  ru n 
time ,  th e inheren t  content-addressabl e propertie s o f  th e 
l A C architectur e allo w eac h individua l  object -
representin g subnetwor k t o settl e o n a n objec t 
representatio n tha t  i s consisten t  wit h th e othe r  objec t 
represmtation s bein g derive d i n th e contex t  network . 

The co-referenc e rul e provide s a  mean s o f  raisin g th e 
power  o f  learne d mapping s b y considerin g no t  jus t 
whethe r  a n objec t  i n on e rol e i s likel y t o hav e a 
specifi c  valu e fo r  a n attribut e give n tha t  a n objec t  i n 
anothe r  rol e ha s a  give n attribut e value ,  bu t  whethe r 
tw o object s ar e likel y t o hav e th e sam e valu e fo r  an y 
of  thei r  attributes .  Th e correlatio n matri x subregion s 
ca n b e interprete d i n term s o f  rule s governin g th e 
object s i n th e relation.  Regio n A  contain s a  singl e 
reflexiv e rule ,  whil e region s B  an d C  encod e 
symmetr y rules .  Thu s i n th e exampl e domai n thes e 
regions  wil l  encod e th e rul e 

l o v e 3 ( 0 i , 0 2 )  - > h a t e s (02,0i )  . 
Mor e comple x rule s involvin g thir d partie s ar e handle d 
i n eac h o f  th e D  subregions :  e.g .  subregio n D 3 
(Figur e 6 )  i n th e lower-lef t  correlatio n matri x i n th e 
exampl e domai n encode s th e rul e 

l o v e s ( X ,  Oi )  - > h a t e s ( X ,  O2 ) 

(whic h i s alway s tru e i n th e exampl e domai n whe n O i 

and O 2 ar e boun d i n th e relatio n l o v e s ,  a s th e rul e 

assert s tha t  i f  th e l o v e r  [Oi ]  i s  love d b y someon e 

[X] ,  tha t  perso n [X ]  hate s th e l ove e [O2]) . 

6. Experimental Results 

An implementation of this architecture (described in 
th e Appendix )  ha s bee n use d a s th e basi s fo r  a n 
experimenta l  stud y o f  variou s aspect s o f  th e 
architecture ,  usin g th e "Famil y Tree "  domai n o f 
Hinto n (1990 )  (an d others ,  e.g .  Quinlan .  1990 ;  Mel z 
& Holyoak ,  1991) .  Thi s domai n o f  kinshi p relation s 
consist s o f  twenty-fou r  individual s an d twelv e 
relations ,  organize d i n tw o isomorphi c "famil y trees" . 

There  ar e a  tota l  o f  11 2 "facts "  i n thi s domai n (whe n 
considere d a s triples) .  Th e curren t  architectur e i s wel l 
suite d t o handl e thi s domai n becaus e th e kinshi p 
relations  ar e al l  definabl e i n term s o f  othe r  relations. 

Generalizatio n wa s teste d b y derivin g 40 0 trainin g 
sets ,  suc h tha t  eac h se t  containe d betwee n 6 0 % an d 
1 0 0 % o f  th e fact s i n th e domain .  Fo r  eac h trainin g 
set ,  th e trainin g procedur e wa s executed ,  an d 17 2 two -
objec t  context s wer e constructed ,  eac h wit h on e objec t 
know n (6 8 context s i n whic h th e objec t  i n th e firs t 
rol e wa s known ,  an d 10 4 context s i n whic h th e secon d 
rol e objec t  wa s known) .  Afte r  setUing ,  th e object s i n 
th e missin g rol e wer e derive d b y examinin g th e 
activatio n o f  unit s i n th e instanc e subnetwor k o f  th e 
undamped objec t  networ k (se e th e Appendi x an d 
Stark ,  1992) .  Perfec t  performanc e wa s indicate d b y 
th e prope r  se t  o f  22 4 object s (11 2 i n eac h role )  bein g 
determine d b y th e settle d contex t  networks . 

Figur e 8  sho w th e result s o f  th e basi c tes t  Th e X 
axi s represent s th e percentag e o f  th e domai n fact s 
presen t  i n eac h trainin g set ,  an d th e Y  axi s represent s 
th e percentag e o f  unknow n object s tha t  wer e derive d 
correctly .  Th e diagona l  lin e indicate s expecte d 
performanc e i f  n o genoalizatio n too k plac e (i.e. ,  X  = 
Y) .  I n th e graph ,  trainin g set s wit h th e sam e numbe r 
of  missin g fact s ar e groupe d together ,  an d thei r  max , 
min ,  an d mea n plotted . 

Hinto n (1990 )  report s variabl e result s wit h 4 % o f 
th e fact s missing ,  a s di d Quinla n (1991) .  Th e curren t 
syste m perform s perfectl y o n trainin g set s wit h nearl y 
2 0 % o f  th e fact s missing ,  an d ca n stil l  retriev e ove r 
9 0 % o f  missin g rol e fdler s i n case s wher e 4 0 % o f  th e 
fact s ar e missin g fro m th e trainin g set .  Th e curren t 
experiment ,  involvin g 40 0 differen t  dat a sets ,  show s 
th e importanc e o f  exactl y whic h fact s ar e missin g (a s 
can b e see n i n th e varianc e betwee n th e ma x an d mi n 
figure s fo r  eac h tes t  se t  group) . 

Othe r  experiment s sho w tha t  th e effec t  i s  quit e 
robust ,  demonstratin g considerabl e paramete r 
insensidvit y an d toleranc e t o "lesions "  i n th e bindin g 
matrices .  I n addition ,  context s wit h u p t o a  doze n 
object s hav e bee n teste d an d foun d t o perfor m well , 
especiall y whe n a  hig h percentag e o f  th e domai n fact s 
ar e known . 

The fac t  tha t  relationa l  correlation s ar e store d 
independentl y o f  specifi c  objects ,  couple d wit h th e 

Figur e 8 :  Basi c Generalizatio n Tes t  Result s 
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dynami c natur e o f  th e bindin g procedur e drive n b y th e 
co-referenc e rule ,  enable s a  mor e powerfu l  typ e o f 
generalization :  a  se t  o f  relations  onc e learne d ma y b e 
applie d t o a  ne w se t  o f  object s withou t  retrainin g 
provide d th e regularitie s governin g th e relation s 
remain  th e same ,  thu s achievin g effect s simila r  t o 
thos e reporte d b y Mel z &  Holyoa k (1991) . 

7. Discussion 

This system, and particularly its approach to the 
bindin g problem ,  differ s fro m othe r  simila r  one s 
primaril y i n it s  goals .  Rathe r  tha n focussin g o n a 
universa l  encodin g schem e (suc h as ,  e.g .  Smolensky , 
1990 ;  Pollack ,  1990) ,  th e emphasi s i s place d o n 
learnin g relations  an d propagatin g binding s i n orde r  t o 
perfor m variabl e instantiatio n i n context s describabl e 
by a  generativ e predicate-base d syntax . 

Whil e Ajjanagadd e an d Shastri' s  (1991 )  tempora l 
bindin g syste m doe s focu s o n propagatio n o f  binding s 
i n a  variabl e instantiatio n task ,  an d indee d offer s 
provabl y correc t  inferenc e i n thi s domain ,  i t  doe s no t 
offe r  a  trainin g procedure ,  doe s no t  addres s th e issu e o f 
share d variable s (compositionality) ,  an d i s limite d t o 
localis t  o r  quasi-localis t  representatio n o f  objects . 
Hinton ,  McClelland ,  an d Rumelhar t  (1986 )  sugges t 
th e possibilit y  o f  solvin g th e bindin g proble m b y 
makin g "multipl e copies" ,  bu t  expres s concer n abou t 
ih e implementatio n o f  copies .  Tempora l  bindin g ma y 
indee d provid e a n implementatio n mechanis m fo r  m y 
scheme,  whic h i s dependan t  o n som e for m o f  "copies " 
of  a  basi c network ,  bu t  th e curren t  wor k focuse s no t 
on ho w copie s ar e made ,  bu t  rathe r  examine s whe n 
the y ar e neede d an d ho w the y shoul d interact . 

The curren t  syste m ha s a  numbe r  o f  importan t 
limitations .  Thes e includ e a  treatmen t  onl y o f  two -
plac e predicates ,  an d th e abilit y  t o perfor m onl y firs t 
orde r  bindings ;  i t  woul d b e usefu l  t o b e abl e t o 
determin e wha t  relatio n tw o object s ar e in ,  give n thei r 
roles .  Perhap s th e mos t  importan t  limitatio n i s th e 
lac k o f  hidde n units .  Thi s lac k i s partiall y  motivate d 
by a n interes t  i n seein g ho w fa r  on e coul d g o i n 
solvin g problem s suc h a s th e Famil y Tre e withou t 
usin g hidde n units .  A n extende d architectur e tha t 
exploit s hidde n unit s ha s bee n develope d an d wil l  b e 
th e subjec t  o f  futur e experimentation . 

Appendix (Implementation) 

Unit activation function: 

Uj  =  ma x (0 ,  tanh(XUiWij) ) 

Learning Rule: 

Generalization Rule: 

Cr  =  mean(W| j  >  0 )  (fo r  eac h subregio n r) . 

Normalizatio n Rule : 
W|j  =0. 1 C r 

Constan t  weight s i n eac h lA C networ k wer e se t  t o 
0. 1 an d -0.1 .  Th e networ k wa s allowe d 2 0 cycle s t o 
settle . 

The localis t  competitio n subnetwor k i n eac h objec t 
networ k wa s assume d t o b e a  "K-winner-take-all " 
network ,  wher e K  wa s equa l  t o th e numbe r  o f  object s 
i n th e solutio n (thi s wa s assume d t o b e informatio n 
supplie d t o th e system) .  Th e weight s fo r  eac h localis t 
subnetwor k wer e se t  accordin g t o th e formul a 

0. 3 
W = 

k 2 
Afte r  settling ,  th e K  unit s wit h th e highes t 
activation s (abov e zero )  wer e take n a s solution .  N o 
unit s wit h zer o activatio n wo^ e considere d solutions . 
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