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Abstrac t 

The questio n whethe r  connectionis m offer s a  ne w wa y o f 
lookin g a t  th e cognitiv e architecture ,  o r  i f  it s  mai n contributio n 
i s a s an  implementationa l  accoun t  o f  th e classica l  (symbol ) 
view ,  ha s bee n extensivel y debate d fo r  th e las t  decade .  O f  spe -
cia l  interes t  i n thi s debat e ha s bee n t o achiev e task s whic h eas -
il y  ca n b e explaine d withi n th e symboli c framework ,  i.e. ,  task s 
whic h seemingl y requir e th e possessio n o f  a  systematicit y o f 
representatio n an d process ,  i n a  nove l  wa y i n connectionis t 
systems .  I n thi s pape r  w e argu e tha t  connectionis m ca n offe r  a 
ne w explanationa l  framewor k fo r  aspect s o f  cognition .  Specif -
ically ,  w e argu e tha t  connectionis m ca n offe r  ne w notion s o f 
compositionality ,  conten t  an d context-dependenc e base d o n 
connectionis t  primitives ,  i.e. ,  architectures ,  learning ,  weight s 
and interna l  activations ,  whic h ope n u p fo r  ne w variation s o f 
systematicity . 

Introduction 

Ever since Fodor and Pylyshyn (1988) published their semi-

nal  pape r  i n whic h the y define d th e relatio n betwee n syste -

maticit y (i.e. ,  th e systemati c structur e o f  menta l 

representation s an d th e structure-sensitivit y o f  menta l  pro -

cesses) ,  compositionalit y  (i.e. ,  th e metho d o f  composing / 

decomposin g structure d menta l  representations )  an d th e cog -

nitiv e architecture ,  th e debat e ha s bee n intense .  I t  ha s ha d 

tw o mai n researc h agendas ;  i )  t o exhibi t  an d explai n syste -

maticit y i n connectionis t  system s (Smolensky ,  1990 ;  va n 

Gelder ,  1990 ;  Pollack ,  1990 ;  Chalmers ,  1990 ;  Niklasso n an d 

Sharkey ,  1992 ,  Niklasso n va n Gelder ,  1994 ,  Phillips ,  1994 ) 

an d ii )  t o questio n th e relevanc e o f  th e systematicit y an d 

compositionalit y phenomeno n altogethe r  (Goschk e an d Kop -

pelberg ,  1991 ;  va n Gelde r  an d Niklasson ,  1994 ;  Matthews , 

1994) . 

T h e succes s o f  th e earl y connectionis t  counte r  example s wa s 

questione d b y Hadle y (1992 ,  1994a) .  H e note d tha t  i n m a n y 

of  thes e example s th e succes s migh t  hav e bee n du e t o th e 

constitutio n o f  th e trainin g set .  H e therefor e re-formulate d 

systematicit y i n a  learning-base d fashion ,  definin g differen t 

level s o f  systematicit y dependin g o n th e conten t  o f  th e train -

in g set .  H e identifie d thre e level s o f  systematicity : 

•  w e a k systematicit y (concerne d wit h generalizatio n t o 

nove l  sentence s i n whic h token s appea r  i n syntacti c posi -

tion s i n whic h the y hav e appeare d durin g training) , 

•  quas i  systematicit y (require s wea k systematicit y an d 

embedde d structures) , 
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stron g systematicit y (require s quas i  systematicit y an d 

generalizatio n acros s syntacti c positionin g o f  tokens) . 

Hadle y argue d tha t  n o counter-exampl e ha d achieve d th e 

stronges t  for m o f  systematicity ,  wit h th e possibl e excep -

tio n o f  Niklasso n an d va n Gelde r  (1994) .  Hadle y was , 

however ,  concerne d abou t  th e approac h adopte d b y Nik -

lasso n an d va n Gelde r  fo r  generatin g representations .  The y 

use d a  separat e networ k whic h encode d syntacti c informa -

tio n i n orde r  t o generat e simila r  distribute d representation s 

(i.e. ,  clos e i n th e representationa l  space )  fo r  token s o f  sim -

ila r  types ,  whic h cause d Hadle y (1994b )  t o classif y thei r 

resul t  a s a  'borde r  line '  case . 

Recently ,  Phillip s (1998 )  pointe d ou t  tha t  connectionis t 

architecture s usin g localisti c representations ,  b y them -

selve s canno t  accoun t  fo r  stron g systematicity .  Bu t  also , 

tha t  thi s restrictio n doe s no t  preclud e separat e mechanism s 

fo r  generatin g similarit y base d representations ,  whic h 

coul d b e use d i n subsequen t  systematicit y tasks .  H e out -

line d tw o researc h directions ;  develo p architecture s whic h 

coul d suppor t  systematicit y unde r  localisti c input/outpu t 

representations ,  o r  justif y similarity-base d distribute d 

representation s sufficien t  fo r  allowin g systematicity . 

T h e forme r  o f  thes e direction s i s exemplifie d b y Hadle y 

an d Haywar d (1997 )  w h e n the y showe d tha t  a  networ k 

coul d achiev e a n eve n stronge r  for m o f  systematicity ; 

semanti c systematicity ,  define d as : 

A syste m possesse s semanti c systematicit y i f  i t  i s 

strongl y systemati c an d i t  assign s appropriat e mean -

ing s t o al l  word s occurrin g i n nove l  tes t  sentence s 

whic h (woul d o r  could )  demonstrat e stron g systemati -

cit y o f  th e networ k (Hadley ,  1994b ,  p .  434) . 

Th e intentio n o f  thi s pape r  i s t o tak e th e latte r  researc h 

directio n pointe d ou t  b y Phillip s (1998) ,  i.e. ,  t o justif y 

similarity-base d representation s sufficien t  fo r  systemati -

city .  T w o form s o f  justification s ca n b e identified ;  i )  empir -

ica l  justificatio n o f  th e exac t  boundarie s o f  th e 

systematicit y phenomeno n (a n analyti c  approach) ,  o r  ii )  a 

technica l  justificatio n relate d t o th e representationa l  primi -

tive s o f  connectionis t  architecture s ( a syntheti c approach) . 

We will ,  i n th e following ,  tak e th e latte r  o f  thes e an d 

defin e meanin g (i.e. ,  content )  i n relatio n t o connectionis t 
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architectures ,  learning ,  weight s an d interna l  activations ,  an d 

sho w tha t  th e implication s o f  thi s approac h ar e rathe r  differ -

ent  compare d t o th e notion s withi n classicism .  W e argu e tha t 

our  vie w allow s systemati c processe s whic h ar e sensitiv e no t 

t o th e synta x o f  th e representatio n (whic h i s a  cornerston e o f 

th e traditiona l  definition )  bu t  instea d t o th e contex t  i n whic h 

th e conten t  o f  th e representation s i s defined .  Thi s contex t 

coul d naturall y als o includ e processin g o f  expression s base d 

on thei r  syntacti c structure . 

To substantiat e ou r  arguments ,  w e wil l  presen t  som e exam -

ple s an d performanc e result s whic h assig n th e appropriat e 

meanin g (admittedly ,  somewha t  differen t  tha n define d b y 

Hadley )  t o nove l  tes t  cases .  Th e example s ca n als o b e use d t o 

indicat e h o w ou r  approac h ca n b e empiricall y validate d o r 

refuted . 

I f  ou r  approac h i s accepted ,  tha t  woul d allo w connectionist s 

t o g o beyon d traditiona l  symbo l  processin g an d accoun t  fo r 

context-dependen t  semanti c systematicity . 

Content of connectionist representations 

In a classical system appropriate meaning can be assigned to 

word s dependin g th e structura l  positionin g o f  thei r  represen -

tationa l  tokens .  Thi s i s du e t o th e definitio n o f  a  classica l 

syste m whic h hinge s o n th e possessio n o f  a  combinatoria l 

synta x an d semantic s fo r  menta l  expressions .  Th e definitio n 

state s tha t  th e conten t  o f  a  comple x representatio n i s a  func -

tio n o f  th e meanin g o f  th e constituents ,  togethe r  wit h th e 

constituen t  structur e o f  th e representation . 

The kin d o f  connectionis t  syste m w e hav e i n mind ,  doe s no t 

posses s syntacticall y structure d representations .  Instea d i t 

relie s o n th e possessio n o f  spatiall y  structure d representa -

tions ,  forme d a s a  resul t  o f  a n individua l  learnin g situation . 

The mai n differenc e betwee n th e tw o approache s i s wha t  ca n 

be assume d whe n tryin g t o extrac t  conten t  fro m th e represen -

tations .  I n a  connectionis t  system ,  th e spatia l  structur e i s th e 

resul t  o f  a  specifi c  learnin g situation .  I t  i s generall y  not ,  con -

trar y t o th e classica l  approach ,  possibl e t o assum e a  sur -

roundin g contex t  w h e n constructin g representations . 

I n orde r  t o objectivel y compar e th e tw o approache s w e argu e 

tha t  the y mus t  b e allowe d t o m a k e th e sam e assumption s 

abou t  th e contex t  w h e n constructin g systematicit y examples . 

Rathe r  tha n usin g natura l  languag e example s (wher e i t  i s dif -

ficult  t o defin e th e complet e contextua l  framework) ,  w e wil l 

her e us e a  differen t  domai n includin g reasonin g wit h bot h 

default s an d exceptions . 

We propos e th e followin g understandin g o f  conten t  an d con -

tex t  withi n th e connectionis t  framework : 

•  Th e onl y contex t  supplie d t o a  networ k i s define d i n 

term s o f  it s trainin g set .  A n y conten t  foun d i n th e repre -

sentation s depend s o n thi s context . 

•  Th e organizatio n o f  th e representation s i s no t  arbitrary , 

rathe r  i t  depend s o n th e contex t  expresse d i n th e trainin g 

set . 

•  Th e weight s operatin g o n th e representation s extrac t 

th e conten t  expresse d i n them .  Therefore ,  th e weight s 

and th e interna l  dynamic s o f  th e receivin g unit s ca n b e 

use d t o defin e conten t  whic h entail s tha t  a n explanatio n 

t o systemati c processe s workin g o n th e representa -

tions ,  i s  possible . 

O ne possibl e objectio n t o thi s vie w coul d b e th e definitio n 

of  content ,  bu t  w e argu e tha t  i t  i s  i n lin e wit h Palmer' s 

(1978 )  definitio n o f  informatio n i n cognitiv e representa -

tion : 

Th e onl y informatio n containe d i n a  representatio n i s 

tha t  fo r  whic h operation s ar e define d t o obtai n i t 

(Palmer ,  1978 ,  p .  266 ) 

Figur e 1  exemplifie s som e o f  th e abov e points .  T w o inpu t 

unit s ( x an d y )  ar e connecte d t o a  logisti c outpu t  uni t  (z ) 

wit h weight s -3. 7 an d 9. 4 respectively .  I n additio n t o this , 

a -3. 2 bia s weigh t  i s connecte d t o th e outpu t  unit .  T h e fig-

ur e show s h o w a  particula r  weigh t  configuratio n partition s 

th e inpu t  space ,  allowin g th e extractio n o f  th e conten t  o f 

thre e sampl e inpu t  (A ,  B  an d C  i n Figur e 1 )  representa -

tion s t o th e network . 

Th e contex t  (i.e. ,  th e relation s expresse d i n th e trainin g 

set )  i n thi s exampl e i s tha t  representation s B  an d C  belon g 

t o th e sam e categor y (z=0) ,  an d A  t o a  differen t  on e (z=l) . 

As ca n b e see n i n th e figure,  th e networ k ha s i n thi s partic -

ula r  cas e learne d thi s classification .  I t  i s  als o clea r  tha t  w e 

n o w ca n us e th e weight s i n th e traine d networ k t o extrac t 

th e conten t  i n th e inpu t  representations ,  eve n fo r  nove l 

ones ,  an d identif y spatia l  region s fo r  th e differen t  classes . 

0.2 
Inpu t  y  oK o Inpu t  X 

F igur e 1 :  T h e resul t  o f  a  particula r  learnin g situation .  T h e 

line s represen t  differen t  value s fo r  z  (0. 9 t o 0.1 ) 

W h at  thi s simpl e exampl e doe s no t  sho w i s h o w th e orga -

nizatio n o f  th e representation s (i.e. ,  th e location s t o point s 

i n th e n-dimensiona l  representationa l  space )  ca n b e m a d e 

sensitiv e t o th e particula r  contex t  expresse d i n th e trainin g 

set .  Fo r  this ,  w e nee d t o exten d th e architectur e wit h fea -

ture s allowin g leamabl e representation s fo r  tokens .  Her e 
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Figur e 2 :  Th e complet e architecture .  Th e O E an d th e A E ar e standar d R A A M networks .  I t  shoul d b e note d tha t  th e figure 

sho w th e sam e networ k bu t  a t  differen t  stage s o f  th e encodin g process .  Number s indicat e differen t  erro r  feedback ;  1  i s th e 

feedbac k withi n a  network ,  2  i s feedbac k betwee n th e I N an d th e A E an d 3  i s feedbac k fro m th e A E t o th e O E .  Th e between -

networ k feedbac k i s possibl e sinc e a  separat e dictionar y i s use d t o stor e al l  representation s (e.g. ,  Bird )  an d th e relatio n t o it s 

constituent s (e.g. ,  b i r d an d nil) . 

we us e th e sam e architectur e a s use d b y Bod6 n an d Niklas -

son (1999) ,  se e Figur e 2 .  Thi s architectur e i s  intende d t o 

incorporat e differen t  kind s o f  context .  Her e w e wil l  us e a 

simpl e hierarchica l  taxonom y (e.g. ,  tha t  Sparrow s ar e 

Bird s an d tha t  Ern i e i s a  Sparrow )  and ,  i n th e Object s 

Encode r  (OE) ,  generat e compositiona l  representation s base d 

on thi s context .  I n additio n t o this ,  th e representation s 

neede d t o trai n an d tes t  th e Inferenc e Networ k (IN )  nee d t o 

be generate d (i.e. ,  (Bir d Fly) ,  ((Bir d Fly )  Can)) .  Thi s i s 

don e b y th e Assertion s Encode r  (AE) .  Finall y th e particula r 

inference s vali d i n a  particula r  contex t  (e.g. ,  tha t  bird s i n fac t 

ca n fly)  ar e traine d i n dti e IN .  Th e encoder s ar e standar d 

R A AM network s (Pollack ,  1990 )  an d th e inferenc e networ k 

i s relate d t o Chalmers '  (1990 )  transformatio n network .  Th e 

mai n differenc e fro m Chalmer s i s th e us e o f  between-net -

wor k erro r  feedbac k (whic h i s a n extensio n t o Chrisman' s 

(1991 )  confluen t  representations) . 

The within -  an d between-networ k erro r  feedbac k (se e Figur e 

2)  allow s tha t  th e representatio n fo r  a n objec t  (e.g. ,  Ernie ) 

i s affecte d b y it s relatio n t o othe r  object s i n th e domain ,  th e 

assertion s i t  appear s i n an d th e vali d inference s i t  i s  par t  o f  I t 

wil l  therefor e i n th e followin g b e referre d t o a s contextua l 

feedback . 

An illustrative example 

The O E wa s traine d t o encod e th e following : 

Node : 
OECbir d ni l ) 
OE(sparro w Bird ) 
OE (erni e Sparrow ) 
OE(pengui n Bird ) 
OE(tweet y Penguin ) 

Denote d 
Bir d 
Sparro w 
Erni e 
Pengui n 
Tweet y 

The A E wa s traine d t o encod e th e followin g assertions : 

AE(Bi r d Fly )  AE((Bi r d Fly )  Can ) 
AE(Sparro w Fly )  AE((Sparro w Fly )  Can ) 

AE(  (Pengui n Fly )  Cannot ) 
AE(  (Erni e Fly )  Can ) 
AE(  (Erni e Fly )  Cannot ) 
AE((Tweet y Fly )  Can ) 

by: 

AE (Pengui n Fly ) 
AE (Erni e Fly ) 

AE(Tweety Fly) 

AE((Tweet y Fly )  Cannot ) 

For  Erni e an d Tweet y bot h possibl e inference s (i.e. , 

Can an d Cannot )  wer e generate d fo r  tes t  purposes .  Th e 

I N wa s traine d t o d o th e inferences : 

AE(Bir d Fly )  - > AE((Bir d Fly )  Can ) 
AE(Pengui n Fly )  - > AE((Pengui n Fly )  Cannot ) 
AE(Sparro w Fly )  - > AE((Sparro w Fly )  Can ) 

The relation s encode d i n th e O E an d th e vali d inference s 

i n th e I N ca n b e visualize d a s (se e Figur e 3) : 

Is a Ca n Canno t 
Pengui n 

Bir d 

Sparro w 

Tweet y ( ^  ( ^  Erni e 

Figur e 3 :  Graphica l  representatio n o f  th e domain . 

The mai n purpos e o f  thi s simplifie d exampl e i s no t  t o 

sho w tha t  th e architectur e ca n handl e bot h default s an d 

exceptions ,  bu t  rathe r  t o relat e th e point s mad e abou t  con -

tex t  an d conten t  t o a  specifi c  example .  It ,  however ,  show s 

why th e thi s particula r  networ k ca n generaliz e t o th e nove l 

situations : 

AE(Erni e Fly )  AE(Tweet y Fly ) 

For  visualizatio n purpose s th e dimensionalit y o f  th e hid -

den laye r  o f  th e encoder s wa s reduce d t o tw o units .  Th e 

OE wa s a  12-2-1 2 sequentia l  R A A M (i.e. ,  th e lef t  inpu t 

slot ,  i n Figur e 2 ,  ha d a  siz e o f  1 0 unit s an d th e righ t  ha d 

th e sam e a s th e hidde n layer) .  Th e representation s fo r  th e 

atomi c object s (i.e. ,  bird ,  sparrow ,  etc. )  wer e assigne d a 

10-elemen t  localisti c non-overlappin g representation .  Th e 

A E wa s a  4-2- 4 sequentia l  R A A M,  an d th e I N a  2- 2 feed -

forwar d network . 

The hidde n spac e fo r  th e encode d object s i s show n i n Fig -

ur e 4(a) .  I n thi s diagram ,  th e hyperplane s fo r  weight s con -

necte d t o th e tw o outpu t  unit s (i.e. ,  unit s 11-12 , 

represente d i n th e figure  b y 1  an d 2  respectively )  repre -

sentin g classe s (i.e. .  Bird ,  Sparro w an d Pengfuin )  ar e 
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(e.g. ,  bird )  actuall y ar e th e generate d representatio n afte r  trainin g (e.g. ,  Bird) . 

als o included .  Th e first  thin g t o not e i s tha t  th e representatio n 

fo r  Bir d (to p lef t  comer )  ha s becom e clos e t o [ 0 1] .  Thi s 

means tha t  al l  member s o f  th e clas s B i r d (i.e. .  Pengu i n an d 

Sparrow )  mus t  en d u p o n th e negativ e sid e o f  th e hyper -

plan e enforce d b y th e first  clas s uni t  (i.e. ,  uni t  11) ,  an d th e 

positiv e sid e o f  th e othe r  (i.e. ,  uni t  12) .  Th e representationa l 

regio n i n th e O E fo r  member s o f  th e B i r d clas s therefor e 

becomes th e regio n betwee n th e positiv e sid e o f  th e secon d 

hyperplan e an d th e x-axis .  Similarly ,  th e regio n fo r  member s 

of  th e Sparro w clas s (represente d b y [ 0 0] )  become s th e 
regio n betwee n th e tw o hyperplanes ,  an d th e Pengu i n clas s 

th e top-righ t  regio n i n th e diagram .  Th e reaso n tha t  B i r d ([ 0 

1] )  end s u p i n th e Sparro w clas s region ,  i s tha t  th e represen -

tatio n chose n fo r  n i l  i s  [ 0 0 ]  whic h i s th e sam e a s th e on e 

develope d fo r  th e Sparro w class .  That ,  however ,  i s  no t 

essentia l  fo r  th e curren t  purposes . 

I n th e assertio n spac e (Figur e 4 b an d 4c )  th e representa -

tiona l  region s fo r  F ly ,  Ca n an d Canno t  ar e eas y t o iden -

tify .  Thes e region s ar e define d b y outpu t  unit s 3  an d 4  i n 

th e A E .  F l y an d Canno t  ar e locate d t o th e positiv e sid e o f 

3 an d negativ e sid e o f  4 ,  an d Ca n vic e versa .  Moreover ,  th e 

findings  fo r  th e object s spac e ar e usefu l  als o i n th e asser -

tio n space ,  whic h i n tur n i s th e spac e use d b y th e IN .  I t  i s 

possibl e t o identif y th e regio n o f  th e assertio n spac e i n 

which ,  fo r  instance ,  ne w member s o f  th e Pengu i n clas s 

wil l  en d up .  W e ca n not e tha t  bot h unit s o f  th e O E (th e x 

and y  axi s i n Figur e 4a )  wil l  receiv e a n activatio n abov e 
0. 5 fo r  member s o f  th e Pengu i n class .  Thi s mean s tha t  al l 

ne w member s o f  th e clas s wil l  b e o n th e positiv e sid e o f 
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th e unit s 1  an d 2  i n th e A E whe n combine d wit h F l y (Figur e 

4b) ,  i.e. ,  th e regio n i n whic h Tw««tyF l y no w appears . 

Combinin g thi s wit h th e hyperplane s o f  th e I N (Figur e 4d )  i t 

i s  possibl e t o detin e th e regio n fo r  whic h th e I N wil l  mak e 

'correct '  inference s concernin g Pengu in .  A  locatio n o n 

th e positiv e sid e o f  bot h hyperplane s mean s tha t  th e infer -

enc e networ k wil l  transfor m th e locatio n t o on e abov e [0. 5 

0.5 ]  i n th e assertio n spac e (Figur e 4c) ,  whic h alway s i s clas -

sifie d a s a  no-B'l y  zone ,  b y hyperplane s 3  an d 4 .  O n e coul d 

als o not e tha t  no t  al l  member s o f  th e Pengu i n clas s ar e 

guarantee d t o actuall y en d u p th e positiv e sid e o f  thes e 

hyperplanes .  S o m e (e.g. ,  thos e whic h receiv e a n activatio n i n 

th e A E o f  abou t  [1. 0 0.3 ]  whic h ar e likel y t o b e transforme d 

i n th e I N t o a  positio n clos e t o 0  fo r  th e x  axi s an d definitel y 

belo w 0. 5 fo r  th e y  axis )  nove l  member  o f  th e Pengu i n clas s 

wil l  b e classifie d a s flying.  W e wil l  i n th e followin g simula -

tio n se e example s o f  this . 

Context-dependent processing 

Let us now turn to the remaining issue to be resolved; i.e., 

th e impac t  o f  th e contex t  fo r  solvin g practica l  problems .  W e 

wil l  her e refe r  t o simulation s reporte d elsewher e (cf .  Bode n 

and Niklasson ,  1999) .  I n a  serie s o f  simulation s w e exam -

ine d th e performanc e o f  th e architectur e o n problem s involv -

in g default s an d exceptions .  T w o context s fo r  som e tes t 

object s (se e D l  an d D 2 Figur e 5 )  wer e use d t o evaluat e th e 

performanc e o f  th e architecture .  O f  specia l  interes t  wa s t o 

evaluat e th e effec t  o f  th e contextua l  feedbac k betwee n th e 

differen t  sub-networks ,  allowin g full y context-dependen t 

representations . 

v : - ; - > ^ - ; 

Figur e 5 :  T w o sampl e contexts ,  D l  an d D 2 . 

Th e architectur e wa s traine d o n th e tw o context s (D l  an d 

D 2 ) .  Afte r  training ,  i t  wa s teste d whic h conten t  (p + o r  P- ) 

was assigne d t o th e tes t  object s (a 5 an d B 5 fo r  bot h D l  an d 

D 2,  an d C l  fo r  D 2 ) .  Th e conten t  assigne d b y th e I N wa s 

compare d t o th e representation s forme d i n th e A E ,  an d th e 

on e wit h th e closes t  Euclidea n distanc e wa s chosen .  Thi s 

can ,  fo r  reason s explaine d earlier ,  b e somewha t  misleadin g 

but  thi s approac h d o no t  favo r  on e outcom e ove r  th e other , 

whic h mean s tha t  a n averag e ove r  severa l  run s wil l  giv e a n 

objectiv e result .  I n th e first  ru n o n D l  th e inferenc e o n A5 P 

(i.e. ,  th e outpu t  o f  th e IN )  wa s 1.30 0 fro m A5P + an d 0.11 6 

fro m A5P- . 

For  D l ,  th e siz e o f  th e R A A M s use d wer e O E 10-3-10 ,  A E 

6-3- 6 an d I N 3-3 .  Fo r  D 2 ,  th e siz e wer e 12-3-12 ,  6-3- 6 an d 

3-3 .  Fo r  eac h experimen t  3 0 run s wer e conducte d wit h 

contextua l  feedbac k enabled ,  an d 3 0 wit h i t  disabled . 

Trainin g wa s conducte d fo r  1000 0 epoch s wit h learnin g 

rat e 0. 1 an d m o m e n t u m 0.9 .  Th e result s ar e liste d i n Tabl e 

1. 

Tabl e 1 :  Result s fro m th e D l  an d D 2 dat a set s 

Contex t 

Dl 

Dl 

Dl 

Dl 

D2 

D2 

D2 

D2 

D2 

D2 

Objec t 

A5 

A5 

B5 

B5 
A5 

A5 

B5 

85 

Cl 

Cl 

%P+ 

30 

37 

77 

62 
10 

20 

43 

13 

20 

47 

%P-

70 

63 

23 
38 
90 

80 

57 

87 

80 

53 

Contextua l  feedbac k 

Yes 

No 

Yes 

No 
Yes 

No 

Yes 

No 
Yes 

No 

S o me interestin g observation s ca n b e made .  Generall y th e 

architectur e support s shortes t  pat h reasoning ,  e.g. ,  fo r  A 5 

and B 5 i n D l .  Contextua l  feedbac k accentuate s thi s prefer -

ence ,  whic h i s mos t  obviou s fo r  B 5 i n D 2 ,  wher e th e pat h 

B5->B3->P + i s a s lon g a s B5->B4->P- .  Th e result s sho w 

tha t  architectur e wit h feedbac k assign s positiv e o r  negativ e 

conten t  wit h almos t  equa l  probabilit y  (withou t  feedbac k 

1 3 % vs .  8 7 % ,  an d wit h feedbac k 4 3 % vs .  5 7 % ) .  Compar e 

thi s t o A5 ->A4->P -  an d A5->A2->a1->p+ ,  wher e th e 

feedbac k ha s increase d th e bia s fo r  th e shorte r  o f  th e paths . 

The mos t  obviou s reflectio n on e ca n make ,  i s tha t  th e 

effec t  o n C l  i n D 2 i s rathe r  dramatic .  Withou t  feedbac k th e 

tw o outcome s occu r  wit h almos t  equa l  probability .  Wit h 

feedbac k th e preferenc e i s fo r  P- .  Thi s exampl e ca n b e 

compare d t o a n extensio n o f  th e famou s Nixo n diamond , 

i.e. ,  Nixo n i s a  quaker ,  republica n an d colonel .  Quaker s 

ar e pacifists ,  bu t  republican s an d colonel s ar e not .  On e 

way o f  reasonin g i s tha t  sinc e th e majorit y o f  categorie s o f 

whic h Nixo n i s a  member  ar e non-pacifists ,  h e i s too . 

Conclusion 

We have argued that connectionism can offer alternatives 

t o classica l  explanation s fo r  cognitiv e phenomen a pro -

vide d tha t  conten t  an d contex t  ar e define d i n term s mor e 

natura l  t o connectionis t  architectures ,  learning ,  weight s 

and interna l  activations .  Suc h definition s wer e provide d 

and connecte d t o a n example . 

I f  th e approac h w e sugges t  i s accepted ,  i t  i s  possibl e t o 

explai n no t  onl y context-independen t  reasonin g (se e Nik -

lasso n an d va n Gelde r  (1994 )  w h o use d a  relate d architec -

tur e fo r  syntacti c transformations) ,  bu t  als o context -

dependen t  reasoning ,  b y referrin g th e performanc e exhib -

ite d o n dat a set s lik e D l  an d D 2 . 

Phillip s (1998 )  note d tha t  th e network s use d b y Niklasso n 

and va n Gelde r  (1994 )  coul d no t  suppor t  systematicit y a t 
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th e compositiona l  level ,  onl y a t  th e componen t  level .  Th e 

approac h use d i n thi s pape r  show s tha t  connectionis t  archi -

tecture s ca n suppor t  systematicit y a t  bot h levels ,  b y incorpo -

ratin g contextua l  feedback . 

We hav e show n ho w compositionalit y an d context-depci i 

denc e ca n co-exis t  withi n th e sam e framework .  Th e explana -

tio n w e suppl y i s base d o n weigh t  region s expressin g spatia l 

structur e whic h mirro r  contextua l  similaritie s amon g repre -

sentations . 

We als o argue d tha t  connectionis t  an d classicis t  system s 

shoul d b e allowe d t o mak e th e sam e assumptio n abou t  th e 

exampl e domain .  Her e tw o rathe r  smal l  dat a set s wer e use d 

and canno t  giv e th e complet e stor y bu t  the y ca n serv e a s use -

fu l  indicator s o f  wha t  t o loo k for .  I t  woul d b e quit e eas y t o 

defin e a n empirica l  investigatio n o f  ho w human s perfor m o n 

Dl  an d D2 .  I f  th e performance s o f  human s diife r  signifi -

cantl y fro m th e performanc e o f  ou r  architecture ,  thi s woul d 

be quit e damagin g fo r  ou r  argument .  I f  not ,  ou r  vie w woul d 

be justifie d bot h o n technica l  an d empirica l  grounds . 
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