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Abstrac t 

Several connectionist models have been supplying non-classi-
cal  explanation s t o th e challeng e o f  explainin g systematicity , 
i.e. .  structur e sensitiv e processes ,  withou t  merel y bein g imple -
mentation s o f  classica l  architectures .  However ,  latel y th e chal -
leng e ha s bee n extende d t o includ e learnin g relate d issues .  I t 
has bee n claime d tha t  whe n thes e issue s ar e take n int o 
account ,  onl y a  restricte d for m o f  systematicit y coul d b e 
claime d b y th e connectionis t  model s pu t  forwar d s o far .  I n thi s 
pape r  w e investigat e thi s issu e further ,  an d suppl y a  mode l  an d 
result s tha t  satisfie s eve n th e revise d challenge . 

I n t r o d u c t i o n 

As is well known, in 1988, Fodor & Pylyshyn, arch-defend-

er s o f  mainstrea m orthodoxy ,  thre w d o w n th e mantl e t o con -

nectionists ,  challengin g the m t o explai n th e (so-called ) 

systematicit y o f  cognitiv e capacitie s withou t  merel y imple -

mentin g a  (so-called )  classica l  cognitiv e architecture .  Sinc e 

the n a  numbe r  o f  connectionis t  model s hav e bee n pu t  for -

ward ,  eithe r  b y thei r  author s o r  others ,  a s i n som e measur e 

eithe r  meetin g th e challenge ,  o r  suggestin g tha t  th e challeng e 

ca n b e me t  i n principl e (fo r  th e models ,  se e Pollac k 1988 , 
1990 ;  Smolensk y 1990 ;  Chalmer s 1990 ;  Niklasso n &  Shar -

ke y 1993 ;  Brouss e 1993 ;  etc.) .  Whethe r  thes e model s ca n o r 

d o mee t  th e challeng e ha s bee n th e subjec t  o f  m u c h philo -

sophica l  debat e (Smolensk y 1988 ;  va n Gelde r  1990 ,  1991 ; 

Fodo r  &  McLaughli n 1990 ;  Sharke y &  Jackso n 1992 ; 

McLaughli n 1993a ,  1993b ;  Clar k 1993 ;  Matthew s 1994 ; 

etc.) .  A  consensu s ha s emerge d tha t  th e onl y wa y t o delive r  a 

non-classica l  explanatio n o f  systematicit y i s  t o construc t 

model s tha t  utiliz e representation s tha t  ar e compositionall y 

structured ,  an d henc e ca n b e th e basi s fo r  structur e sensitiv e 

operations ,  bu t  ar e no t  constructe d b y stric t  concatenation , 

whic h i s  th e hallmar k o f  classica l  approaches .  Th e mode l 

presente d i n thi s pape r  wa s constructe d i n accordanc e wit h 

thi s tradition . 

I n recen t  an d luci d contribution s t o thi s debat e Rober t 
Hadle y (1992 ,  1993 )  introduce d a  learning-base d for m o f 

systematicity ,  an d argue d tha t  a  numbe r  o f  level s o f  systema -

ticity ,  fro m wea k t o strong ,  ough t  t o b e distinguished ,  an d 

that ,  whil e human s a t  leas t  exhibi t  (wha t  h e define d as ) 

stron g systematicity ,  carefu l  analysi s show s tha t  connection -

is t  model s hav e achieve d a t  bes t  (wha t  h e define d as )  quas i 
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systematicity . 

I n thi s paper ,  w e firs t  presen t  a n alternativ e hierarch y o f 

level s o f  systematicit y tha t  i s  mor e simpl e an d mor e gen -

eral .  W e the n presen t  a  connectionis t  mode l  tha t  ca n b e 

traine d t o exhibi t  systematicit y a t  bot h Hadley' s stron g 

level ,  an d th e (rathe r  different )  thir d leve l  o f  ou r  hierarchy , 

whic h i s th e capacit y t o dea l  appropriatel y wit h al l  sen -

tence s containin g a  totall y nove l  constituent .  Thi s mode l 

demonstrate s tha t  th e kin d o f  implici t  non-classica l  syntac -

ti c structur e foun d i n connectionis t  distribute d representa -

tion s i s  quit e sufficien t  t o suppor t  structure-sensitiv e 

operations ,  an d t o underwrit e stron g systematicity . 

Not e tha t  thi s mode l  i s m u c h to o crud e t o b e pu t  forwar d 

as a  seriou s mode l  o f  rea l  h u m a n capacities .  I t  i s intende d 

as a n exploratio n o f  th e computationa l  capacitie s o f  a  cer -

tai n kin d o f  architecture ,  an d t o demonstrat e tha t  Fodo r  & 

Pylyshy n wer e wron g t o argu e tha t  connectionis m cannot , 

i n principle ,  delive r  a  non-Classica l  explanatio n o f  syste -

maticity . 

What is Systematicity? 

Insofar as the concept of systematicity differs from pro-

ductivity ,  i t  wa s introduce d int o cognitiv e scienc e fo r  th e 

firs t  tim e i n Fodo r  &  Pylyshyn' s 198 8 paper .  I n vie w o f 

this ,  i t  i s a  surprisin g fac t  tha t  Fodo r  &  Pylyshy n charac -

teriz e systematicit y onl y ver y vaguely .  Fo r  example ,  Fodo r 

has describe d systematicit y a s th e ide a tha t  "cognitiv e 

capacitie s c o m e i n clumps "  (Fodo r  &  McLaughli n 1990 ,  p 

184) .  I n thi s paper ,  w e focu s o n jus t  on e componen t  o f  th e 

genera l  phenomenon ,  th e systematicit y o f  inference .  Th e 

198 8 pape r  gesture d a t  thi s phenomeno n a s follows : 

...organism s shoul d exhibi t  simila r  cognitiv e capaci -

tie s i n respec t  o f  logicall y simila r  inferences.. .  ( p 47 ) 

You don't ,  fo r  example ,  fin d mind s tha t  ar e prepare d 

t o infe r  Joh n wen t  t o th e stor e fro m Joh n an d Mar y 

and Susa n an d Sall y wen t  t o th e stor e an d Joh n an d 

Mar y wen t  t o th e stor e bu t  no t  from  Joh n an d Mar y 

and Susa n wen t  t o th e store ,  ( p 48 ) 

Roughly ,  th e ide a i s tha t  an y cognitiv e syste m tha t  ca n 
perfor m on e inferenc e o f  a  genera l  typ e ca n perfor m othe r 

inference s o f  tha t  type . 

Unfortunately ,  th e precis e conceptua l  an d empirica l 

boundarie s o f  th e phenomeno n o f  systematicit y o f  infer -
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enc e i n human s wer e lef t  entirel y unexplore d i n 1988 ,  an d 

indee d stil l  ar e ope n issues .  Thi s give s ris e t o tw o problems . 

First ,  i t  i s difficul t  t o determin e whethe r  classica l  architectu -

re s ca n actuall y explai n huma n systematicit y o f  inference . 

Thi s i s because ,  whil e th e compositiona l  an d structure-sensi -

tiv e natur e o f  classica l  architecture s obviousl y provid e a 

promisin g resourc e fo r  explainin g systematicity ,  i t  canno t  b e 

determine d whethe r  th e natur e o f  th e systematicit y actuall y 

entaile d b y th e us e o f  a  classica l  architectur e align s suffi -

cientl y closel y wit h empiricall y observabl e fact s abou t 

humans (c.f .  va n Gelde r  &  Niklasso n 1994) . 

Second ,  an d mor e relevan t  here ,  i t  wa s lef t  entirel y unclea r 

what  kin d o f  modeling ,  i f  any ,  connectionist s coul d d o t o 

convinc e Fodo r  &  Pylyshy n e t  al .  tha t  thei r  network s coul d 

delive r  a  non-classica l  explanatio n o f  systematicit y o f  infer -

ence .  Th e proble m i s that ,  whil e th e phenomeno n o f  syste -

maticit y o f  inferenc e ha s n o intrinsi c connectio n wit h 

learning ,  connectionist s ar e usuall y primaril y intereste d i n 

what  kin d o f  capacitie s a  mode l  ca n acquir e o n th e basi s o f 

exposur e t o examples .  Th e notio n o f  systematicit y shoul d b e 

relate d t o th e tas k tha t  th e networ k i s traine d t o perform .  So , 
ho w coul d th e challeng e o f  explainin g systematicit y b e 

reformulate d a s a  learnin g proble m fo r  connectionis t  net -

works ? 

Hadle y focuse d o n precisel y thi s problem ,  an d distin -

guishe d thre e level s o f  systematicity ,  weak ,  quasi -  an d 

strong .  Th e relevan t  on e fo r  ou r  purpose s her e i s stron g sys -

tematicity : 

We shal l  describ e a  syste m a s strongl y systemati c i f  (i )  i t 

can exhibi t  wea k systematicity ,  (ii )  i t  ca n correctl y pro -

ces s nove l  simpl e sentence s an d nove l  embedde d sen -

tence s containin g word s i n position s wher e the y d o no t 

appea r  i n th e trainin g corpu s (i.e .  th e wor d withi n th e 
nove l  sentenc e doe s no t  appea r  i n tha t  sam e syntacti c 
positio n withi n an y simpl e o r  embedde d sentenc e i n th e 

trainin g set) .  (199 3 p .  6 ,  hi s emphasis ) 

Not e tha t  Hadle y stresse s tha t  thi s definitio n i s intende d t o 

be rea d i n suc h a  wa y tha t  th e wor d withi n th e nove l  sentenc e 
does appea r  i n th e trainin g corpus ,  thoug h no t  i n th e sam e 

syntacti c positio n a s i n th e nove l  sentence . 
He the n argue d tha t  non e o f  th e connectionis t  network s 

whic h see m t o exhibi t  somethin g lik e systematicit y actuall y 

exhibi t  stron g systematicit y i n thi s sense . 
I n ou r  view ,  Hadley' s thre e level s ca n b e replace d wit h a n 

alternativ e hierarch y tha t  i s bot h simple r  an d mor e compre -

hensive .  (Ther e i s n o questio n abou t  whic h i s th e righ t  o r 

tru e hierarchy ;  i t  i s  jus t  a  matte r  o f  settlin g o n a  classificatio n 
of  level s whic h i s th e mos t  clea r  an d useful. )  A  traine d net -
wor k i s systemati c a t  leve l  N  i f  i t  i s capabl e o f  successfull y 
processin g tes t  sentence s whic h ar e nove l  i n th e sens e that : 

0.  N o novelty .  Ever y tes t  sentenc e appear s i n th e trainin g 
set . 

1.  Nove l  Formulae .  Th e tes t  sentence s themselve s neve r 
appea r  i n th e trainin g set ,  bu t  al l  thei r  atomi c constituent s 
appea r  i n th e sam e syntacti c positio n somewher e i n th e train -

in g set . 

2.  Nove l  Positions .  Th e tes t  sentence s contai n a t  leas t 

one atomi c constituen t  appearin g i n som e syntacti c posi -

tio n i n whic h i t  neve r  appeare d i n th e trainin g set . 

3.  Nove l  Constituents .  Th e tes t  sentence s contai n a t 

leas t  on e atomi c constituen t  whic h di d no t  appea r  any -

wher e i n th e trainin g set . 

4.  Nove l  Complexity .  Th e tes t  sentence s hav e a  differen t 

leve l  o f  complexit y (embedding )  tha n al l  sentence s i n th e 

trainin g set . 

5.  Nove l  Constituent s a t  Nove l  Complexity .  Th e tes t 

sentence s contai n a t  leas t  on e nove l  constituen t  a t  a  nove l 

leve l  o f  complexity . 

Stricd y speaking ,  Hadley' s stron g systematicit y corre -

spond s t o non e o f  ou r  levels ,  sinc e i t  i s  logicall y possibl e 
one coul d ge t  a  networ k tha t  satisfie d an y on e o f  ou r  lev -

els ,  an d ye t  faile d t o exhibi t  systematicit y a t  Hadley' s 

stron g level .  However ,  i t  i s  ou r  belie f  tha t  satisfyin g ou r 

leve l  3  i s mor e demandin g tha n satisfyin g Hadley' s leve l 

of  stron g systematicity ,  sinc e i t  shoul d b e mor e difficul t  t o 

get  a  networ k t o handl e a n utterl y nove l  constituen t  tha n t o 

get  i t  t o handl e on e tha t  alread y appeare d i n th e trainin g 

set ,  thoug h no t  i n th e sam e syntacti c position .  Thi s belie f 

has bee n born e ou t  i n ou r  modelin g experiments . 

The Task 

The domain chosen here was simple inference in proposi-

tiona l  logic .  Th e ai m i s t o sho w tha t  a  connectionis t  net -

wor k tha t  ha s learne d t o perfor m inference s o f  a  certai n 

typ e ca n thereb y perfor m othe r  instance s o f  tha t  type , 

includin g instance s whic h contai n a n entirel y nove l  con -

stituent .  Th e inferenc e typ e i s Materia l  Conditiona l  (Bone -

vac 1990) : 
A - > B  = > ~ A V  B 

and th e reverse . 

Simpl e propositiona l  symbol s (p ,  q ,  r ,  s )  wer e allowe d 

fo r  A ,  an d simpl e propositiona l  symbols ,  implication s o r 
disjunction s containin g simpl e symbol s (e.g .  ( p - > q) ) 

wer e allowe d fo r  B .  Thus ,  typica l  inference s th e networ k 
i s expecte d t o perfor m are : 

p - > q  < = = > ~ p V  q 
p - > ( q V  r )  < = > ~ p V  ( q V  r ) 

28 8 distinc t  inference s ca n b e generate d usin g th e sym -
bol s (p ,  q ,  r ,  s) .  O f  these ,  16 2 contai n a t  leas t  on e instanc e 
of  th e symbo l  s ;  12 6 contai n n o instanc e o f  s .  A  networ k 
was traine d t o successfull y perfor m al l  12 6 inference s tha t 
containe d n o instanc e o f  th e symbo l  s .  Thi s ver y sam e net -
wor k was ,  withou t  an y furthe r  training ,  abl e t o perfor m 
wit h 1 0 0 % succes s th e furthe r  16 2 inference s tha t  ca n b e 
forme d b y usin g symbo l  5' .  Th e performanc e o f  thi s net -
wor k wa s n o mer e statistica l  fluke;  th e sam e networ k 
architectur e wa s traine d 5  time s usin g differen t  randoml y 
chose n startin g weight s wit h th e sam e succes s rat e o n th e 
tes t  corpus .  Thi s resul t  woul d satisf y ou r  definitio n o f  sys -

tematicit y a t  leve l  3 . 
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Figur e 1 :  Holisti c transformatio n o f  p  - > ( q &  r )  int o ~ p v  ( q &  r ) 

I n orde r  t o sho w tha t  th e networ k als o i s capabl e o f  exhib -

itin g Hadley' s stron g systematicity ,  w e mad e a  chang e i n th e 

trainin g se t  o f  th e combine d model .  Fro m th e complet e se t  o f 

inferences ,  al l  thos e containin g th e symbo l  s  t o th e lef t  o f  a 

connective ,  bot h i n simpl e (e.g. ,  s  - > q )  an d embedde d for -

mula e (e.g. ,  p  - > ( s V  q) )  wer e removed ,  leavin g u s wit h a 

168-formula e trainin g set .  Th e mode l  wa s traine d startin g 

fro m th e sam e five  differen t  set s o f  rando m weight s a s men -

tione d above .  W h e n teste d o n th e complet e set ,  thi s mode l 

als o wa s 1 0 0 % successfu l  i n handlin g th e tes t  corpus ,  i n al l 

of  thes e five  runs . 

The Model 

The model used here is an extension of the Recursive Auto-

Associativ e M e m o r y ( R A A M )  mode l  devise d b y Pollac k 

198 8 an d use d b y Chalmer s 1990 .  Thes e model s use d tw o 

separat e networks ;  on e fo r  encoding/decodin g o f  representa -

tion s fo r  comple x expression s (EN) ,  an d anothe r  fo r  trans -

formatio n o f  thes e representation s (TN )  a s sho w i n fig.  1 . 

The curren t  mode l  i s inspire d b y Chrisman' s (1991 )  archi -

tectur e whic h combine d th e tw o separat e part s o f  th e models , 

mentione d above ,  int o on e architectur e (a s see n i n fig.  2) ,  fo r 

languag e translation . 

Outpu t  fo r  f(x ) 

Encoding/ 
Decodin g 
networ k 

Input for f(x) 

Outpu t  fo r  X 

Encoding / 
Decodin g 
networ k 

Inpu t  fo r  X 

1 —j 
i 
J —1 

^ 
1 T  1 

Transf . 
networ k 

1 — rn 

\ 
\ 

1 i _ 1 

Figur e 2 :  Chrisman' s architectur e 

Our model uses only one dual RAAM as the EN and a TN 

directl y connecte d t o th e hidde n laye r  o f  tha t  E N (se e fig.  3) . 

The E N ha s thre e layer s o f  units ,  th e inpu t  an d outpu t  layer s 

consis t  o f  2(/i+l )  unit s (wher e n  i s th e numbe r  o f  unit s cho -

sen t o represen t  a n expression ,  comple x o r  atomic )  an d th e 

hidde n laye r  consist s o f  n  units .  Sinc e th e inpu t  laye r  o f  th e 

T N i s th e sam e laye r  a s th e hidde n laye r  o f  th e E N ,  it ,  an d th e 
outpu t  laye r  o f  th e T N ,  therefor e consist s o f  n  unit s (fo r  a 

mor e detaile d descriptio n o f  th e model ,  se e Niklasso n 

(1993) . 

Outpu t  fo r  X  an d f( x 

Encoding / 
Decodin g 
networ k 

Ste p 6 

Distribute d outpu t  fo r  f(x ) 

Transformatio n 
networ k 

l/1Distribute d inpu t  fo r  x 

Inpu t  fo r  x  an d f(x ) 

Figure 3: Our architecture 

The important point to notice is that the two parts of the 

architectur e co-evolv e durin g th e trainin g phase ,  whic h 

means tha t  th e transformatio n par t  i s  traine d o n increas -

ingl y "better "  representation s (resultin g fro m th e proceed -

in g trainin g o f  th e encoder/decoder) .  I t  i s als o importan t  t o 

notic e tha t  th e input-hidde n laye r  o f  th e encoding/decod -

in g networ k i s update d a s a  resul t  o f  th e trainin g o f  th e 

transformatio n part ,  sinc e it s erro r  i s propagate d t o th e 

encoder .  Thi s mean s tha t  th e hidden-laye r  representation s 

ar e affecte d b y bot h th e encoding/decodin g an d th e trans -

formatio n processes .  Th e simulation s conducted ,  indicate d 

tha t  th e mode l  generalize s somewha t  bette r  wit h thi s feed -
back ,  tha n withou t  it . 

The Atomic Representation Generator 

A connectionist network of the above general kind cannot 

be expecte d t o successfull y transfor m formulae/sentence s 

containin g a  nove l  constituen t  i f  th e representatio n fo r  tha t 

constituen t  i s utterl y unlik e anythin g wit h whic h i t  i s 

alread y familiar .  Tha t  woul d b e lik e expectin g a  perso n t o 

us e a  nove l  wor d (sa y zork )  properl y i n sentence s withou t 

knowin g th e slightes t  thin g abou t  th e wor d itself ,  suc h a s 

whethe r  i t  i s  a  nou n o r  a  verb .  I n ou r  case ,  th e networ k 
must  a t  leas t  someho w b e abl e t o tel l  tha t  th e nove l  con -

stituen t  i s a n atomi c propositio n symbol . 

To solv e th e proble m o f  ho w t o introduc e a  nove l  con -
stituen t  whil e supplyin g t o th e networ k onl y th e informa -

tio n tha t  i t  i s  a n atomi c propositio n symbol ,  w e use d a 
separat e networ k t o generat e distribute d representation s 
fo r  al l  atomi c constituents .  Severa l  option s fo r  th e genera -

to r  ar e possibl e (e.g .  th e us e o f  a n Elma n 1990 ,  typ e o f 
architecture ,  wher e th e contex t  o f  a  synta x ca n b e used) . 
Severa l  studie s hav e show n tha t  representation s generate d 

at  th e hidde n laye r  o f  recurren t  networks ,  ar e simila r  fo r 
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expression s wit h simila r  tre e structure s (e.g .  Elma n 1990 , 

Pollac k 1990) .  Her e w e us e a  th e contex t  o f  a  clas s hierarch y 

t o generat e ou r  distribute d representation s fo r  atomi c constit -

uent s i n a  R A A M (i n a  simila r  vei n a s Bodd n &  Narayanan , 

1993) . 

vP 

Connectiv e 

Svfnbo l 

Propositioiv , 

Syfnbo l 

Figur e 4 :  Contex t  encode d b y th e representatio n generato r 

All the constituents in this domain (e.g. p, q, r, Proposi-
tion ,  Connective ,  Symbol ,  etc. )  wer e assigne d a  unique ,  non -

overlapping ,  representatio n o f  2 2 units ,  o f  whic h tw o wer e 

activ e fo r  eac h constituen t  (e.g .  110000000000000000000 0 
= p) .  A  44*22*4 4 R A A M wa s traine d (wit h learnin g rat e = 

0.1 ,  momen tu m =  0. 1 fo r  40.00 0 iterations )  t o encode / 
decod e thes e hierarchies .  Th e distribute d representation s 

(e.g .  p"^) ,  i.e .  th e hidde n laye r  representation ,  fo r  th e atomi c 
constituent s wer e the n collecte d an d use d i n th e trainin g o f 
th e combine d architecture .  Observ e tha t  th e nove l  constitu -
ent ,  s ,  i s no t  use d i n th e trainin g process . 

Training and Testing of the Model 

After training of the representation generator, the hierarchies 
ar e presente d an d th e hidden-laye r  representatio n fo r  the m 

ar e collecte d a s representation s fo r  th e atomi c constituents . 
Thes e representations ,  ar e the n use d i n th e combine d archi -
tectur e t o encode/decod e an d transfor m th e formula e i n th e 
trainin g set . 

However ,  usin g distribute d representation s pose s a  ne w 
problem ;  ho w ca n i t  b e decide d (durin g th e tes t  phase )  whe n 

a decode d representatio n refer s t o a n atomi c o r  a  comple x 
constituent ? I n model s usin g pre-structure d representations , 
i t  i s  possibl e t o suppl y th e decode r  wit h informatio n whe n t o 
hal t  (e.g .  th e numbe r  o f  activ e unit s fo r  a n atomi c constitu -
ent ,  a s use d b y Chalmers) .  Her e w e adop t  th e techniqu e o f 
trainin g th e decoder ,  i n th e combine d architecture ,  t o auto -
maticall y separat e atomi c fro m comple x constituents .  A  sin -

gl e bi t  i s adde d t o th e representation s i n orde r  t o differentiat e 
atomi c (0 )  fro m comple x (1 )  constituent s (c.f .  Niklasso n & 
Sharkey ,  1993) . 

q'  0  -> •  0 

q 0  - > 0 

dr  1  p '  0 

d2 

dJ \  p  0 

Figur e 5 :  Automati c decodin g 

This explains why the combined architecture uses 2(n+I) 

inpu t  units . 
The mode l  i s the n traine d fo r  abou t  400 0 iterations ,  usin g 

th e standar d backpropagatio n algorith m an d a  sigmoida l 

transfe r  function .  Fo r  th e encode r  an d th e transformatio n 

networ k a  learnin g rat e o f  0.0 2 wa s used ,  an d fo r  th e 

decode r  0.0 5 wa s used .  A  m o m e n t u m o f  0. 1 wa s use d fo r 

al l  weights . 

Befor e testin g th e model ,  a  distribute d representatio n fo r 

th e nove l  constituen t  s ,  ha s t o b e generated .  Thi s i s don e 

by presentin g a  nove l  representatio n fo r  s ,  e.g . 

0000000000000000000011 ,  i n combinatio n wit h it s con -

text ,  i.e .  th e distribute d representatio n fo r  'Proposition' ,  t o 

th e representationa l  generato r  (n o additiona l  learnin g take s 

place) .  Th e representatio n forme d a t  th e hidde n laye r  (i.e . 

s )  i s  collecte d an d use d t o generat e representation s fo r 

th e formulae ,  whic h ar e t o b e use d i n th e combine d archi -

tecture . 
W h en th e 28 8 formula e domai n wa s presente d a s a  tes t 

set ,  al l  th e formula e wer e correctl y encoded ,  transforme d 

and decoded .  I n n o cas e di d th e decode r  incorrectl y sepa -
rat e a n atomi c fro m a  comple x constituent s (b y usin g th e 

las t  bi t  a s a n indicator )  o r  identif y th e righ t  atomi c constit -

uent  incorrectl y (b y usin g Euclidea n distanc e t o th e dis -
tribute d representation s fo r  al l  expressions ,  i.e .  bot h th e 
representation s fo r  th e atomi c constituents ,  forme d b y th e 
representationa l  generator ,  an d th e representation s fo r  th e 
formulae ,  forme d a t  th e hidde n laye r  o f  th e combine d 

architecture) . 

Analysis of the Distributed Representations 

In order to give an account why the model works, the task 

was reduce d t o transformatio n o f  onl y simpl e formulae , 
accordin g t o th e followin g syntax : 

A - > A  < = > A  V  A 
Onl y th e prepositiona l  symbol s p ,  q  an d s ,  wer e allowe d 

fo r  A  an d th e negatio n wa s discarded ,  i n orde r  t o reduc e 

th e numbe r  o f  dimension s i n th e representations . 

The representatio n generato r  wa s traine d t o encod e dis -
tribute d representation s fo r  p ,  q ,  - > an d v ,  b y usin g th e 
same typ e o f  clas s hierarchie s discusse d earlier .  8  unit s 

wer e use d t o represen t  eac h leaf : 

P 1000000 0 
Q 0100000 0 
V 0010000 0 
-> 0001000 0 
Propositio n 0  0 0  0  1 0 0  0 
Connectiv e 0  0 0  0  0  1 0 0 

Symbol  00000 0 1 0 
Nil  0000000 0 
Afte r  th e distribute d representation s ha d bee n collected , 

th e combine d architectur e ha d bee n traine d an d th e mode l 
correctl y processe d formula e containin g th e nove l  constit -

uent  s  (afte r  tha t  it s  distribute d representatio n ha d bee n 
generate d b y th e representatio n generator ,  b y combinin g 

0000000 1 wit h Proposition'̂ ) ,  th e hidden-laye r  representa -

tion s forme d i n th e R A A M wer e analyzed .  Th e spac e 

availabl e her e prevent s u s fro m doin g a  thoroug h analysis , 

so w e wil l  resor t  t o displayin g th e representation s fo r  th e 
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Orde r  o f  th e Formula e 
pv p 
pv q 
pv s 
qv p 
qv q 
qv s 
sv p 
sv q 
sv s 
p-> p 
p-> q 
p-> s 
q-> p 
q-> q 
q-> s 
s-> p 
s-> q 
s-> s 

••' 5 Outpu t 

Unit s 

Formula e 

Figur e 6 :  Hidden-laye r  representation s 

18 formula e i n thi s domain ,  se e fig.  6 . 

I t  i s  obviou s tha t  th e resul t  o f  th e trainin g i s tha t  th e for -

mula e ar e place d ver y systematicall y i n th e 8-dimensiona l 

space .  W e ca n us e thi s spatia l  structur e t o explai n h o w th e 

networ k solve s th e transformatio n task .  W e nee d no t  eve n 

tak e th e obviou s choic e o f  uni t  numbe r  3 ,  i f  w e wan t  t o sepa -

rat e disjunction s fro m implications ,  a s i n fi g 7 . 

Uni t  4 

' ^ r ^ ^ 
•> ) 

••pv q 

Uni t  2 

Fig .  7  Hidde n uni t  spac e 

I t  shoul d b e note d tha t  thi s systemati c spatia l  structure , 

and tha t  th e formula e wit h th e nove l  constituen t  occupie s th e 

spac e betwee n th e know n constituents ,  ca n b e identifie d 

alon g al l  th e dimensions . 

Conclusion 

This non-classical model achieves perfectly systematic per-

formanc e a t  bot h ou r  leve l  3  an d a t  Hadley' s stron g level . 

We believ e tha t  thi s leve l  o f  performanc e justifie s th e gen -

era l  clai m tha t  appropriatel y configure d an d traine d con -

nectionis t  network s exhibi t  systematicit y i.e. ,  tha t  th e 

Fodo r  &  Pylyshy n challeng e t o connectionis m ha s bee n 

unambiguousl y met .  The y woul d probabl y disagre e an d 

argu e tha t  w e hav e misse d th e point ,  a s Fodo r  & 
McLaughli n di d i n thei r  repl y t o Smolensky : 

[th e problem ]  i s no t  t o sho w tha t  systemati c capacitie s 

ar e possibl e give n th e assumption s o f  a  connectionis t 
architecture ,  bu t  t o explai n h o w systematicit y coul d 

be necessar y h o w i t  coul d b e a  la w tha t  cognitiv e 

capacitie s ar e systemati c -  give n thos e assumption s 

(p .  202 ,  thei r  emphasis ) 

But ,  a s mentione d i n th e beginnin g o f  thi s paper ,  sinc e 

th e concep t  o f  systematicity ,  an d th e boundarie s o f  th e 

relate d clump s o f  cognitiv e capacities ,  ar e no t  unambigu -
ousl y defined ,  i t  is ,  i n ou r  view ,  difficul t  t o determin e 

whethe r  human s ar e necessaril y  systematic .  Thi s issu e is , 

however ,  somewha t  outsid e th e scop e o f  thi s paper .  Thi s 

issu e aside ,  i t  shoul d b e note d tha t  th e mode l  presente d 
her e i s necessaril y  systemati c (o r  a t  leas t  show s som e ver y 

stron g evidenc e fo r  assumin g tha t  i t  is) ,  i f  systematicit y i s 

relate d t o learning .  No t  onl y di d th e networ k exhibi t  th e 

same behavio r  fo r  th e five  successiv e runs ,  bu t  i f  th e hid -

den-laye r  representation s ar e analyze d (whic h w e unfortu -

natel y lac k th e spac e t o d o her e i n a  mor e thoroug h 

fashion) ,  ver y distinc t  mapping s i n th e spac e ca n b e identi -

fied. 
Althoug h Fodo r  &  Pylyshy n di d no t  explicitl y  relat e 

systematicit y t o learning ,  the y mad e som e genera l  remark s 
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abou t  learnin g i n connectionis t  models :  "..thes e processe s 

ar e al l  frequency-sens\ti\e "  ( p 3 1 thei r  emphasis) .  A s w e 

hav e shown ,  thi s i s no t  tru e fo r  ai l  connectionis t  models , 

sinc e th e mode l  presente d her e processe s representation s 

whic h i t  ha s no t  bee n explicitl y  traine d on . 

Not e tha t  th e curren t  mode l  ha s no t  bee n show n t o b e 

capabl e o f  systemati c performanc e a t  level s 4  an d 5 .  W e 

regar d thes e level s o f  systematicit y a s importan t  technica l 

challenge s fo r  connectionists .  Nevertheless ,  th e curren t 

result s demonstrat e tha t  ther e ca n n o longe r  b e an y questio n 

abou t  th e "i n principle "  capacitie s o f  non-classica l  connec -

tionis t  network s t o exhibi t  systemati c performance .  Th e 

challeng e no w i s t o determin e whic h approac h t o cognitiv e 

architectur e i s bette r  abl e t o describ e an d explai n th e fin e 

detai l  o f  huma n capacities .  However ,  i n orde r  t o answe r  thi s 

question ,  muc h mor e critica l  attentio n mus t  b e pai d t o th e 

concep t  o f  systematicit y itself ,  an d ther e mus t  b e muc h mor e 

empirica l  stud y o f  huma n capacitie s t o ascertai n th e natur e 

and limit s o f  systematicity . 
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