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Abstrac t 

A network exhibits strong semantic systematicity when, as 
a resul t  o f  training ,  i t  ca n assig n appropriat e meanin g rep -
resentation s t o nove l  sentence s (bot h simpl e an d embedded ) 
whic h contai n word s i n syntacti c position s the y di d no t  oc -
cup y durin g training .  Herei n w e describ e a  networ k whic h 
display s stron g semcinti c systematicit y i n respons e t o unsu -
pervise d tiaimng .  Durin g tradning ,  two-third s o f  al l  noun s ar e 
presente d onl y i n a  singl e syntacti c positio n (eithe r  a s gram -
matica l  subjec t  o r  object) .  Yet ,  durin g testing ,  th e networ k 
correctl y interpret s thousand s o f  sentence s containin g thos e 
noun s i n nove l  positions .  I n addition ,  th e networ k generalize s 
t o nove l  leve k o f  embedding .  Successfu l  trainin g require s a 
corpu s o f  abou t  100 0 sentences ,  an d networ k trainin g i s quit e 
rapid . 

1. Introduction 

Fodor's and Pylyshyn's arguments (1988) to the effect 
tha t  h u m a n though t  an d languag e exhibi t  bot h compo -
sitionalit y an d systematicit y ar e b y n o w widel y known . 
Althoug h connectionist s hav e questione d whethe r  hu -
m a ns displa y thes e attribute s i n th e for m tha t  F & P de -
scribe ,  mos t  n o w agre e tha t  i n som e importan t  sens e 
h u m a ns d o exhibi t  som e for m o f  linguisti c systematicity . 

I n 1989-90 ,  a  numbe r  o f  connectionist s reporte d 
result s whic h establishe d tha t  connectionis t  network s 
(hereafter ,  c-nets )  coul d exhibi t  form s o f  linguisti c gen -
eralization ,  which ,  prim a facie ,  qualif y a s systematicity . 
Thes e result s wer e obtaine d withou t  recours e t o mer e im -
plementatio n o f  "classical "  symboli c methods ,  an d so ,  i t 
appeare d tha t  on e o f  F<kP' s majo r  conclusion s wa s falsi -
fied .  However ,  i n Hadley ,  1992 ,  1994a ,  a  learnin g base d 
conceptio n o f  systematicit y wa s introduced ,  an d vari -
ous degree s o f  systematicit y wer e distinguished ,  rangin g 
fro m wea k syntacti c t o stron g semanti c systematicity . 
Hadle y (1994a )  examine d si x differen t  connectionis t  sys -
tem s an d argue d that ,  i n al l  probability ,  non e o f  thes e 
system s displaye d th e stron g form s o f  systematicit y tha t 
h u m a ns display .  A s a  consequence ,  i t  appeare d tha t  a 
varian t  o f  F&P ' s origina l  challeng e stoo d unscathed . 

Recently ,  however ,  som e researcher s clai m t o hav e sat -
isfie d Hadley' s definitio n o f  stron g systematicity ,  thoug h 
not  hi s formulatio n o f  semanti c systematicity .  I n on e in -
stanc e (Phillips ,  1994) ,  thi s clai m clearl y require s qual -
ification ,  sinc e (a s Phillip s ha s acknowledged ,  persona l 

communication )  th e syste m involve d canno t  proces s em -
bedde d sentence s a s require d b y Hadley' s definition .  I n 
anothe r  instanc e (Christianse n &  Chater ,  1994) ,  a  clai m 
t o stron g generalizatio n i s restricte d t o a  singl e syntacti c 
contex t  (conjunctiv e nou n phrases) .  Discussio n o f  thi s 
claim ,  togethe r  wit h thos e o f  Niklasso n &  va n Gelde r 
(1994 )  i s give n i n Hadley ,  1994b ,  wher e reservation s ar e 
explored .  I n an y event ,  non e o f  th e wor k jus t  cite d ad -
dresse s semanti c aspect s o f  systematicit y an d composi -
tionality ,  althoug h F&P' s (1988 )  presentatio n o f  thes e 
concept s di d see m t o involv e semanti c issue s (suc h a s th e 
capacit y t o understan d th e meanin g o f  nove l  sentence s 
an d th e nee d t o banis h semanti c equivocatio n i n logica l 
inference) . 

Befor e proceeding ,  i t  wil l  b e helpfu l  t o characteriz e 
stron g semanti c systematicity ,  a s define d i n (Hadley , 
1994b) .  Briefl y stated ,  w e m a y sa y tha t  a  networ k ex -
hibit s stron g semanti c systematicit y when ,  a s a  resul t 
of  training ,  i t  ca n assig n appropriat e meanin g represen -
tation s t o nove l  sentence s (bot h simpl e an d embedded ) 
whic h contai n word s i n syntacti c position s the y di d no t 
occup y durin g training .  T h e trainin g se t  (o r  corpus )  in -
volve d shoul d no t  onl y refrai n fro m presentin g al l  word s 
i n al l  syntacti c positions ,  bu t  shoul d s o refrai n fo r  a 
significan t  fractio n o f  th e trainin g vocabulary .  Further -
more ,  a  sentenc e count s a s nove l  onl y i f  i t  contain s a 
wor d i n a  syntacti c positio n (e.g. ,  subject )  tha t  i t  di d 
not  occup y a t  an y leve l  o f  embeddin g durin g th e trainin g 
phase . 

N o w,  give n F&P' s emphasi s o n understandin g nove l 
sentences ,  an d ou r  contentio n (Hadley ,  1994a )  tha t  hu -
m a ns displa y a t  leas t  stron g semanti c systematicity ,  w e 
hav e sough t  a  connectionis t  syste m whic h clearl y dis -
play s thes e propertie s i n th e contex t  o f  a  simpl e recursiv e 
language .  I n th e followin g pages ,  w e describ e a  syste m 
of  c-net s whic h satisfie s thi s requirement .  However ,  w e 
shoul d stres s tha t  w e d o no t  se e ou r  mode l  a s a  refuta -
tio n o f  F&P' s basi c thesis .  Rather ,  w e hav e sough t  t o 
forg e a  genuin e synthesi s betwee n connectionis t  method -
olog y an d a  powerfu l  classica l  insight ,  viz. ,  tha t  acti -
vatin g comple x semanti c representation s entail s activat -
in g thei r  semanti c constituents .  Significantly ,  represen -
tation s withi n ou r  mode l  d o no t  involv e stati c strings , 
but  emerg e fro m connectionis t  method s no t  considere d 
i n F&P' s 198 8 pape r  (e.g. ,  bindin g node s [Smolensky, 
1990 ]  an d activatio n decay) .  Also ,  althoug h w e certainl y 
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S - ^  N P V  N P 
NP - » N  I  N  R C 
N —» Mar y |  Jan e |  Sall y |  Susa n |  Vick y |  Fra n 

I  Ab e I  Bil l  |  Car l  |  Dav e |  Ear l  |  Fre d 
V —>•  like s I  know s |  treat s |  call s |  draw s |  help s 

I  race s |  see s 

REL-PRO - ^  wh o 
RC - ^  REL-PR O V N P 

Figure 1: The Grammar of L. 

woul d no t  clai m 'cognitiv e fidelity'  fo r  ou r  model ,  w e be -
liev e tha t  th e presen t  researc h take s meaningfu l  step s i n 
th e directio n o f  cognitiv e plausibility .  Suppor t  fo r  thi s 
belie f  wil l  emerg e i n late r  sections ,  bu t  w e ma y summa-
riz e severa l  relevan t  accomplishment s here : 

(a )  Th e mode l  exhibit s stron g semanti c systematicity . 
Followin g trainin g o n a  recursiv e grammar ,  th e syste m 
successfull y processes ,  wit h complet e accuracy ,  substan -
tiall y  deepe r  level s o f  sentenc e embeddin g tha n occu r 
durin g trainin g (thu s attainin g leve l  4  i n Niklasson' s an d 
van Gelder' s (1994 )  generalizatio n hierarchy) . 

(b )  Durin g training ,  two-third s o f  al l  noun s ar e no t 
presente d i n al l  lega l  positions .  However ,  durin g testing , 
thos e noun s ar e eac h successfull y presente d i n position s 
nove l  t o thos e words . 

(c )  Whe n embeddin g i s restricte d t o a  meiximu m dept h 
of  one ,  a s occur s durin g training ,  ove r  on e millio n sen -
tence s ar e candidate s fo r  inclusio n i n th e trainin g cor -
pus .  Yet ,  th e networ k i s successfull y traine d o n a  subse t 
of  abou t  on e thousan d sentences . 

(d )  Al l  networ k learnin g i s unsupervised ;  form s o f  Heb -
bia n trainin g ar e use d throughout .  I t  i s  widel y believe d 
tha t  Hebbia n learnin g i s probabl y close r  t o biologica l 
realit y tha n th e commonl y use d metho d o f  backpropa -
gatio n o f  error . 

(e )  Onc e trainin g i s complete ,  th e networ k no t 
onl y display s stron g semanti c systematicit y (hereafter , 
semantic-S) ,  bu t  a  straightforwar d explanatio n o f  thi s 
fac t  exists .  Th e network' s behavio r  i s transparent . 

2.  Tas k an d Basi c Strateg y 

A syste m o f  c-net s (hereafter ,  simpl y calle d th e 'c-net '  o r 
th e 'network' )  i s give n th e tas k o f  attainin g semantic- S 
i n th e contex t  o f  learnin g th e semantic s o f  a  simpl e re -
cursiv e language .  Sentenc e meaning s (construe d her e a s 
propositions )  ar e represente d withi n a  specia l  laye r  tha t 
loosel y correspond s t o a  traditiona l  semanti c networ k 
(of .  Schubert ,  1976) .  Upo n completio n o f  training ,  th e 
entir e c-ne t  shoul d produc e appropriat e meanin g repre -
sentation s i n respons e t o an y sentenc e take n fro m th e 
languag e L ,  provide d embedde d sentence s d o no t  occu r 
at  depth s greate r  tha n leve l  three .  Th e gramma r  o f  L  i s 
give n i n Figur e 1 . 

Correspondin g t o eac h sentenc e o f  L  (wher e th e max -
imu m leve l  o f  embeddin g ma y b e a s grea t  a s three )  i s a 
propositio n o r  'meaning '  representabl e i n th e semanti c 
network .  However ,  th e trainin g corpu s consist s o f  a  tin y 
fractio n o f  al l  sentence s whos e maximu m leve l  o f  em -
beddin g i s on e (i.e. ,  durin g training ,  n o relativ e claus e 
contain s anothe r  relativ e clause) .  A s eac h o f  th e train -

in g sentence s i s presente d a s input ,  it s  correspondin g 
propositio n i s activel y represente d withi n th e semanti c 
network .  Sentence s ar e presente d t o a n inpu t  laye r  on e 
wor d a t  a  time ,  an d a s trainin g progresses ,  association s 
ar e learne d betwee n wor d (o r  lexical )  node s i n th e inpu t 
laye r  an d node s i n th e semanti c (network )  layer .  Acti -
vatio n propagate d fro m th e inpu t  laye r  i s sprea d withi n 
th e semanti c layer ,  wher e th e sequencin g o f  themati c rol e 
activatio n mus t  b e learned . 

3.  Architectur e an d Representatio n Method s 

Befor e delvin g int o representationa l  details ,  w e wis h t o 
stres s tha t  node s an d link s withi n ou r  networ k shoul d no t 
i n an y wa y b e construe d a s th e counterpart s o f  biologi -
cal  object s (e.g. ,  neuron s an d axons) .  Rather ,  followin g 
Smolensk y (1988) ,  w e inten d tha t  ou r  nodes ,  links ,  an d 
processe s shoul d b e take n a s fairl y  high-leve l  abstrac -
tions .  Node s an d links ,  fo r  example ,  migh t  i n fac t  corre -
spon d t o pattern s o f  activit y whos e biologica l  substrate s 
ar e lef t  entirel y open . 

3. 1 Overa H Structur e 
The networ k i s comprise d o f  a n inpu t  laye r  an d a  se -

manti c (output )  layer .  Th e inpu t  laye r  i s a  linea r  arra y 
of  2 1 nodes ,  eac h nod e correspondin g t o a  singl e lexica l 
ite m ( a word) .  Whe n a  wor d i s presente d a s input ,  th e 
correspondin g lexica l  nod e i s activated .  B y contrast ,  th e 
semanti c laye r  ha s considerabl e interna l  structure ,  an d 
contain s fou r  distinc t  type s o f  nodes .  Thes e are :  concep t 
nodes ,  propositio n node s (pnodes) ,  bindin g nodes ,  an d 
themati c sit e nodes .  Pnode s als o hav e interna l  struc -
tur e an d serv e t o integrat e concep t  node s int o unifie d 
propositions .  Lexica l  node s i n th e inpu t  laye r  ar e full y 
connected ,  b y mean s o f  tunabl e links ,  t o eac h concep t 
node an d t o th e cor e o f  eac h pnod e i n th e semanti c layer . 
Afte r  training ,  concep t  node s an d pnode s provid e seman -
ti c conten t  fo r  th e lexica l  items ,  an d fo r  thi s reaso n ar e 
calle d 'semanti c nodes' .  W e recognize ,  o f  course ,  tha t  se -
manti c node s d o no t  posses s intrinsi c semanti c content . 
Rather ,  thei r  semanti c rol e presumabl y arise s throug h 
thei r  participatio n i n semanti c groundin g processe s (cf . 
Hadley ,  1989) . 

3. 2 T h e Semanti c Layer ,  Interna l  Structur e 
Structur e withi n th e semanti c laye r  i s provide d pri -

maril y b y link s betwee n concep t  node s an d pnodes .  Pn -
odes ar e o f  tw o types :  maste r  pnode s an d modifie r  pn -
odes (mod-pnodes) .  Bot h type s hav e th e cognitiv e rol e 
of  integratin g concept s o f  object s an d action s int o a  co -
heren t  whole .  Ther e i s a  singl e 'master '  pnode ,  whic h 
unite s constituent s int o th e mai n propositio n expresse d 
by a  complet e sentenc e (se e Figur e 2) . 

By contrast ,  mod-pnode s hav e a  subservien t  role ;  the y 
represen t  proposition s whic h modif y particula r  concep t 
nodes .  Mod-pnode s ca n b e 'bound '  t o concep t  node s 
fo r  specifi c  period s b y mean s o f  modifie r  site s (se e t t  i n 
Figur e 2) .  I n th e curren t  implementation ,  ther e ar e thre e 
mod-pnodes . 

Pnodes o f  eac h typ e ar e smal l  network s i n thei r  ow n 
right ,  consistin g o f  a  cor e nod e (connecte d t o lexica l 
nodes i n th e inpu t  layer )  an d attache d sit e nodes .  Eac h 
pnod e cor e i s connecte d t o it s satellit e site s b y directiona l 
links ,  an d vice-versa .  Sit e node s represen t  variou s the -
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Core Sit e Core 

(O) 

® 

Maste r  pNod e 

Figur e 2 :  A  maste r  pnod e (a )  an d a  modifie r  pnod e (b) . 
Sit e node s ar e par t  o f  eac h pnod e constellation .  T h e 
themati c rol e represente d b y eac h sit e i s indicate d a s fol -
lows :  TT indicate s a  modifie r  site ,  a  represent s a n agen t 
site ,  ( 3 a n actio n site ,  an d 7  i s a  patien t  site . 

mati c roles ,  includin g agent ,  patient ,  an d actio n roles . 
I n addition ,  mod-pnode s eac h posses s a  'modifie r  site' . 
T h e themati c rol e associate d wit h eac h sit e i s fixed,  an d 
sit e node s ca n ente r  int o 'bindings '  wit h a  concep t  nod e 
by mean s o f  bindin g node s (se e below) . 

T h e site s involve d i n a  give n pnod e for m a  competitive , 
winner-take-al l  cluster .  A s i s customar y i n c-ne t  simula -
tions ,  inhibitor y link s i n al l  winner-take-al l  ( W T A )  clus -
ter s i n thi s networ k remai n a t  th e virtua l  level .  Link s 
betwee n pnod e core s an d site s ar e actual ,  however ,  an d 
when a  hithert o inactiv e cor e receive s activatio n (fro m 
below )  whic h exceed s it s threshold ,  th e cor e 'fires '  an d 
send s activatio n t o it s associate d sit e node s (fo r  details , 
see section s 5  an d 7) .  Weight s o n link s fro m eac h cor e 
t o it s site s ar e tune d durin g networ k trainin g whe n th e 
cor e i s prompte d t o fire  b y a n activate d site .  A s wil l 
emerge ,  thi s tunin g enable s eac h pnod e constellatio n t o 
lear n th e sequenc e i n whic h it s site s ar e stimulate d dur -
in g training .  W e regar d eac h pnod e (whic h include s bot h 
cor e an d sites )  a s a  modul e havin g th e specifi c  cognitiv e 
functio n o f  learnin g sequences . 

N o w,  jus t  a s pnode s ar e o f  tw o types ,  s o ar e concep t 
nodes ;  the y represen t  eithe r  action s o r  objects .  Eac h 
'actio n concep t  node '  i s  connecte d t o ever y themati c sit e 
tha t  represent s a n actio n role .  Similarly ,  eac h 'objec t 
concept '  i s  connecte d t o eac h agen t  sit e an d eac h patien t 
site .  Ever y connectio n betwee n a  concep t  nod e an d a 
rol e sit e i s mediate d b y a  'bindin g node '  (cf .  Smolensky , 
1990) ,  whic h intercept s activit y fro m th e concep t  nod e 
t o th e sit e nod e (Figur e 3) . 

Link s t o variou s bindin g node s emanat e fro m a  give n 
site .  Onc e a  sit e enter s int o a  binding ,  bot h tha t  sit e 
an d th e effectiv e bindin g nod e remai n active ,  an d th e 
sit e wil l  no t  sen d activatio n t o an y bindin g nod e excep t 
th e on e t o whic h i t  i s  activel y bound. ^  Fo r  thi s reason , 
a sit e ca n onl y bin d wit h a  singl e concep t  nod e a t  a  tim e 
(vi a th e mediatin g bindin g node) . 

Concep t  node s ca n ente r  int o binding s wit h particula r 
site s whe n thei r  mutua l  bindin g nod e receive s adequat e 
inpu t  fro m bot h th e sit e an d th e concep t  nod e (se e sec -
tio n 7) .  Bindin g node s resid e o n th e connectio n betwee n 

•  O  < > 

6 6 
Jane see s 

m od •  pNod e 

tlkt s Mar y 

^We assum e tha t  connection s a t  site s coul d hav e evolve d 
t o hav e thi s specifi c  property . 

Figur e 3 :  Semanti c representatio n fo r  'Jan e see s Bil l 
w ho like s Mary' .  D iamon d shape d node s depic t  bind -
in g nodes .  Onl y activ e bindin g node s ar e show n here . 

eac h pnod e sit e an d eac h semanticall y appropriat e con -
cep t  node . 

I n orde r  t o ensur e tha t  appropriat e binding s ar e 
formed ,  bindin g node s compet e i n a  W T A fashio n (se e 
sectio n 7  fo r  details) .  Thi s competitio n i s separat e fro m 
tha t  involvin g sit e nodes .  However ,  bot h kind s 0/compe -
titio n ar e essentia l  t o th e formatio n o f  appropriat e bind -
ing s durin g sentenc e interpretation .  I n thi s regard ,  a  no -
tabl e aspec t  o f  sit e competitio n i s that ,  onc e a  sit e enter s 
int o a n activ e binding ,  i t  n o longe r  compete s wit h othe r 
sites .  Give n ou r  assumptio n tha t  pnode s ar e abstrac t  ob -
jects ,  possessin g a  specifi c  cognitiv e function ,  w e thin k 
i t  plausibl e tha t  themati c rol e site s shoul d behav e thi s 
way.  Furthermore ,  thi s assumptio n i s consisten t  wit h 
standar d connectionis t  techniques .  For ,  w e nee d onl y 
suppos e tha t  virtua l  modifie r  link s (cf .  Feldma n k  Bal -
lard ,  1982 )  emanat e fro m eac h sit e nod e t o al l  inhibitor y 
link s comin g int o o r  leavin g tha t  site .  W h e n a  bindin g 
occurs ,  a  bindin g nod e fires  an d send s activatio n t o th e 
involve d sit e (se e figure  3) .  A s a  result ,  th e sit e nod e at -
tain s a  hig h activatio n leve l  (-|-3 )  an d th e site' s modifie r 
link s the n bloc k an y activatio n flow  throug h th e site' s 
inhibitor y links . 

Apar t  fro m competitiv e cluster s involving ,  respec -
tively ,  bindin g node s an d sit e nodes ,  W T A competitio n 
als o occur s betwee n semanti c nodes .  'Winning '  seman -
ti c node s ar e selecte d bot h durin g networ k trainin g an d 
testing . 

4.  Trainin g D a t a 

Trainin g an d tes t  dat a ar e generate d usin g th e gram -
mar  o f  L .  O n e hundre d separat e trainin g corpor a hav e 
bee n generated ,  an d th e mode l  ha s teste d successfull y 
when traine d o n each .  A  give n trainin g corpu s consist s 
of  137 0 sentences ,  wit h an y give n sentenc e duplicate d a t 
most  once .  Eac h trainin g corpu s contain s 7 5 % simpl e ( N 
V N )  sentence s an d 2 5 % comple x sentences ,  containin g 
relativ e clauses .  Th e latte r  hav e a  m a x i m u m embed -
din g dept h o f  one .  Abou t  hal f  o f  th e comple x sentence s 
contai n a  relativ e claus e i n bot h th e subjec t  an d objec t 
NPs.  Al l  1 2 noun s appea r  i n eac h trainin g corpus ,  bu t 
onl y fou r  o f  thes e noun s ar e permitte d t o appea r  i n bot h 
subjec t  an d objec t  positions . 
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5.  N e t w o r k Trainin g 

Successfu l  networ k trainin g require s les s tha n on e com -
plet e pas s throug h a  singl e trainin g corpus .  A s previ -
ousl y indicated ,  eac h sentenc e i s presente d t o th e inpu t 
laye r  on e wor d a t  a  time .  Presentatio n o f  a  wor d amount s 
t o activatin g on e o f  th e 2 1 lexica l  node s i n th e inpu t 
layer .  Th e appropriat e lexica l  nod e i s se t  t o -|- 1 jus t  unti l 
th e nex t  wor d i s presented .  Throughou t  th e processin g 
of  a  complet e sentence ,  th e correspondin g propositiona l 
representatio n i s activ e withi n th e semanti c layer .  Al l 
concep t  node s an d pnod e core s involve d i n tha t  propo -
sitio n ar e se t  t o thei r  m a x i m u m activatio n level s (+1) . 
Sit e node s involve d i n th e activ e pnode s ar e als o se t  ini -
tiall y  t o -t-1 ,  thoug h thei r  m a x i m u m leve l  i s  -|-3 .  I n ev -
er y activ e propositiona l  representation ,  th e maste r  pn -
ode wil l  b e active .  On e o f  th e thre e mod-pnode s wil l 
be randoml y selecte d fo r  inclusio n i n th e representatio n 
wheneve r  som e propositio n modifie s a  concep t  (thi s oc -
cur s onl y whe n relativ e clause s ar e presen t  i n th e input) . 

The network' s trainabl e link s ar e thos e occurrin g be -
twee n th e inpu t  laye r  an d semanti c layer ,  an d thos e 
emanatin g fro m pnod e core s t o pnod e (thematic )  sites . 
Othe r  link s withi n th e semanti c laye r  serv e t o establis h 
binding s an d t o sprea d activation .  Ever y lexica l  inpu t 
nod e i s connecte d t o eac h semanti c nod e (i.e. ,  t o th e 
concept s an d pnod e cores) .  O n eac h 'wor d iteration' , 
activatio n flows  fro m a n activ e inpu t  nod e t o semanti c 
nodes .  Subsequently ,  activatio n i s relaye d fro m seman -
ti c node s t o bindin g nodes ,  an d ultimatel y t o pnod e site s 
and cores . 

5. 1 Trainin g Link s B e t w e e n Layer s 
Each tim e a n inpu t  wor d i s presented ,  a  semanti c nod e 

correspondin g t o th e word' s 'meaning '  wil l  b e activ e 
withi n th e semanti c layer .  Thi s hold s tru e eve n fo r  th e 
relativ e pronou n ('who') ,  whic h no t  onl y denote s som e 
individua l  eac h tim e i t  i s  used ,  bu t  signal s tha t  som e 
propositio n modifie s tha t  individual .  Thus ,  mod-pnode s 
ar e strongl y correlate d wit h occurrence s o f  'who' .  How -
ever ,  man y spuriou s semanti c node s wil l  als o b e activ e 
when a  give n wor d appear s a s input . 

A simpl e Hebbia n learnin g algorithm ,  whic h merel y 
strengthene d weight s betwee n simultaneousl y activ e 
node s i n th e inpu t  an d semanti c layers ,  woul d suffic e 
t o discove r  th e stronges t  correlations .  However ,  thi s ap -
proac h woul d stil l  assig n substantia l  weight s t o moder -
ate ,  thoug h spurious ,  correlations .  A  bette r  method , 
adopte d here ,  i s  t o integrat e Hebbia n learnin g wit h a 
simpl e for m o f  competition . 

To understan d thi s Hebbia n variant ,  recal l  tha t  m a n y 
link s flow  int o eac h semanti c nod e fro m th e lexica l  layer . 
Moreove r  (a s i s  c o m m o n ) ,  ther e i s a  fixed  m a x i m u m (-1-1 ) 
fo r  th e su m o f  al l  weight s o n link s comin g int o a  seman -
ti c node .  Initially ,  th e weigh t  o n eac h o f  thes e link s i s 
.001. ^  Eac h tim e a n activ e inpu t  nod e send s activatio n 
t o th e semanti c layer ,  weight s ar e incremente d o n ever y 
lin k whic h connect s tha t  nod e t o a  semanti c nod e tha t  i s 
activ e (-|-1 )  withi n th e curren t  propositiona l  representa -
tion .  Le t  S  b e an y o f  thes e activ e semanti c nodes .  The n 

^Rando m weight s clos e t o .00 1 woul d serv e equall y well . 
For  simplicity ,  w e hav e chose n a  unifor m initia l  weight . 

th e lin k (L )  comin g int o S  i s incremente d a s follows : 

increment = R* .0005 

where R is the ratio of the current weight on L to the 
curren t  averag e weigh t  o f  link s int o S .  Not e tha t  th e rati o 
R ca n caus e link s wit h 'abov e average '  weigh t  t o b e re -
warde d significantly .  A s learnin g proceeds ,  th e learnin g 
on winnin g link s accelerates ,  an d littl e weigh t  i s  assigne d 
t o link s whic h reflec t  spuriou s co-occurrences .  Moreover , 
i f  m a n y inpu t  node s hav e significan t  correlatio n wit h a 
singl e node ,  a s happen s wit h th e maste r  pnode ,  n o clea r 
winnin g lin k emerges ,  sinc e th e rati o R  remain s nea r 
unit y fo r  mos t  link s int o tha t  semanti c node . 

Trainin g halt s whe n al l  semanti c node s hav e reache d 
thei r  weigh t  m a x i m u m s ,  i.e. ,  whe n n o semanti c nod e ha s 
any weigh t  lef t  t o distribut e a m o n g it s incomin g links . 
Typically ,  thi s happen s afte r  950-105 0 sentence s hav e 
bee n processed .  W h e n trainin g i s complete ,  link s re -
flecting  correc t  word-concep t  association s ar e frequentl y 
100 time s greate r  tha n thos e reflectin g spuriou s co -
occurrence . 

Presently ,  w e shal l  examin e trainin g whic h occur s 
withi n th e semanti c layer .  Befor e doin g so ,  a  final  issu e 
i s german e t o th e testin g phase ,  describe d i n sectio n 7 . 
Durin g training ,  firing  threshold s fo r  semanti c node s ar e 
irrelevant ,  sinc e thos e semanti c node s whic h ar e activ e i n 
a give n semanti c representatio n hav e alread y bee n se t  t o 
thei r  m a x i m u m leve l  o f  activation .  However ,  w e assum e 
that ,  a s semanti c node s receiv e varyin g level s o f  inpu t 
durin g training ,  the y acquir e thresholds .  U p o n comple -
tio n o f  training ,  th e firing  threshol d o f  eac h semanti c 
nod e i s take n t o b e 8 0 % o f  th e larges t  inpu t  stimulu s 
eve r  presente d t o tha t  node .  Thi s mean s that ,  typically , 
firing  threshold s fo r  semanti c node s wil l  b e abov e .7 . 

5. 2 Trainin g withi n th e Seman t i c Laye r 
Withi n th e semanti c layer ,  trainin g occur s a t  pnode s 

only .  I n particular ,  weight s o n link s flowing  fro m pnod e 
core s t o sit e node s ar e tune d a s a  sid e effec t  o f  spreadin g 
activation ,  whic h i s initiate d a t  concep t  nodes .  I n loos e 
analog y wit h trainin g betwee n layers ,  w e hav e cissume d 
a fixed  limi t  o f  on e fo r  th e s u m o f  al l  core-to-sit e weight s 
at  eac h pnode .  Learnin g cease s a t  an y pnod e whic h ha s 
reache d thi s weigh t  limit . 

As previousl y mentioned ,  a  complet e semanti c repre -
sentatio n remain s activ e throughou t  th e processin g o f  a 
give n sentence .  Withi n thi s activ e representation ,  activ e 
concep t  node s ar e boun d t o th e particula r  themati c site s 
by activ e bindin g node s (se e Figur e 3) .  Al l  node s par -
ticipatin g i n thi s representatio n ar e se t  t o -|-1 ,  whic h i s 
th e m a x i m u m fo r  concep t  node s an d pnod e cores . 

As eac h wor d i s presente d t o th e inpu t  layer ,  activatio n 
i s propagate d upward s t o semanti c nodes .  Eac h seman -
ti c nod e receive s activatio n equa l  t o th e weigh t  o n th e 
lin k comin g int o tha t  nod e fro m th e activ e inpu t  node . 
Upon receivin g thi s inpu t  surg e (o r  'boost') ,  semanti c 
node s ente r  int o a  W T A competition .  Tha t  nod e whos e 
receive d boos t  i s larges t  wil l  wi n th e competition .  W e 
hav e assume d tha t  semanti c node s wil l  spen d thei r  ex -
ces s 'boost '  whe n competing ,  bu t  no t  thei r  initia l  leve l 
of  activation . 

N o w,  trainin g withi n a  pnod e constellatio n occur s a s 
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a sid e effec t  o f  a  concep t  node' s winnin g th e W T A com -
petition .  For ,  whe n a  concep t  nod e win s (e.g. ,  'Jane ' 
i n figure  3) ,  i t  spread s activatio n toward s bindin g nodes . 
W h en thi s spreadin g activatio n reache s a n inactiv e bind -
in g node ,  nothin g happen s becaus e a  bindin g nod e wil l 
fire  onl y whe n i t  sense s activatio n fro m bot h a  sit e nod e 
an d a  concep t  node .  However ,  whe n activatio n fro m a 
concep t  nod e reache s an y activ e bindin g node ,  tha t  nod e 
fires  an d send s activatio n t o th e involve d sit e node .  Re -
ferrin g t o figure  3 ,  if'Jane '  wer e selecte d a s winne r  o f  th e 
semanti c competition ,  activatio n woul d reac h th e agen t 
sit e o n th e maste r  pnode .  However ,  i f  instea d 'Bill '  wer e 
t o win ,  thre e separat e site s woul d receiv e activation ,  in -
cludin g th e modifie r  an d agen t  site s o n th e mod-pnode . 
For  simplicity ,  w e shal l  assum e tha t  th e first  wor d o f  th e 
sentence ,  'Jane' ,  cause s th e Jan e nod e t o fire. 

Once a  give n sit e (a ,  i n thi s case )  receive s activatio n 
fro m a  bindin g node ,  i t  wil l  j u m p fro m it s curren t  acti -
vatio n (-1- 1 i n thi s case )  t o it s m a x i m u m level ,  -|-3 .  A t 
thi s point ,  th e a  sit e i s a t  a  highe r  activatio n leve l  tha n 
th e remainin g tw o sites .  However ,  sinc e al l  site s a t  th e 
curren t  pnod e ar e involve d i n activ e bindings ,  n o W T A 
competitio n occur s betwee n th e site s (thei r  mutua l  in -
hibitor y link s ar e currentl y blocked ,  a s describe d ear -
lier) .  N o w ,  give n tha t  sit e a  ha s jus t  bee n booste d t o it s 
highes t  activatio n level ,  a  fires  toward s th e pnod e core , 
but  retain s it s -1- 3 activation. ^  Activatio n receive d a t 
th e cor e cause s th e cor e t o fire  i n turn .  A s a  result ,  th e 
cor e send s activatio n t o eac h o f  it s  site s i n proportio n 
t o th e existin g weigh t  o n th e lin k leadin g fro m th e cor e 
t o th e give n site .  T h e 'boost '  no w receive d b y eac h sit e 
i s adde d t o th e site' s activatio n level ,  unles s tha t  sit e i s 
alread y a t  it s  m a x i m u m (-1-3 )  level . 

Thu s far ,  activatio n level s fo r  site s a ,  /? ,  an d 7  woul d 
be,  respectively ,  -1-3 ,  ( 1 +  j) ,  an d ( 1 +  k) ,  wher e j  an d k 
ar e substantiall y  les s tha n one .  Consequently ,  th e agen t 
site ,  a ,  i s  a t  th e highes t  leve l  b y far .  Also ,  no w tha t 
activatio n ha s passe d alon g trainabl e links ,  fro m a n ac -
tiv e cor e t o activ e sites ,  weigh t  modificatio n wil l  oc -
cur .  I n particular ,  weight s wil l  b e modifie d b y addin g 
(activation{s )  *  .0005 )  t o th e existin g weight  o n th e lin k 
fro m cor e t o sit e s .  Clearly ,  i n th e presen t  example ,  th e 
lin k t o sit e a  wil l  receiv e a  significantl y large r  incremen t 
tha n link s t o / ? an d 7 . 

Once weigh t  modificatio n betwee n cor e an d site s i s 
complete ,  a  ne w cycl e begins ,  fo r  th e affecte d site s hav e 
not  receive d sufficien t  activatio n t o caus e the m t o fire. 
I f  w e assum e tha t  th e nex t  inpu t  wor d cause s th e 'sees ' 
nod e t o win ,  spreadin g activatio n wil l  pas s throug h a 
bindin g node ,  an d caus e sit e f 3 t o j u m p t o a  leve l  o f 
-1-3 .  13 ,  i n turn ,  wil l  no w excit e th e core ,  whic h wil l 
agai n sprea d activatio n t o th e sites .  Weigh t  modifica -
tio n wil l  agai n occur ,  thi s tim e wit h a  an d / 3 bot h a t 
-1-3 ,  whil e th e patien t  site ,  7 ,  ha s substantiall y  les s ac -
tivation .  A s a  consequence ,  th e weigh t  int o a  receive s 
anothe r  (comparatively )  sizabl e increment ,  an d thoug h 
th e weigh t  int o / 3 wil l  no w b e substantiall y augmented . 

'I t  i s  somewha t  unusua l  fo r  node s t o bot h fire  an d retai n 
significan t  level s o f  activation .  However ,  thi s assumptio n i s 
consisten t  wit h connectionis t  principle s a s se t  fort h i n Feld -
man &  BaUar d (1982) . 

7' s weigh t  receive s a  comparativel y smal l  increase .  B y 
th e tim e th e thir d cycl e i s complete d (afte r  processin g 
'Bill') ,  weight s int o agent ,  actio n an d patien t  site s wil l 
be ordered ,  b y descendin g magnitude ,  i n th e sam e se -
quenc e a s thos e site s wer e booste d t o thei r  m a x i m u m 
(-1-3 )  value s (othe r  thing s bein g equal) . 

Due t o th e natur e o f  conceptua l  binding ,  th e a  an d 
7r  site s o n an y mod-pnod e wil l  alway s b e boun d t o th e 
same concep t  (durin g training) .  I n suc h situations ,  i f 
th e concep t  nod e i s chose n a s winne r  o f  a  W T A com -
petition ,  bot h th e a  an d n  site s wil l  receiv e simultane -
ous activation .  Thus ,  thos e tw o site s wil l  alway s un -
derg o identica l  training .  Fo r  thi s reason ,  weight s int o 
th e a  an d n  site s a t  a  give n mod-pnod e wil l  b e iden -
tical ,  thoug h th e weight s a t  separat e pnode s wil l  vary . 
Becaus e a  an d i r  site s ar e equall y weighte d wit h respec t 
t o a  pnode' s core ,  bot h site s wil l  ti e i n an y W T A compe -
titio n betwee n site s whic h occur s durin g th e testin g (i.e. , 
comprehension )  phase ,  describe d i n sectio n 7 . 

6.  Tes t  D a t a 

Once th e networ k ha s bee n traine d o n a  give n corpus , 
i t  i s  teste d o n a  separat e se t  o f  ove r  600 0 sentences .  O f 
thes e 400 0 ar e randoml y generated ;  n o restriction s ar e 
place d upo n an y word' s syntacti c position ,  asid e fro m 
grammaticality .  Thre e quarter s o f  thes e sentence s con -
tai n embedde d clauses ,  frequentl y i n bot h subjec t  an d 
objec t  NPs .  T h e remainin g 2000-1 -  sentence s al l  presen t 
some nou n i n a  positio n i t  di d no t  occup y durin g train -
in g (i.e. ,  th e wor d di d no t  occup y tha t  positio n a t  an y 
leve l  o f  embeddin g durin g training) .  O f  thes e (roughly ) 
200 0 sentences ,  onl y 50 0 ar e simpl e sentences .  I n addi -
tion ,  si x handcrafte d sentence s ar e include d i n th e set . 
Thes e handcrafte d sentence s tes t  th e network' s abilit y 
t o generaliz e t o dee p level s o f  embedding . 

7.  Testin g P e r f o r m a n c e 

Once th e c-ne t  ha s bee n full y trained ,  it s 'comprehen -
sion '  i s  teste d o n eac h o f  th e 600 6 sentence s describe d 
i n th e precedin g section .  Testin g o f  a  give n sentenc e 
involve s th e seriatu m presentatio n o f  word s t o th e net -
work' s inpu t  layer .  I n respons e t o eac h word ,  a  seman -
ti c nod e i s activate d withi n th e semanti c laye r  and ,  vi a 
spreadin g activation ,  som e 'binding '  wil l  occu r  (i.e. ,  a 
bindin g nod e wil l  b e activated) .  Onc e th e sentenc e ha s 
bee n processed ,  a  patter n o f  activ e node s an d binding s 
exist s withi n th e semanti c layer .  ( A nod e i s considere d 
activ e i f  it s  leve l  o f  activatio n exceed s it s firing  thresh -
old. )  Thi s patter n o f  activatio n i s compare d t o th e sen -
tence' s correc t  prepositiona l  representation ,  an d 'perfec t 
matches '  ar e noted .  Th e proces s b y whic h themati c rol e 
site s ar e activate d an d binding s ar e se t  i s  somewha t  com -
plex .  Give n spac e limitations ,  w e ca n presen t  onl y a n 
outlin e o f  thi s proces s here . 

7. 1 Sentenc e C o m p r e h e n s i o n -  Outline . 
For  eac h sentenc e i n th e trainin g corpus : 

(1 )  Al l  node s throughou t  th e networ k ar e initiall y  se t 
t o zero .  Cognitively ,  thi s migh t  b e cause d b y a  precedin g 
silenc e o r  b y successfu l  comprehensio n o f  th e previou s 
sentence . 

(2 )  T h e maste r  pnod e i s activated ,  initiall y  vi a it s  core . 
Activatio n spread s t o th e thre e sit e node s an d a  W T A 
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competitio n ensue s a m o n g th e sites .  A  singl e sit e (pre -
sumabl y th e agen t  site )  win s an d attain s a n activatio n 
leve l  o f  + 3 .  I n theory ,  activatio n o f  th e maste r  pnod e 
occur s jus t  a s som e initia l  stimulu s i s bein g recognize d 
as a  word ,  perhap s b y a  'preprocessor '  whic h activate s a 
particula r  lexica l  nod e onc e th e wor d i s recognized . 

(3 )  A  lexica l  nod e i s activate d an d activatio n flows 
fro m th e lexica l  laye r  t o th e semanti c layer .  A  W T A 
competitio n ensue s a m o n g th e semanti c nodes .  T h e win -
nin g nod e i s selecte d a s follows :  I f  on e o r  mor e previ -
ousl y inactiv e node s surpasse s i t  firing  threshold ,  tha t 
nod e win s whic h surpasse d it s threshol d b y th e larges t 
amount .  (Tie s ar e extremel y unlikely ,  thoug h a  uniqu e 
winne r  woul d b e selecte d i n tha t  case. )  Otherwise ,  tha t 
presentl y activ e nod e whic h receive d th e larges t  inpu t 
boos t  wins .  I n eithe r  case ,  th e winne r  attain s a n activa -
tio n of+1.' * 

(4 )  I f  th e 'winner '  fro m ste p 3  wa s a  pnode ,  cal l  i t  P . 
P' s cor e i s no w activ e (-1-1) .  T h e followin g occurs : 

•  A  W T A competitio n ensue s a m o n g P' s sit e nodes , 
whic h ar e al l  presentl y unbound .  Multipl e (tying ) 
winner s ar e possible . 

•  A  winnin g site(s )  a t  P  i s (are )  chose n an d assume s 
activatio n o f  -1-3 .  Al l  othe r  activ e site s an d concep t 
node s underg o som e deca y ( a .0 1 decremen t  t o thei r 
activatio n level) . 

(5 )  Bindin g no w occur s betwee n th e mos t  activ e sit e 
(o r  sites ,  i f  ther e i s a  tie )  an d th e mos t  activ e concep t 
nod e tha t  ca n bin d wit h tha t  site(s) .  Activatio n deca y 
ensure s tha t  th e mos t  recentl y activate d site(s )  an d con -
cep t  ar e th e mos t  activ e nodes . 

(6 )  Bindin g actio n fro m th e previou s ste p cause s a 
bindin g nod e t o fire.  Thi s i n tur n spread s activatio n t o 
th e sit e involve d i n tha t  binding ,  an d th e sit e relay s ac -
tivatio n t o th e cor e o f  th e involve d pnode .  I f  ther e ar e 
stil l  unboun d site s a t  tha t  pnode ,  a  ne w W T A competi -
tio n i s triggere d a m o n g jus t  thos e sites ,  an d th e winnin g 
sit e attain s -f 3 activation .  Al l  othe r  activ e site s an d con -
cep t  node s underg o som e decay .  Thi s deca y ensure s tha t 
correc t  binding s occu r  durin g an d afte r  recursiv e embed -
dings .  (Se e Stevenson ,  1994 ,  fo r  a  simila r  us e o f  deca y 
i n a  massivel y paralle l  parser. ) 

(7 )  Retur n t o ste p 3 . 

8. Test Results 

As mentioned in section 4, the network has been sepa-
ratel y traine d an d teste d o n 10 0 distinc t  trainin g cor -
pora .  Eac h o f  th e 10 0 trainin g session s produce s a 
uniquel y weighte d c-net ,  which ,  i n turn ,  i s  teste d o n th e 
600 6 sentenc e tes t  corpu s describe d i n sectio n 6 .  A s eac h 
sentenc e i n eac h tria l  i s  tested ,  it s outpu t  i s compare d 
t o th e correc t  'target '  representatio n fo r  tha t  sentence . 
I n al l  cases ,  a  perfec t  matc h occurre d betwee n th e net -
work' s rea l  an d targe t  output .  Thi s hel d tru e eve n whe n 

*Thi s 'disjunctive '  winne r  selectio n rul e i s consisten t  wit h 
a standar d W T A competitio n amon g semanti c nodes .  W e 
merel y nee d t o assum e tha t  a  nod e whic h ha s jus t  surpasse d 
it s  firing  threshol d discharge s a n activatio n greate r  tha n one , 
i.e. ,  greate r  tha n th e 'inpu t  boost '  receive d b y presentl y ac -
tiv e nodes . 

tes t  sentence s involve d m a x i m u m level s o f  embeddin g ( a 
dept h o f  thre e consecutiv e relativ e clauses) . 

9.  Discussio n 

Th e fundamenta l  goa l  o f  researc h presente d her e ha s 
bee n t o demonstrat e tha t  stron g semanti c systematic -
it y ca n b e achieve d throug h unsupervise d connectionis t 
learning .  I n term s o f  th e definitio n presente d i n sec -
tio n 1 ,  w e believ e thi s goa l  ha s clearl y bee n achieved . 
Not  onl y i s th e traine d c-ne t  abl e t o proces s sentence s 
containin g word s i n nove l  positions ,  bu t  overal l  networ k 
behavio r  i s transparent .  Give n th e form s o f  Hebbia n 
learnin g involved ,  i t  i s  clea r  h o w word s becom e asso -
ciate d wit h thei r  conceptua l  counterpart s an d h o w th e 
prope r  sequenc e fo r  themati c sit e activatio n i s learne d 
by p-nodes .  Thes e aspects ,  togethe r  wit h th e combina -
toria l  powe r  o f  bindin g nodes ,  explai n th e model' s abilit y 
t o proces s word s occurrin g i n nove l  syntacti c positions . 
Not e tha t  trainin g o f  p-nod e link s i s crucia l  t o th e resul -
tan t  systematicity . 

I n addition ,  althoug h ou r  mode l  undoubtedl y ignore s 
some concern s fo r  cognitiv e plausibility ,  w e hav e sough t 
t o attai n plausibilit y  whereve r  possible .  Fo r  example ,  (a ) 
we hav e use d unsupervise d learnin g method s through -
out ,  (b )  relativel y smal l  trainin g corpor a hav e bee n em -
ployed ,  (c )  mos t  noun s wer e no t  presente d i n al l  position s 
durin g training ,  (d )  th e networ k generalize s t o dee p lev -
el s o f  embedding . 
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