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Abstrac t 

A mathematical basis is proposed for the distinction 
betwee n associativ e an d relationa l  (symbolic )  processing . 
Association s ca n b e contraste d wit h relation s i n term s o f 
ordere d pair s versu s genera l  ordere d N-tuples ,  an d 
unidirectiona l  acces s versu s omnidirectiona l  access . 
Relation s als o hav e additiona l  properties :  the y ca n 
exhibi t  predicate-argumen t  bindings ,  the y ca n b e 
argument s t o higher-orde r  structures ,  an d the y ca n 
participat e i n operation s o f  selection ,  projection ,  join , 
union ,  intersection ,  an d difference .  Relation s ca n b e use d 
t o represen t  structure s suc h a s lists ,  tree s an d graphs ,  an d 
relationa l  insUnce s ca n b e though t  o f  a s propositions . 
Withi n neura l  ne t  architectures ,  feedforwar d network s ca n 
be identifie d wit h associativ e processing ,  an d tenso r 
produc t  network s wit h relationa l  processing .  Relation s 
hav e th e essentia l  propertie s o f  symboli c processing ; 
flexibility ,  accessibility ,  an d utilit y fo r  representin g 
comple x dat a structures . 

Introduction 

We propose a mathematical basis for the distinction 
betwee n associativ e an d relationa l  processing .  W e sugges t 
thi s distinctio n capture s m u c h o f  th e meanin g containe d i n 
th e distinctio n betwee n traditiona l  associationis m an d 
symboli c processing ,  an d ha s implication s fo r  neura l 
networ k modellin g o f  psychologica l  tasks . 

We illustrat e ou r  argumen t  usin g th e balance-scal e (whic h 
balance s whe n th e produc t  o f  weight s an d distance s o n th e 
tw o side s ar e equal ,  tha t  i s  w h e n W ]  D i  =  W f  Dr) .  A 
c o m m on for m o f  assessmen t  ha s bee n t o as k participant s t o 
predic t  th e balanc e stat e (whethe r  th e bea m wil l  balance ,  o r 
whic h sid e wil l  g o d o w n )  whe n variou s combination s o f 
weight s ar e place d a t  variou s distance s fro m th e fulcru m 
(Siegler ,  1981) .  Othe r  assessment s require  participant s t o 
specif y th e weigh t  o r  distanc e o n on e sid e tha t  wil l  balanc e 
a particula r  combinatio n o f  weigh t  an d distanc e o n th e othe r 
sid e (Surbe r  &  Gzesh ,  1984 )  T o demonstrat e understanding , 
a participan t  mus t  b e abl e t o retriev e an y variable ,  give n th e 
res t  (e.g .  give n W ] ,  Di ,  W j ,  an d th e outcom e B A L A N C E i t 
shoul d b e possibl e t o specif y Dr ;  give n W i ,  D j ,  W j ,  an d 
Dr .  i t  shoul d b e possibl e t o specif y th e stat e o f  balance) . 
Thu s w e sa y tha t  acces s t o a  relationa l  concep t  shoul d b e 
onviidirectional . 

A n exampl e o f  a n associatio n woul d b e a  rabbi t  runnin g 
on seein g a/ojr ,  tha t  is ;  fo x - » run .  I t  i s a  lin k betwee n 
tw o elements ,  fo x an d run .  I t  i s  unidirectional ,  becaus e 

runnin g doe s no t  automaticall y activat e a  representatio n o f 
fox . 

Associative Versus Relational Processing 

In this section, we give an abstract description of the 
associativ e an d relationa l  mode s o f  processing . 

Associative Processing 

Dat a Structure s 

In an associative system we assume the existence of a set of 
symbol s S  =  {ai ,  a2 ,  •.. ,  a^ } .  Th e primar y dat a structur e o f 
an associativ e syste m i s a  se t  o f  pair s o f  symbol s A , 
denoted :  A  =  {(ai,aj )  I  ai.a j  e  S  an d a i  cue s aj ) 

Operations 

There are three basic operations in an associative system: 

•  C u e -  take s th e symbo l  a i  an d return s it s  associate d 
symbol  aj ,  fro m th e se t  o f  pair s i n A .  Fcue(ai )  - » a j 

•  For m associatio n -  take s tw o symbol s a i  an d a j  an d add s 
th e pai r  t o th e se t  A  t o for m a  ne w se t  A" . 

Fassoc(ai.aj )  - > A '  =  A  u  {(ai,aj) } 
•  Delet e associatio n -  take s a  pai r  an d remove s i t  fro m th e 

set  A  t o for m a  ne w se t  A' . 

FdeLa(ai^j )  - > A '  =  A \  {(ai,aj) } 
The basi c symbol s ma y themselve s b e compose d o f  othe r 

symbol s (i.e. ,  the y ar e no t  necessaril y  atomic) .  I n thi s way , 
association s ma y b e forme d betwee n thre e o r  mor e basi c 
symbols ,  o r  betwee n comple x representations . 

Relational Processing 

Dat a structure s 

A relational system consists of a set of relations (Ri) 
wher e eac h relatio n R i  (o f  arity ,  i.e .  numbe r  o f 
components ,  n(i)) ,  correspond s t o a  se t  o f  n(i)-tuples : 

Ri  =  l(x i  Xn(i) )  €  SiiX...xSin(i )  I  Ri(x i  Xn(i) )  holds ) 

For  example ,  i f  S i  =  {john ,  mary ,  tom} ,  an d S 2 i s th e 
set  o f  natura l  numbers ,  the n a  relatio n has-ag e o n 81x8 2 
migh t  b e writte n a s th e se t  o f  pair s {(john,24) ,  (mary ,  22) , 
(tom,3)} . 

A relatio n ca n als o b e conceptualise d a s a  table .  Fo r 
example ,  th e relation s "has-age "  an d "loves "  ma y b e 
represente d b y th e followin g tables : 
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Predicat e 

has-ag e 

has-ag e 

has-ag e 

Predicat e 

love s 

love s 

love s 

Objec i 

Joh n 

mary 

tor n 

Perso n 

Joh n 

Joh n 

mary 

Year s 

24 

22 

3 

Objec i 

niar y 

sue 

tor n 

I t  i s  redundan t  t o stor e th e predicat e nam e a s a  separat e 
colum n i n th e table ,  however ,  w e hav e adopte d thi s 
conventio n t o allo w fo r  situation s i n whic h th e argument s 
act  a s cue s fo r  accessin g th e predicate . 

Eac h ro w o f  th e tabl e i s a  tupl e fro m th e se t  whic h 
formall y constitute s th e relation .  I t  i s  als o convenien t  t o 
writ e a  relatio n i n term s o f  it s  attribute s -  tha t  is ,  th e type s 
of  th e argument s i t  takes .  Thus ,  R<s > denote s a  relation R 
wit h attribut e sequenc e s  =  A i  An .  Fo r  example ,  th e 
binar y relatio n 'has-age '  ca n b e identifie d as :  has -
age<(^ject,years> . 

Relation s ar e a  genera l  purpos e dat a structure ,  an d i n fac t 
ca n b e use d t o represen t  othe r  common l y use d dat a 
structures ,  suc h a s lists ,  tree s an d graphs .  Fo r  example ,  th e 
lis t  o f  object s L i  =  [john ,  mary ,  torn ]  ca n b e represente d b y 
th e relation : 

is-list-of<list ,  head ,  tail > =  ((Ll ,  john ,  L2) ,  (L2 .  mary , 
L3) ,  (L3 ,  torn ,  nil)} .  (Her e n U i s a  constan t  representin g a n 
empt y list. )  Furthermore ,  relationa l  instance s (i.e. ,  row s o f 
a table )  hav e a n assigne d trut h valu e (i.e. ,  T R U E ) ,  an d s o 
ca n b e though t  o f  a s propositions .  Fo r  example ,  larger -
than(whale,man )  i s a  propositio n tha t  i s  T R U E . 

Operations 

We provide informal definitions of relational operators: 

•  Fseiect "  give n a  relatio n an d on e o r  mor e components , 
returns  th e row(s )  wit h thos e components . 

Exampl e 1 :  FseiecKhas-ageJ>erson=tom )  - *  (tom3) . 

*  Fprojec t  "  give n a  relatio n an d on e o r  mor e attribute s 
(colum n names) ,  return s thos e column s o f  th e table . 

Exampl e 2 :  Fproject(loves ,  Person )  - » (john ,  john , 
mary} . 

•  Fjoi n -  take s tw o table s an d returns  a  ne w tabl e joine d a t 
c o m m on component s i n specifie d columns . 

Exampl e 3 :  Fjoi n coul d b e use d t o "past e together "  th e 
relation  has-age ,  define d above ,  wit h a  relatio n has-heigh t 
= lOohn ,  175) ,  (mary ,  165) ,  (tom.95) }  (wher e th e secon d 
componen t  i s heigh t  i n centimetres) ,  joinin g a t  th e 
Perso n column ,  t o produc e a  ne w relatio n age-and-heigh t 
= {(John ,  24 ,  175) ,  (mary ,  22 ,  165) ,  (torn ,  3 ,  95)} . 
Exampl e 4 :  Conside r  th e relation  smaller-than<animall , 
animal2 > =  {mouse ,  cat) ,  (cat ,  dog) ,  (dog ,  horse)} .  A 
mor e complicate d for m o f  Fjoi n coul d b e use d t o "past e 
together "  on e instanc e o f  relation  smaller-than ,  joinin g a t 
th e animal 2 column ,  wit h anothe r  instanc e o f  th e sam e 
relatio n smaller-than ,  joinin g a t  th e animal l  column ,  t o 
produc e a  n e w relatio n (cal l  i t  "much-smaller-than" )  = 

{(mouse ,  dog) ,  (cat ,  horse)} .  Thi s exampl e compose s th e 
relatio n wit h itself ,  muc h a s i n transitiv e inference . 

I n addition ,  ther e ar e set-lik e operators ,  Funion ' 

Finterseclion .  an d Fdifference .  whic h for m th e set-theoreti c 
union ,  intersectio n an d differenc e o f  tw o relations  wit h th e 

same attribut e lists ,  an d operator s Fadd_r .  Fdel_r .  a" d 
Fupdate.r .  fo r  adding ,  deleting ,  an d updatin g relationa l 
instance s (Codd ,  1990) . 

Comparison Between Associative and Relational 
M o d es 

Both associanve and relational systems utilise links 
betwee n componen t  symbol s t o construc t  mor e comple x 
symbols .  However ,  beyon d thi s similarit y ther e ar e 
significan t  difference s i n thei r  processabiJity . 

Compositionality :  Association s ar e limite d t o pair s o f 
symbols ,  wherea s relation s ca n b e betwee n arbitraril y  man y 
symbol s (includin g pairs) .  Furthermore ,  association s d o no t 
recognis e a  predicat e ( a symbo l  fo r  th e relationshi p betwee n 
othe r  symbols) .  Relation s o n th e othe r  han d ar e predicated . 
Thi s i s a  crucia l  distinctio n betwee n association s a s 
implici t  representation s (representation s tha t  ar e no t 
availabl e t o othe r  processes) ,  an d relation s a s explici t 
representation s (relation s tha t  ar e availabl e t o othe r 
processes) .  Th e predicat e i s th e explicitatio n o f  link s 
betwee n symbols .  Becaus e a  relatio n i s explicitate d vi a th e 
predicat e symbol ,  relation s ar e availabl e a s argument s t o 
othe r  relations .  Association s m a y cu e othe r  association s 
throug h chaining ,  bu t  the y ar e no t  themselve s availabl e fo r 
association .  Relations ,  o n th e othe r  hand ,  ca n exis t  betwee n 
othe r  relations.  Fo r  example ,  th e relatio n "because "  ca n tak e 
th e unar y relatio n "cried "  an d th e binar y relations  "kissed " 
as arguments:  because(cried(Tom) ,  kissed(JohnAlary)) . 

Directionality :  Associativ e system s ar e unidirectional :  th e 
first  componen t  ca n cu e th e second ,  bu t  no t  th e reverse . 
Relations ,  however ,  ar e i n genera l  omnidirectional .  A n y 
subse t  o f  component s ca n b e use d t o acces s th e remaining 
components .  Th e numbe r  o f  returne d relationa l  instance s 
will ,  o f  course ,  depen d o n th e uniquenes s o f  th e supplie d 
components . 

Structur e sensitivity :  Associativ e system s ar e 
structurall y ver y weak .  A n associativ e syste m ca n b e 
conceptualise d a s a  singl e tabl e o f  tw o columns .  Relationa l 
systems ,  b y contrast ,  ar e stronge r  structurally .  Component s 
ar e accessibl e purel y b y thei r  roles .  Furthermore ,  ne w 
relation s ca n b e create d o n th e basi s o f  structura l  operations . 
A relatio n R  ca n b e use d t o generat e it s invers e b y usin g 
th e projec t  operato r  (i.e. ,  R " ^ = Fproject(R<Al,A2> ,  A 2 , 
A l ) ) .  Fo r  example ,  >  (greater-than )  ca n b e mappe d t o < 
(less-than) ,  b y swappin g arguments ,  withou t  havin g t o 
lear n a n entirel y ne w tabl e o f  associations .  I n othe r  words , 
relationa l  system s hav e th e capacit y t o creat e virtua l  tables , 
thu s circumventin g extensiv e retraining . 

Implications 

The data structures and operations defined in the previous 
sectio n hav e a  numbe r  o f  implication s i n term s o f  resource s 
(bot h tim e an d space )  fo r  model s utilisin g thes e tw o mode s 
of  processing .  Suppos e w e a  relatio n R<subject ,  relation . 

689 



object > include s th e concept s "Joh n love s Mary "  an d "Su e 
love s T o m " ,  fro m whic h ther e i s sufficien t  informatio n t o 
correctl y answe r  question s suc h as :  "Wh o love s Mary?" ; 
W ho doe s Su e love?" ;  an d "Wha t  i s th e relationshi p 
betwee n Su e an d Tom?" . 

An associativ e system ,  wher e th e onl y comple x dat a 
structur e i s a  pair ,  mus t  construc t  ne w symbol s i n orde r  t o 
correctl y answe r  thes e questions .  Fo r  example ,  (loves-Mary , 
John) ,  (Sue-beloved ,  T o m ) ,  an d (Sue-Tom-relation ,  loves) . 
Eac h questio n i s matche d agains t  th e firs t  componen t  o f 
eac h pair .  Th e pai r  wit h th e closes t  matc h trigger s th e 
secon d componen t  resultin g i n th e correc t  answer .  I n fact , 
eac h concep t  require s thre e associations ,  on e fo r  eac h 
possibl e respons e (e.g. ,  loves ,  John ,  Mary) . 

A relationa l  system ,  usin g th e sam e tw o concepts ,  onl y 

require s a  singl e tabl e wit h tw o entries :  (lovesjohn ,  Mary) , 
and Ooves.Sue ,  T o m ) .  Th e selec t  an d projec t  operator s ar e 
sufficien t  t o extrac t  an y combinatio n o f  components .  Fo r 
example , 

Fproject (  Fselect(R .  <relation=loves,object=Mary>) , 
subject )  =  John ; 

Fproject (  FselectO^ .  <(subjectJohn),(object,Mary)>) , 
relation )  =  loves . 

I n th e relationa l  case ,  onl y on e entr y pe r  concep t  i s 
required .  Thus ,  a  relationa l  syste m use s les s spac e tha n a n 
equivalen t  associativ e system .  However ,  th e associativ e 
syste m onl y make s on e matc h t o th e left-han d sid e o f  eac h 
pair ,  wherea s th e relationa l  syste m mus t  alig n th e inpu t 
cue s wit h th e appropriat e relationa l  components .  Th e 
reductio n i n spac e i s a t  th e expens e o f  additiona l  processin g 
require d t o perfor m som e sor t  o f  structura l  alignmen t  i n th e 
relationa l  system . 

The flexibilit y  o f  relationa l  operator s relate s t o a  furthe r 
implicatio n whic h i s generalisation .  Suppos e w e hav e th e 
concept :  " a whal e i s large r  tha n a  horse" ,  whic h implie s th e 
relate d concep t  " a hors e i s smalle r  tha n a  whale" .  I n a n 
associativ e syste m bot h concept s requir e separat e learnin g 
step s (i.e. ,  us e o f  th e Fasso c operator) .  Th e relationa l 
system ,  b y contrast ,  nee d onl y b e traine d o n th e firs t 
instance .  Sinc e th e invers e relatio n ca n b e constructe d 
dynamicall y vi a th e projec t  operator ,  i t  i s no t  necessar y t o 
hav e als o bee n traine d o n th e secon d concep t  fo r  subsequen t 
processing .  Thus ,  relation s hav e a  greate r  degre e o f 
genCTalisation . 

Neural Network Implementations 

This section suggests neural network architectures that can 
readil y b e use d t o implemen t  system s wit h simila r 
propertie s t o th e associativ e an d relationa l  system s tha t  w e 
hav e describe d i n th e precedin g section .  O f  course ,  neura l 
networ k architecture s ma y b e o f  enormou s variety ,  an d w e 
d o no t  mea n t o sugges t  tha t  thes e ar e th e onl y N N 
architecture s tha t  matc h associative/relationa l  system s (se e 
fo r  instanc e Hinto n (1988)) . 

F e e d f o r w a r d ne twork s ( F F N ) 

FFN (for example, Rumelhart, Hinton, & Williams. 1986) 
hav e tw o mode s o f  operation :  (1 )  processin g mod e -  inpu t 
activation s ar e prc^agate d throughou t  th e networ k resultin g 

i n outpu t  activations ;  an d (2 )  learnin g mod e -  erro r  signal s 
ar e propagate d throughou t  th e networ k resultin g i n change s 
t o connectio n weights .  Th e firs t  mod e correspond s t o th e 
Fasso c operator .  Th e networ k return s a  vecto r  whic h i s 
some (possibl y non-linear )  combinatio n o f  matche d fu-s t 
argumen t  vectors .  Th e secon d mod e correspond s t o th e 
^asso c an d Fdei_ a operator s b y adding/deletin g ne w input -
outpu t  pair s encode d a s weighte d connections . 

FFNs hav e demonstrate d generalisatio n i n th e sens e tha t 
componen t  symbol s ca n b e brough t  togethe r  t o for m a  ne w 
symbol  a t  th e hidde n laye r  o f  units .  I t  i s  no t  necessar y fo r 
th e networ k t o b e traine d o n al l  combination s (see ,  fo r 
example .  Phillip s &  Wiles ,  1993) .  However ,  thi s for m o f 
generalisatio n i s differen t  fro m generalisatio n t o al l 
function s implie d b y a  relation .  A  FFN ,  i n general ,  canno t 
demonstrat e thi s degre e o f  generalisatio n an d therefor e i s no t 
a relationa l  processor . 

T o illustrat e thi s point ,  conside r  th e simpl e cas e o f 
representin g an d processin g th e followin g binar y relation : 
R2 =  |(a,b)) .  Derivabl e fro m thi s relatio n ar e tw o 
functions :  fi(a )  =  b ,  an d f2(b )  =  a .  T o completel y represen t 
R2,  a n F F N mus t  implemen t  th e secon d orde r  function : 

F(fi,a )  =  b ;  F(f2,b)=a . 

For  thi s simpl e relatio n R2 ,  th e co-domai n o f  F  ca n b e 
completel y determine d b y th e secon d argument s (i.e. ,  a  an d 
b)  only .  Droppin g th e first  argument s fo r  simplicity ,  th e 
F F N mus t  implemen t  th e function : 

F(a )  - 4 b ;  F(b )  - ^  a . 

Since ,  i n general ,  ther e i s n o similarit y betwee n a  an d b , 
th e F F N mus t  b e traine d o n bot h instance s o f  th e functio n 
F befor e th e networ k i s guarantee d t o implemen t  F ,  i n th e 
sens e o f  approximatin g F  a t  above-chanc e leve l  ove r 
repeate d trials ,  an d therefore ,  representin g R2 .  Hence ,  a 
standar d F F N implementatio n o f  relationa l  representation s 
necessitate s bein g traine d o n al l  implicate d functions . 

The secon d crucia l  poin t  i s  tha t  th e relationshi p betwee n 
componen t  symbol s i s encode d a s weighte d connection s an d 
activatio n function s betwee n group s o f  units .  Thes e 
weight s (encodings )  are ,  i n general ,  no t  availabl e t o othe r 
processe s withi n th e FFN ,  althoug h the y ma y b e analyze d 
vi a externa l  processe s suc h a s cluste r  analysi s o r  principa l 
component s analysis .  I n othe r  words ,  th e predicat e (i.e. ,  th e 
name fo r  th e se t  o f  pairs )  i s  implici t  t o th e system ,  no t 
explici t  a s i n a  relationa l  system .  Th e propertie s o f 
unidirectionalit y an d implici t  predicatio n identif y th e F F N 
as a n associativ e system . 

So F F N s ca n b e use d t o implemen t  a n associatio n i n a 
nahira l  way . 

Tensor Networks (TN) 

In a tensor network, predicate and arguments are bound 
togethe r  vi a a n organisatio n o f  uni t  connectivit y tha t 
implement s th e oute r  produc t  operato r  (Halford ,  Wilson , 
Guo,  Gayler ,  Wiles ,  &  Stewart ,  1994) ,  whic h contrast s 
wit h Smolensky' s (1990 )  us e o f  th e tenso r  wher e rol e an d 
filler  component s ar e boun d togethe r  vi a th e oute r  product . 
The argument s ar e supplie d a s inputs ,  an d weight s ar e 
update d a s th e oute r  produc t  o f  th e tw o inputs .  Thi s allow s 
fo r  eithe r  a  o r  b ,  applie d t o th e right  se t  o f  inpu t  unit s t o 
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map t o th e othe r  vecto r  (b y implementin g th e inne r  produc t 
operator) . 

Mathematically ,  th e learnin g proces s ca n b e though t  o f  a s 
a functio n T L (fo r  tenso r  learning) ,  which ,  give n a  lenso r 
networ k F  an d (say )  a  pai r  t o leam .  (a.b) .  return s a  modifie d 
versio n F  o f  F  tha t  "knows* "  th e pai r  (a.b) :  TL(F ,  (a.b) )  - > 
F.  wher e F(a ,  J  - » b .  F"L,b )  - > a . 

The importan t  poin t  i s tha t  T  nee d onl y b e applie d onc e 
t o represen t  bot h implicate d functions .  Thus ,  a t  on e crucia l 
poin t  th e tenso r  networ k operate s i n th e relationa l  mod e o f 
processing .  Secondly ,  sinc e th e predicate-argumen t  binding s 
can b e explicitl y  represente d a s a n activatio n tensor ,  thi s 
tenso r  ca n als o b e use d a s a n argumen t  t o othe r  tensor s (vi a 
th e oute r  product) ,  thereb y implementin g relation s betwee n 
relations .  Thus ,  th e propertie s o f  omnidirectionalit y an d 
generalizatio n t o implicate d function s identifie s th e tenso r 
networ k a s a n implementatio n o f  a  relationa l  system . 

Psychological tasks 

McClelland (1995) has modelled human performance on the 
balanc e scal e a s a  three-layere d network .  Ther e ar e inpu t 
unit s whic h cod e th e weight s an d distance s o n th e lef t  an d 
right ,  a  hidde n layer ,  an d outpu t  unit s whic h cod e th e 
balance-state .  Th e mode l  give s a  goo d fi t  t o huma n 
performanc e i n predictin g th e balanc e state ,  an d capture s th e 
importan t  torqu e differenc e effec t  (th e siz e o f  th e differenc e 
i n torqu e betwee n lef t  an d right  affect s judgment) .  Howeve r 
th e mode l  compute s onl y on e function :  give n W ] ,  Di ,  Wr 
and D j  i t  compute s th e balance-stale . 

The balanc e scal e ca n als o b e represente d a s a  tenso r 
produc t  o f  five  vector s representin g th e balanc e state ,  an d 
each o f  th e inpu t  variables ,  Wi ,  Di ,  W^ ,  D j  (Halford , 
1993) .  Wit h thi s representation ,  an y variabl e ca n b e output , 
give n th e remainin g variable s a s inpu t  (give n an y fou r  o f 
Wj .  Di ,  Wf ,  D r  an d balance-state ,  th e remainin g variabl e 
can b e determined) .  Thi s mode l  i s  relational ,  an d give s 
omni-directiona l  access ,  wherea s th e three-layere d ne t  i s 
associative ,  an d give s uni-directiona l  access . 

The three-layere d networ k doe s no t  represen t  huma n 
understandin g o f  th e balanc e scale ,  becaus e w e woul d b e 
reluctan t  t o attribut e complet e understandin g t o a  perso n 
who coul d comput e onl y on e functio n i n thi s situation . 
Ther e ar e o f  cours e othe r  consideration s whic h favo r  th e 
feedforwar d networ k mode l  (e.g .  simulatin g th e torqu e 
differenc e effect) ,  an d w e woul d no t  conten d tha t  eithe r 
model  i s necessaril y  superio r  a t  thi s stage .  Howeve r  th e 
exampl e neatl y illustrate s a n importan t  differenc e betwee n 
associativ e an d relationa l  model s o f  cognitiv e tasks . 

Conclusion 

Relations capture many of the properties of symbolic 
thought .  Wherea s association s ar e unidirectional ,  acces s t o 
relation s i s omnidirectional ,  an d s o relation s hav e th e 
flexibilit y  characteristi c o f  symboli c thought .  Ther e ar e 
predicate s explicitl y  representin g relations ,  makin g the m 
accessibl e t o othe r  cognitiv e processes ,  wherea s ther e i s n o 
explici t  symbo l  fo r  a n associativ e link .  Relation s ca n 
represen t  symboli c structure s suc h a s propositions ,  lists . 

tree s an d graphs .  W e hav e argue d tha t  feedforwar d network s 
can b e use d i n a  natura l  wa y t o implemen t  associativ e 
modes o f  processing ,  an d tha i  relationa l  mode s o f 
processin g ca n b e implemente d usin g tenso r  produc t 
networks .  W e hav e characterize d th e differenc e betwee n 
association s an d relation s an d thei r  processin g i n lerm s o f 
mathematica l  properties ,  an d linke d eac h t o suitabl e neura l 
networ k architectures ,  an d psychologica l  tasks . 
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