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Abstrac t 

At root, the systematicity debate over classical ver-
sus connectionis t  explanation s fo r  cognitiv e architectur e 
turn s o n quantifyin g th e degre e t o whic h huma n cogni -
tio n i s systematic .  W e introduc e int o th e debat e recen t 
psychologica l  dat a tha t  provide s stron g suppor t  fo r  th e 
purel y structure-b2ise d generalization s claime d b y Fodo r 
and Pylyshy n (1988) .  W e the n show ,  vi a simulation , 
tha t  tw o widel y use d connectionis t  model s (feedforwar d 
and simpl e recurren t  networks )  d o no t  captur e th e sam e 
degre e o f  generalizatio n a s huma n subjects .  However , 
we sho w tha t  thi s limitatio n i s overcom e b y tenso r  net -
work s tha t  suppor t  relationa l  processing . 

Distribution of cognitive behaviour 

I n th e searc h fo r  th e essentia l  component s o f  cognitiv e 
architectur e researcher s hav e looke d fo r  concepts ,  phe -
n o m e na an d principle s tha t  hel p reduc e potentia l  candi -
date s to ,  ultimately ,  a  singl e architectur e tha t  explain s 
cognitiv e behaviour .  Systematicit y i s on e suc h concept . 

Systematicit y i s  th e propert y whereb y cognitiv e ca -
pacitie s ar e groupe d o n th e basi s o f  c o m m o n structure . 
For  example ,  th e abilit y t o infe r  tha t  "Joh n wen t  t o th e 
store "  give n tha t  "Joh n an d Mar y wen t  t o th e store" , 
extend s t o othe r  structurall y relate d inference s suc h a s 
"Mar y wen t  t o th e store "  give n tha t  "Mar y an d Joh n 
went  t o th e store" .  Thes e tw o inference s shar e th e com -
m on structur e " P an d Q  implie s P" . 

T h e concep t  o f  systematicit y wa s introduce d b y Fodo r 
an d Pylyshy n (1988 )  t o differentiat e tw o candidat e cog -
nitiv e architectures :  classica l  (symbo l  based )  an d con -
nectionis t  (vecto r  based )  o n th e basi s o f  thei r  distribu -
tio n o f  behaviours .  I n brief ,  thei r  argumen t  i s that : 

•  H u m a n cognitiv e behaviou r  i s  groupe d o n th e basi s 
of  c o m m o n structur e (e.g. ,  fro m above ,  i t  i s no t  th e 
cas e tha t  on e ca n d o th e first  inference ,  bu t  no t  th e 
second) . 

•  Classica l  architecture s captur e thi s groupin g o f  be -
haviour s b y positin g structur e sensitiv e processes . 

•  Connectionis t  architectures ,  b y specifyin g context -
sensitiv e (structur e insensitiv e processes) ,  distribut e 
behaviou r  irrespectiv e o f  structure . 

•  Therefore ,  classica l  (symbol )  system s ar e a  bette r  ex -
planatio n fo r  cognitiv e architecture ,  althoug h connec -
tionis t  architecture s m a y provid e suitabl e implemen -
tation s o f  classica l  ones . 

At  issu e her e i s no t  whethe r  a n architectur e ca n ul -
timatel y exhibi t  al l  th e observe d stimulus-respons e be -
haviours ,  bu t  ho w thes e behaviour s ar e distribute d ove r 
thei r  availabl e resource s (e.g. ,  learnin g trials) .  Fo r  exam -
ple ,  a n architectur e base d o n simpl e association s require s 
tw o associatio n step s (e.g. ,  1 :  A—»B;  2 :  B—•A )  t o sup -
por t  a  bidirectiona l  lin k betwee n event s A  an d B .  B y 
contrast ,  a  relatio n base d architectur e onl y require s on e 
ste p (e.g. ,  R(A,B)) ,  sinc e bi(omni)directionalit y i s buil t 
int o relationa l  operator s (Phillips ,  Halford ,  k  Wilson , 
1995) .  T h e tw o architectures ,  althoug h supportin g th e 
same functionality ,  distribut e tha t  functionalit y differ -
ently .  T h e relevan t  differenc e i s tha t  ther e ar e state s o f 
associativ e base d architecture s fo r  whic h representation s 
of  event s ar e accessibl e i n on e direction ,  bu t  no t  th e othe r 
(e.g. ,  afte r  ste p 1 ,  bu t  befor e ste p 2) .  I f  on e onl y eve r 
observe s bidirectiona l  behaviou r  the n suc h observation s 
woul d b e suppor t  fo r  th e relatio n base d architecture ,  an d 
not  th e associatio n base d architecture ,  althoug h th e for -
mer  coul d b e implemente d b y th e latter ^ 

Clearly ,  then ,  th e roo t  o f  th e systematicit y argumen t 
ove r  cognitiv e architectur e rest s o n th e degre e t o whic h 
h u m an cognitio n i s systematic .  Fodo r  an d Pylyshy n tak e 
systematicit y t o b e self-evident .  Withou t  recours e t o 
specifi c  dat a the y claim ,  fo r  example ,  tha t  on e ca n mak e 
inference s o f  th e for m P  —•  Q ,  P  h  Q ,  i f  an d onl y i f  on e 
ca n mak e inference s o f  th e for m Q  —> P, Q \ -  P  Sub -
sequently ,  Hadle y (1994 )  characterize d systematicit y a s 
generalizatio n t o nove l  syntacti c position ,  base d o n a 
revie w o f  languag e learning .  Researcher s hav e demon -
strate d network s supportin g thi s definitio n o f  system -
aticit y t o variou s degree s (Christianse n &  Chater ,  1994 ; 
Hadle y &  Hayward ,  1994 ;  Niklasso n &  va n Gelder ,  1994 ; 
Phillips ,  1994) .  However ,  others ^  questio n whethe r  th e 
empirica l  evidenc e support s thi s definitio n eithe r  way , 
give n th e difficult y o f  controllin g subjects '  backgroun d 
knowledg e an d observin g wha t  knowledg e the y hav e ac -
quire d i n th e cours e o f  a n experiment .  Furthermore , 

'  Analogously ,  wherea s th e architectura l  component s o f  a 
databas e syste m ar e typicall y provide d b y fourth-generatio n 
language s suc h a s SQL ,  suc h language s ma y b e implemente d 
i n third-generatio n language s suc h a s C ,  o r  Pascal .  Th e poin t 
is ,  o f  course ,  tha t  th e sort s o f  behaviour s exhibi t  b y "paper -
based "  informatio n processin g system s ar e bette r  capture d 
(modelled )  b y relationa l  language s lik e SQL ,  rathe r  tha n pro -
cedura l  language s lik e C . 

^Anonymou s reviewe r  o f  Phillip s (submitted) . 
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i n th e domai n o f  reasoning ,  va n Gelde r  an d Niklasso n 
(1994 )  argu e tha t  th e empirica l  evidenc e o n logica l  in -
ferenc e (specifically ,  modu s tollen^ )  doe s no t  suppor t 
th e Fodo r  an d Pylyshyn' s clai m tha t  h u m a n cognitio n 
i s systematic .  W h e n themati c informatio n i s supplie d i n 
th e premises ,  mos t  subject s successfull y perfor m th e in -
ference .  Yet ,  whe n abstrac t  informatio n i s supplie d per -
formanc e drop s dramatically .  A  purel y structure-base d 
architectur e woul d no t  predic t  thi s differenc e sinc e th e 
structur e i s th e sam e i n bot h cases . 

The context-sensitiv e natur e o f  cognitio n an d it s de -
pendenc e o n backgroun d knowledg e mak e i t  difficul t  t o 
quantif y level s o f  generalization .  I s i t  th e case ,  fo r  exam -
ple ,  tha t  n o aspec t  o f  cognitio n i s purel y structure-based , 
i n whic h cas e a  classica l  pictur e i s entirel y wrong ? Or ,  i s 
i t  th e interactio n o f  tw o underlyin g factor s (familiarity , 
and structure-sensitivity )  tha t  i s  bein g observed ? 

We poin t  t o recen t  psychologica l  experiment s b y Hal -
ford ,  Bain ,  an d Mayber y (submitted )  a s evidenc e fo r 
th e degre e o f  systematicit y consisten t  wit h th e origina l 
claim s o f  Fodo r  an d Pylyshyn .  W h e n contextura l  an d 
backgroun d informatio n ar e controlle d (b y usin g materi -
al s o f  equall y lo w associatio n valu e an d devoi d o f  seman -
ti c  content) ,  subject s consistentl y m a k e generalization s 
on th e basi s o f  th e structura l  relationship s betwee n m a -
terials .  W e sho w tha t  thi s purel y structure-base d gener -
alizatio n i s difficul t  t o achiev e fo r  tw o standar d connec -
tionist s networks .  Eve n thoug h thes e network s demon -
strat e generalization ,  th e degre e o f  generalizatio n i s no t 
th e sam e a s h u m a n subjects .  However ,  w e provid e on e 
alternativ e t o th e lac k o f  generalizatio n i n term s o f  tenso r 
network s tha t  suppor t  relationa l  processing . 

Evidence: Relational schema induction 

Recent  psychologica l  experiment s b y Halfor d e t  al .  (sub -
mitted )  demonstrate d rapi d inductio n an d transfe r  o f  re -
lationa l  schema s b y h u m a n subject s o n a  serie s o f  task s 
sharin g a  c o m m o n structure .  I n Experimen t  1 ,  four -
tas k serie s wer e generate d fro m th e Klei n 4-grou p us -
in g tw o operators :  horizonta l  an d vertica l  (se e below) . 
The tas k consist s o f  fou r  state s an d tw o operators ,  whic h 
m ap eac h stat e t o a  nex t  state .  W h e n th e state s ar e de -
picte d a s vertice s o f  a  square ,  th e tw o operator s ca n b e 
interprete d a s horizonta l  an d vertica l  transition s (Figur e 
1(a)) .  Eac h tas k instanc e consist s o f  fou r  randoml y gen -
erate d strings ,  an d tw o shape s (correspondin g t o th e hor -
izonta l  an d vertica l  transitions) .  Subject s ar e presente d 
wit h a  strin g an d a  shape ,  an d aske d t o predic t  th e re -
spons e string .  Fo r  example ,  i n Figur e 1(b) ,  P E J an d 
A predic t  B I P I n eac h trial ,  al l  eigh t  possibl e string -
shap e pair s ar e presente d on e a t  a  tim e i n rando m order . 
Afte r  makin g a  prediction ,  subject s ar e informe d o f  th e 
correc t  response .  N o referenc e i s m a d e t o th e structur e 
and underlyin g meanin g o f  th e task .  Learnin g withi n a 
tas k instanc e continue s unti l  al l  eigh t  pair s ar e correctl y 
predicte d withi n a  singl e trial ,  o r  t o a  m a x i m u m o f  si x 
trials .  Afte r  th e intra-tas k learnin g criterio n i s reached , 
or  afte r  si x trials ,  th e nex t  tas k instanc e i s presented , 
unti l  fou r  tas k instance s hav e bee n completed . 

^The inference: if p implies q and not q then not p. 
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Figure 1: Klein 4-group (a) and task instance (b). 

O ne o f  th e mos t  pertinen t  result s t o thi s pape r  i s tha t 
first  tria l  erro r  rat e o n th e fourt h tas k wa s 2.0 0 fo r  a 
grou p o f  1 2 participants .  Halfor d e t  al .  considere d tw o 
possibl e explanation s fo r  correc t  predictio n o n nove l  pat -
terns .  O n e ca n mak e correc t  prediction s b y interpretin g 
element s o f  th e ne w tas k a s element s o f  a  c o m m o n tas k 
structure ,  o r  a  previou s task .  Fo r  example ,  give n stimu -
lu s pair s an d thei r  targe t  response s (fro m Figur e 1) : 

(PEJ ,  A ) 
(SIY ,  O ) 

BIP ;  an d 
PEJ, 

one ca n mak e th e followin g interpretationŝ : 

(PEJ, a); (A, H); 
(BIP,b) ;  (0 ,V) ; 
(SIY ,  d) ;  an d 
(JAS ,  c) . 

A third stimulus pair (BIP, O) can be predicted as JAS 
vi a th e aligne d element s an d tas k structure .  Th e thre e 
step s are : 

1. BIP - b and O -* V; 
2.  (b ,  V )  - ^  c ;  an d 
3.  c^JAS . 

An alternative, non-structure based explanation is to 
observ e tha t  (1 )  a  strin g neve r  predicte d itself ,  an d (2 ) 
no strin g wa s paire d wit h a  shap e mor e tha n once .  Us -
in g thi s statistica l  knowledg e th e expecte d erro r  i s 3.34 . 
However ,  th e observe d erro r  rat e wa s significantl y lowe r 
tha n thi s valu e t(23 )  =  1.89 ,  p  <  .0 5 (Halfor d e t  al. , 
submitted) . 

Thes e result s ar e stron g evidenc e fo r  th e sor t  o f 
structure-base d generalizatio n claime d b y Fodo r  an d 
Pylyshyn .  W h e n material s ar e controlle d fo r  associa -
tio n valu e an d semanti c conten t  (b y usin g pronounce -
able ,  bu t  otherwis e meaningles s thre e lette r  string s an d 
shapes) ,  subject s consistentl y reache d th e poin t  (4t h 
tas k instance )  o f  makin g correc t  inference s o n ne w task s 
conformin g t o th e sam e structure ,  independen t  o f  th e 
material s used .  W h a t  the n i s th e suppor t  fo r  th e sam e 
degre e o f  structure-base d generalizatio n i n connectionis t 
networks ? W e addres s thi s questio n b y examinin g feed -
forwar d network s o n th e Klei n 4-grou p tas k use d t o tes t 
h u m an subjects . 

*Th e las t  interpretatio n (JAS ,  c )  come s fro m th e knowl -
edge tha t  the y ar e th e onl y remainin g uninterprete d elements . 
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C o n n e c t i o n i s t  p roper t ie s 

A c o m m o n metho d fo r  demonstratin g generalizatio n i s t o 
partitio n dat a int o trainin g an d testin g sets ,  wher e th e 
input s an d output s rang e ove r  th e sam e vecto r  space . 
However ,  i n th e schem a inductio n typicall y th e stimu -
lu s cin d respons e material s d o no t  appea r  i n mor e tha n 
one task .  Therefore ,  particula r  attentio n mus t  b e give n 
t o th e wa y inpu t  an d targe t  vector s ar e represente d i n 
th e network .  On e wa y i s t o us e a  differen t  grou p o f 
input/outpu t  unit s fo r  eac h task ,  wit h learnin g trans -
fe r  o n th e basi s o n commo n connection s betwee n hid -
den unit s (Figur e 2(a)) .  Hinto n (1990 )  use d thi s styl e 
of  networ k t o demonstrat e generalizatio n betwee n tw o 
isomorphi c famil y trees .  However ,  thi s approac h i s cum -
bersom e fo r  a  longe r  serie s o f  task s sinc e i t  add s man y 
additiona l  weight s an d unit s tha t  ar e onl y update d dur -
in g on e o f  th e tasks .  Th e approac h w e adopte d wa s t o 
use th e sam e unit s an d weight s fo r  eac h task ,  bu t  t o 
rese t  th e input-to-hidde n an d hidden-to-outpu t  connec -
tions .  Thi s approac h simulate s th e us e o f  nove l  material s 
acros s tasks ,  whil e allowin g knowledg e transfe r  b y no t 
resettin g th e hidden-to-hidde n uni t  connection s (Figur e 
2(b)) .  Dashe d arrow s indicat e th e actua l  weight s rese t 
durin g simulation s (se e Method) . 

Task l Task 2  O  O  O  O 

" * \  ^ ^  ' 

hidde n 2  O  O 

i 1, 

hidde n 1  ^  ^  ^ 

. - ^ " ^ ^  , . V ' ' " 

Task l Task 2  C3 O  O  0  O  O 

(a ) (b ) 

Figur e 2 :  Feedforwar d networ k wit h differen t  (a )  an d 
same (b )  input/outpu t  unit s fo r  eac h task . 

Another consideration is the number of hidden lay-
er s (a t  leas t  two )  an d th e numbe r  o f  unit s withi n eac h 
layer .  Importantly ,  th e numbe r  o f  weight s (fre e param -
eters )  mus t  b e smal l  enoug h t o facilitat e generalization , 
but  larg e enoug h t o suppor t  a  solution .  Preliminar y sim -
ulation s suggeste d a  6-3-2- 4 network ,  wher e th e 6  inpu t 
unit s ( 4 state s plu s tw o operators )  ar e connecte d t o th e 
firs t  hidde n laye r  o f  3  units ,  connecte d t o th e secon d hid -
den laye r  o f  2  units ,  connecte d t o th e 4  outpu t  units .  Fo r 
unit s wit h activatio n function s tha t  for m hyperplanes ,  i t 
ca n b e show n tha t  2  i s th e min imu m numbe r  o f  unit s 
fo r  th e secon d hidde n layer ,  an d tha t  2  i s a  lowe r  boun d 
fo r  th e firs t  hidde n layer ,  unde r  th e conditio n o f  loca l 
input/outpu t  vector s (i.e. ,  a  singl e uni t  wit h activatio n 
1 an d th e res t  0) .  Preliminar y simulation s wit h a  6-2 -
2- 4 faile d t o lear n al l  patterns ,  s o th e 6-3-2- 4 networ k 
was used .  Us e o f  mor e hidde n unit s onl y decrease s th e 
likelihoo d o f  generalizatio n a s i t  introduce s mor e fre e pa -
rameter s fo r  th e sam e numbe r  o f  examples . 

M e t h o d 

Preliminar y simulation s showe d tha t  th e networ k faile d 
t o lear n man y o f  th e pattern s i n th e secon d tas k despit e 
successfull y learnin g al l  pattern s i n th e firs t  task .  This , 
despit e th e fac t  tha t  on e o f  th e solution s t o th e secon d 
tas k i s th e sam e se t  o f  weight s learn t  fro m th e firs t  task , 
some o f  whic h wer e alread y specified .  Th e inabilit y t o 
lear n th e secon d tas k introduce s a  methodologica l  prob -
lem :  ho w t o examin e generalizatio n whe n th e networ k 
canno t  find  an y o f  th e availabl e solution s t o th e trainin g 
set .  Ther e ar e severa l  way s t o overcom e thi s problem ,  fo r 
example :  us e mor e trainabl e weights ;  fix  fewe r  weight s 
common t o bot h tasks ;  or ,  us e mor e powerfu l  learnin g 
methods .  However ,  a  failur e t o demonstrat e generaliza -
tio n unde r  thes e circumstance s i s alway s subjec t  t o th e 
"wha t  i f  yo u trie d "  response .  Alternatively ,  on e ca n 
tak e a  uppe r  boun d approac h b y identifyin g th e degre e 
of  generalizatio n capabl e b y th e networ k give n th e mos t 
amount  o f  information .  I f  th e networ k fail s t o mee t  th e 
generalizatio n criterio n unde r  thi s conditio n w e ca n sa y 
tha t  i t  canno t  suppor t  systematicit y a s ther e i s n o fur -
the r  informatio n availabl e t o th e network . 

Accordingly ,  w e adopte d th e followin g procedure :  (1 ) 
trai n th e networ k t o correc t  predictio n o n al l  pattern s 
i n th e first  task ;  (2 )  rese t  onl y thos e weight s connecte d 
fro m th e inpu t  uni t  correspondin g t o th e tes t  patter n 
fo r  th e secon d task ;  an d (3 )  retrai n th e networ k wit h al l 
othe r  patterns ,  an d al l  othe r  weight s an d biase s fixed. 
Figur e 2(b )  show s th e weight s (dashe d arrows )  rese t  fo r 
learnin g th e secon d task .  Th e network s wer e randoml y 
initialize d fro m a  0  mea n 0. 5 varianc e norma l  distribu -
tion ,  an d update d usin g th e standar d backpropagatio n 
algorith m (Rumelhart ,  Hinton ,  h  Williams ,  1986 )  wit h 
square d differenc e betwee n outpu t  an d targe t  pattern s a s 
th e erro r  function ,  an d a  learnin g rat e o f  0.1 .  Trainin g 
continue d unti l  th e averag e square d erro r  fo r  eac h out -
put  uni t  an d patter n reache d 0.0 1 traininĝ .  Network s 
wer e examine d fo r  transfe r  i n th e case s wher e 1 ,  2  an d 
3 weight s fro m th e inpu t  uni t  representin g th e missin g 
stimulu s patter n wer e reset .  Sinc e loca l  representation s 
(i.e. ,  a  singl e uni t  wit h activatio n 1 ,  th e res t  0 )  wer e 
used ,  thi s correspond s t o retrainin g o n al l  pattern s fo r 
th e ne w tas k excep t  th e singl e tes t  patter n containin g 
th e inpu t  strin g represente d b y tha t  unit .  Result s ar e 
reporte d fo r  th e secon d tas k instance . 

Results 

The networ k demonstrate d generalizatio n t o th e tes t 
patter n i n 7  o f  1 0 trial s whe n onl y on e weigh t  wa s re -
set .  Ther e wa s n o evidenc e o f  generalizatio n whe n al l  3 
weight s wer e reset .  I n 2  trial s (wit h 3  weight s reset )  th e 
outpu t  uni t  wit h th e m a x i m u m activatio n corresponde d 
t o th e targe t  string .  Thi s rat e o f  succes s i s no t  bette r 
tha n chanc e (2.5) ,  an d th e differenc e betwee n th e larges t 
tw o activate d units ,  i n eac h trial ,  wa s onl y margina l 
( < 0.02) .  I n bot h trials ,  th e networ k onl y learn t  6  o f 
th e 7  trainin g patterns .  I n th e 4  trial s wher e al l  7  train -
in g pattern s fo r  th e secon d tas k wer e learnt ,  ther e wa s 
no generalizatio n t o th e tes t  pattern . 

^Sufficient  for correct prediction on all training patterns. 
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Discussio n 

The mos t  pertinen t  resul t  i s  th e 4  trial s wher e al l  7  train -
in g pattern s wer e learn t  withou t  generalizatio n t o th e 
singl e tes t  pattern :  sinc e th e regio n o f  weigh t  spac e tha t 
i s a  solutio n t o th e 7  trainin g pattern s i s large r  tha n 
th e regio n o f  spac e fo r  al l  8  patterns ,  ther e i s n o neces -
sit y tha t  trainin g wil l  generaliz e t o th e tes t  pattern .  On e 
way t o reduc e th e differenc e betwee n th e tw o region s i s t o 
eliminat e hidde n unit s t o reduc e th e numbe r  o f  weight s 
(fre e parameters) .  However ,  a s w e hav e seen ,  furthe r  re -
ductio n i n hidde n unit s leave s th e tas k unrepresentable . 
Therefore ,  th e feedforwar d networ k i n it s standar d for m 
canno t  b e sai d t o captur e th e propert y o f  systematicit y 
as characterize d b y th e empirica l  data . 

The result s d o no t  preclud e th e feedforwar d networ k 
fro m demonstratin g som e degre e o f  generalizatio n acros s 
structurall y isomorphi c tasks .  Fo r  example ,  Hinto n 
(1990 )  showe d th e sam e typ e o f  networ k (wit h differen t 
number s o f  hidde n layer s an d units )  exhibitin g predic -
tio n o n isomorphi c famil y trees .  However ,  th e degre e 
of  generalizatio n wa s extremel y limite d (afte r  trainin g 
on 10 0 o f  a  possibl e 10 4 patterns ,  th e networ k correctl y 
predicte d th e remainin g 4  tes t  patterns) ,  an d i n ligh t  o f 
evidenc e discusse d here ,  differen t  t o tha t  o f  humans . 

The limitatio n o f  th e feedforwar d networ k o n Klei n 4 -
grou p task s als o extend s t o th e simpl e recurren t  networ k 
(Elman ,  1990) ,  whic h other s (Christianse n &  Chater , 
1994 ;  Niklasso n &  va n Gelder ,  1994 )  hav e show n exhibit s 
(t o som e degree )  th e definitio n o f  systematicit y pu t  fort h 
by Hadle y (1994) .  A  simpl e recurren t  networ k applie d t o 
th e Klei n 4-grou p tas k include s al l  th e weight s an d unit s 
of  th e feedforwar d network ,  plu s additiona l  weight s fo r 
mappin g th e contex t  (hidde n uni t  vecto r  fro m th e previ -
ous tim e step )  t o th e hidde n units .  Sinc e th e additiona l 
weight s i n th e simpl e recurren t  networ k mak e th e solu -
tio n eve n les s constraine d tha n th e feedforwar d networ k 
i t  i s  highl y unlikel y t o exhibi t  generalizatio n fo r  th e Klei n 
4-grou p task . 

Extensions 

As wel l  a s connectivity ,  activatio n an d erro r  function s 
als o determin e th e shap e o f  th e erro r  surface .  Give n 
th e possibl y infinit e variation s on e ca n mak e i n term s 
of  thes e architectura l  component s i t  i s  no t  feasibl e t o 
canva s al l  possibilities .  However ,  w e ca n identif y  spe -
cifi c  propertie s an d examin e thei r  capacit y t o suppor t 
systematicity . 

The effectiv e weigh t  spac e o f  th e networ k ca n b e re -
stricte d b y enforcin g fewe r  activatio n state s fo r  it s unit s 
(e.g. ,  binary ,  rathe r  tha n rea l  valued) .  I n th e extrem e 
case ,  th e smalles t  numbe r  o f  identifiabl e state s fo r  th e 
secon d hidde n laye r  i s 4  (i.e. ,  on e stat e fo r  eac h pos -
sibl e response) .  Fewe r  state s mean s tha t  a t  leas t  on e 
stat e mus t  b e mappe d t o tw o differen t  responses .  Sup -
pose ,  also ,  tha t  thes e 4  state s ar e supporte d b y a  singl e 
hidde n unit .  Thi s conditio n require s nonmonotoni c ac -
tivatio n function s (e.g. ,  gaussian ,  pulse )  a t  th e outpu t 
layer ,  sinc e a s mentione d abov e i t  i s  no t  possibl e t o par -
titio n 4  point s o n a  lin e int o usin g singl e threshol d func -
tions .  However ,  gaussia n function s fo r  exampl e hav e tw o 

threshold s permittin g eac h poin t  t o b e separate d fro m 
ever y othe r  point . 

Under  thes e conditions ,  ho w m a n y pattern s ar e re -
quire d t o lear n a  ne w task ? T h e lowe r  boun d i s 4  (i.e. , 
one patter n fo r  eac h possibl e response) ,  sinc e eac h out -
put  uni t  require s trainin g o n a t  leas t  on e patter n fo r 
whic h th e correc t  respons e correspond s t o tha t  unit .  As -
sumin g w e hav e th e appropriat e architectura l  element s 
(e.g. ,  connectivity ,  activatio n an d erro r  functions )  t o en -
forc e suc h a  representatio n ar e thes e component s suffi -
cien t  t o suppor t  systematicity ? W e mus t  conclud e No , 
sinc e subjec t  respons e rat e i s 2.0 0 (ove r  1 2 subjects) , 
whic h i s significantl y les s tha n 4 .  Therefore ,  suc h ex -
tension s d o no t  suppor t  systematicit y a s define d b y th e 
empirica l  evidence . 

O ne limitin g propert y o f  th e feedforwar d networ k 
i s th e unidirectiona l  natur e o f  it s  flow  o f  information . 
Learnin g th e link s betwee n interna l  representation s o f 
th e tas k structur e an d curren t  tas k element s proceed s i n 
one directio n only :  fro m stimulu s t o interna l  representa -
tio n an d the n fro m interna l  representatio n t o response . 
Thes e tw o direction s ar e independent .  Th e consequenc e 
i s tha t  learnin g t o m a p a  tas k elemen t  a s a  stimulu s t o a 
suitabl e interna l  representatio n (i.e. ,  alignment )  doe s no t 
permi t  th e relate d generalizatio n o f  mappin g th e aligne d 
interna l  representatio n t o th e sam e tas k element ,  bu t 
treate d a s a  response . 

An obviou s extensio n t o th e feedforwar d networ k i s 
t o introduc e bidirectiona l  weight s an d linea r  unit s s o 
tha t  th e interpretatio n an d it s invers e ar e learn t  con -
currently .  However ,  Experimen t  5  (Halfor d e t  al. ,  sub -
mitted )  showe d tha t  subject s als o hav e th e abilit y  t o pre -
dic t  th e missin g operato r  (shape )  give n th e initia l  an d 
fina l  state s (strings) .  Simpl e bidirectiona l  link s woul d 
not  suppor t  thi s kin d o f  generalization ,  sinc e eac h stat e 
i s equall y associate d wit h bot h operators . 

I n general ,  omnidirectionalit y betwee n relate d ele -
ment s i s supporte d b y tenso r  networks .  W e ca n charac -
teriz e a  branchin g poin t  i n th e evolutio n o f  connectionis t 
networks ;  on e whic h turn s o n th e propert y o f  direction -
ality ,  whic h w e conside r  a s a n additiona l  requiremen t  fo r 
systematicity .  I n th e nex t  section ,  w e outlin e a n alter -
nativ e approac h t o capturin g systematicity :  th e us e o f 
tenso r  network s tha t  suppor t  relationa l  processing . 

Support for relational processing 

An alternativ e approac h t o th e continue d extension s t o 
th e feedforwar d networ k i s t o embod y th e propertie s o f 
relation s int o connectionis t  networks .  Ou r  purpos e her e 
i s no t  t o provid e a  complet e mode l  o f  th e dat a fro m th e 
relationa l  schem a inductio n experiments ,  bu t  t o sho w 
ho w connectionis t  (tensor )  network s captur e som e es -
sentia l  propertie s pertainin g t o systematicity . 

Relational architecture 

Th e Klei n 4-grou p tas k ca n b e supporte d b y a  relation -
base d architectur e tha t  assume s relationa l  dat a struc -
ture s (i.e. ,  set s o f  ordere d tuples )  an d processe s fo r  ac -
cessin g relationa l  elements .  A  relation ,  a s th e concep t 
has bee n adopte d fo r  cognitio n (Halford ,  Wilson ,  & 
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Phillips ,  submitted ;  Phillip s e t  al. ,  1995) ,  consist s o f  a 
schema (symbo l  tha t  identifie s th e nam e o f  th e relatio n 
and it s arguments ,  o r  roles )  an d a  se t  o f  ordere d tuple s 
(instance s o f  th e relation) .  I n addition ,  ther e ar e th e 
operators :  select :  (Tc R —•  W ,  whic h return s th e relatio n 
R'  containin g al l  tuple s fro m R  satisfyin g conditio n c ; 
and project :  Tta R —*  R' ,  whic h return s al l  tupl e element s 
fro m R  a t  argumen t  positio n a . 

For  example ,  give n th e Klei n 4-grou p a s th e rela -
tion :  Rk{ I ,0 ,F )  =  {{a,H,b),ia,V,d),...} ,  the n n p o 
'̂ {l=a),{0=H)̂ k —•  l> ,  wher e o  i s th e compositio n o f  tw o 
operators .  Tha t  i s selec t  th e instance s fro m th e Klei n re -
latio n suc h tha t  th e element s i n th e initia l  stat e (I )  an d 
operato r  (O )  position s ar e a  an d H  (respectively) ,  an d 
projec t  ou t  th e elemen t  m th e final  stat e (F )  positio n o f 
th e selecte d instance .  Sinc e th e projec t  an d selec t  oper -
ator s ofte n appea r  i n pairs ,  w e simplif y th e notatio n to : 
Rtia,H,-)^b . 

Suppos e relation s Rk{I ,0,F )  an d Rt{I ,0,F) ,  rep -
resentin g th e Klei n 4-grou p structur e an d curren t  tas k 
(respectively) ;  an d Ri{T,S) ,  representin g th e interpre -
tatio n betwee n tas k an d structur e elements .  Fro m th e 
exampl e pertainin g t o Figur e 1 ,  wher e th e first  tw o pre -
sente d pattern s are :  (PEJ ,  A )  - ^  B I P ,  an d (SIY ,  Q )  - ^ 
P E J ,  th e respons e t o th e thir d stimulu s pair :  ( B I P , 0 ) 
i s predicte d a s follows : 

1.  i?,.(BIP,-)-b ,  i ? , ( 0 , - ) - V ; 
2.  /?fc(b,V,-)^c ;  an d 
3.  Ri{-,c)-^JAS . 

Although ,  element s c  an d J A S d o no t  appea r  i n th e first 
tw o pattern s i t  i s  assume d tha t  the y ar e adde d t o th e 
interpretatio n relatio n R i  a s the y ar e th e onl y remainin g 
uninterprete d elements . 

Tensor architecture 

Base d o n th e wor k o f  Smolensk y (1990) ,  Halford ,  Wil -
son ,  Guo ,  Gayler ,  Wiles ,  an d Stewar t  (1994 )  showe d ho w 
tenso r  network s ca n suppor t  relation s a s th e su m o f  th e 
tenso r  oute r  product s o f  vector s representin g eac h tupl e 
element .  A  ran k n  tenso r  (T" )  i s  constructe d b y takin g 
th e oute r  product ® o f  vector s representin g eac h tupl e el -
ement  o f  a n n-ar y relationa l  instance .  Fo r  example ,  th e 
ternar y relationa l  instanc e (b ,  V ,  c )  i s  represente d b y th e 

rank  3  tenso r  T ^  =  b^V<S)c . 
I n addition ,  th e relationa l  operato r  pai r  project-selec t 

(t t  o  a ) ,  a s w e hav e use d them ,  correspond s t o th e ten -
sor  inne r  product ^  (Halfor d e t  al. ,  submitted ;  Phillip s 
etal. ,  1995) .  Fo r  example ,  /2i(7,0 ,  F )  =  {(b ,  V,c),... } 

correspond s t o th e tenso r  T *  — b  ®  V  ®  c + ... ,  un -
der  th e assumptio n tha t  elemen t  vector s ar e mutuall y 
orthonormal .  Therefore ,  assumin g tensor s T k an d Ti , 
correspondin g t o relation s R k an d R i  (respectively) ,  th e 
thir d stimulu s pai r  i s  predicte d a s follows : 

1. BIPQfi^b,6Qfi^V; 
2.  b<S)VQfk^c;a.n d 
3.  TiQc-^JAS . 

Thus ,  a  tenso r  base d networ k capture s th e sam e de -
gre e o f  generalizatio n a s subject s a t  th e 4t h tas k b y 
embodyin g som e o f  th e propertie s o f  relationa l  systems . 
Thos e propertie s ar e omnidirectiona l  acces s t o relationa l 
elements ,  an d representatio n o f  th e relationa l  structur e 
vi a group s o f  unit s dedicate d t o particula r  relationa l  ar -
gument s (roles) . 

Th e omnidirectiona l  propert y observe d i n Experimen t 
5 i s  supporte d i n relationa l  system s b y th e projec t 
and selec t  operators .  Fo r  example ,  havin g learn t  th e 
stimulus-respons e pai r  (PEJ ,  A )  —» B I P fro m a  sin -
gl e presentation ,  subject s consistentl y inferre d tha t  A  i s 
th e missin g shap e resultin g i n th e transitio n fro m strin g 
P EJ t o strin g B I P .  I n a  relationa l  system ,  th e sin -
gl e stimulus-respons e pai r  i s  adde d a s th e tripl e (PEJ , 
A ,  B I P )  t o th e relatio n Rt(I,0,F) .  Eac h o f  th e 
thre e element s ar e accesse d as :  Rt {PEJ,A ,  - )  —•  B IP ; 
R t {PE3 ,  - ,  B I P )  ̂  A ;  an d fl,(-.  A ,  B I P )  ̂  P E J . 

Th e correspondin g tenso r  operation s supportin g om -

nidirectionaht y are :  P E J ® ^ Q T i  — 5 7 P ;  P E J Q T t Q 

BI P - ^  A ;  an d T ,QA ® BI P - ^  PEJ . 

Where do we stand now? 

Thi s pape r  wa s motivate d b y comment s fro m a n anony -
mous reviewe r  o f  Phillip s (submitted) ,  wh o questione d 
whethe r  i t  i s  possibl e t o determin e th e systemati c na -
tur e o f  huma n cognitio n give n th e difficult y o f  observin g 
a subject' s interna l  (representational )  state ,  an d thei r 
sensitivit y t o contextua l  information .  Ou r  respons e ha s 
bee n t o poin t  t o psychologica l  experiment s showin g evi -
denc e o f  generalizatio n o n th e basi s o f  commo n relation s 
betwee n th e stimulu s materials ,  no t  o n th e basi s o f  th e 
content s o f  thos e materials . 

Our  subsidiar y point s concer n th e connectionis t  prop -
ertie s tha t  do/don' t  suppor t  th e sam e degre e o f  system -
aticit y a s huma n subjects .  Th e degre e o f  generalizatio n 
exhibite d b y huma n subject s place s stron g requirement s 
on (connectionist )  model s o f  cognition .  Thos e require -
ment s ar e no t  capture d b y specifyin g standar d feedfor -
war d o r  recurren t  networks ,  despit e th e fac t  tha t  thes e 
network s demonstrat e generalizatio n i n othe r  domains . 
We poin t  t o tenso r  network s tha t  suppor t  relationa l  pro -
cessin g a s on e propert y tha t  support s systematicit y a s 
measure d b y on e se t  o f  empirica l  studies . 

We d o no t  clai m tha t  al l  o f  cognitio n i s a s equall y 
systematic ,  onl y tha t  a t  leas t  on e (significant )  par t  is . 
Furthermore ,  th e negativ e result s wit h respec t  t o feed -
forwar d an d recurren t  network s d o no t  rul e ou t  thes e ar -
chitecture s a s interestin g candidate s fo r  othe r  aspect s o f 
cognition .  Fo r  example ,  McClellan d (1995 )  ha s demon -
strate d tha t  th e feedforwar d networ k capture s th e im -
portan t  torqu e differenc e effec t  i n th e developmen t  o f 
balance-scale .  However ,  w e d o stres s tha t  i n ligh t  o f 
othe r  evidence ,  suc h model s wil l  no t  provid e th e whol e 
stor y (a t  leas t  no t  withou t  significan t  extensions) . 

N ow tha t  w e hav e separate d ou t  tw o factor s influenc -
in g th e distributio n o f  cognitiv e behaviou r  (i.e. ,  struc -
tur e based ,  a s pointe d ou t  here ,  an d familiarit y based , 
as pointe d ou t  b y va n Gelde r  k  Niklasson ,  1994) ,  th e 
questio n remain s a s t o ho w t o pu t  th e tw o bac k togethe r 
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under  a  singl e architecture .  W e hav e briefl y outhne d tw o 
directions :  (1 )  continu e th e extensio n o f  existin g mod -
el s b y includin g additiona l  structura l  constraint s (e.g. , 
bidirectionality ,  etc) ,  an d (2 )  star t  wit h conneclionis t 
network s (e.g. ,  tensors )  wit h propertie s isomorphi c t o 
classica l  (e.g. ,  relational )  system s an d progressivel y inte -
grat e th e context-sensitiv e propertie s o f  othe r  networks . 
Some wor k i s bein g don e i n thi s directio n (Phillips ,  sub -
mitted) ,  althoug h furthe r  wor k i s required . 

Finally ,  i t  shoul d als o b e note d tha t  th e tenso r  net -
wor k (a s w e hav e presente d i t  here )  i s not ,  specifically , 
a clai m fo r  connectionis m a s a n alternativ e t o classicis m 
as a  theoretica l  basi s fo r  cognitiv e behaviour .  I n fact , 
as ou r  us e o f  th e tenso r  networ k wa s designe d t o sup -
por t  relationa l  processes ,  i t  ca n b e regarde d a s a n im -
plementatio n o f  a  classica l  (relational )  system .  Whether , 
i n fact ,  connectionis m doe s provid e a n alternativ e the -
oretica l  basi s i s stil l  debate d (Fodor ,  1997 ;  Smolensky , 
1995) ,  an d give n th e extensiv e literatur e o n thi s issu e 
(se e Fodo r  &  Pylyshyn ,  1988 ;  Smolensky ,  1988 ;  Fodo r 
k McLaughUn ,  1990 ;  va n Gelder ,  1990 ,  amon g others) , 
i t  woul d b e inappropriat e t o addres s i t  here .  Neverthe -
less ,  alternativ e o r  not ,  th e proble m o f  determinin g wha t 
connectionis t  propertie s suppor t  systematicit y remains . 
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