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Abstrac t 

A method for deriving phrase structure categories from 
structure d sample s o f  a  context-fre e languag e i s  pre -
sented .  Th e learnin g algorith m i s base d o n adaptatio n 
and competition ,  a s wel l  a s erro r  backpropagatio n i n 
a continuou s vecto r  space .  Thes e connectionist-styl e 
technique s becom e applicabl e t o grammar s a s th e tra -
ditiona l  gramma r  formalis m i s generalize d t o us e vec -
tor s instea d o f  symbol s a s categor y labels . 

More generally ,  i t  i s  argue d tha t  th e conversio n o f 
symboli c formalism s t o continuou s representation s i s a 
promisin g wa y o f  combinin g th e connectionis t  learnin g 
technique s wit h th e structure s an d theoretica l  insight s 
embodie d i n classica l  models . 

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

Connectionism ,  an d especiall y Paralle l  Distribute d Pro -
cessin g ( P D P )  ha s develope d a n arra y o f  model s o f 
learnin g system s (backpropagation ,  Boltzman n m a -
chines ,  competitiv e learnin g (Rumelhart ,  McClelland , 
& T h e P D P Researc h Grou p 1986)) .  Thes e model s 
typicall y operat e o n representation s a t  a  rathe r  lo w an d 
unstructure d leve l  (uni t  activations ,  bi t  vectors ,  micro -
features )  relativ e t o th e structure s use d i n traditiona l 
linguisti c description s (tree s an d graphs ,  cas e frames , 
g r a m m ar  rules ,  stacks) .  Thi s i s a  necessar y feature ,  th e 
algorithm s use d ar e powerfu l  an d genera l  precisel y be -
caus e the y operat e o n simpl e an d homogeneou s repre -
sentations .  Simplicit y an d uniformit y o f  th e represen -
tation s als o allow s fo r  mathematica l  analysis ,  leadin g 
t o theoreticall y well-founde d method s suc h a s gradien t 
decen t  o r  simulate d annealing . 

A secon d prerequisit e fo r  thes e connectionis t  learnin g 
algorithm s i s tha t  representation s b e continuous .  Con -
tinuit y o f  th e representatio n spac e (ofte r  paire d wit h re -
quiremen t  tha t  som e performanc e measur e b e differen -
tiabl e wit h respec t  t o th e representations) ,  ensure s tha t 
adaptiv e learnin g ca n tak e place ,  i.e. ,  gradua l  adjust -
ment  toward s a  specifie d goal .  Again ,  continuit y an d 
differentiabilit y ar e typicall y no t  foun d i n traditiona l 
linguisti c constructs ,  whic h ten d t o b e inherentl y dis -
cret e (a n exceptio n ar e Fuzz y Language s (Zade h 1972)) . 

I t  seem s desirable ,  then ,  t o investigat e way s t o com -
bin e connectionis t  (usuall y vector-based )  representa -

tion s wit h structure s an d concept s develope d i n tradi -
tiona l  theories ,  especiall y i n case s wher e thos e theorie s 
hav e a  stron g empirica l  o r  intuitiv e appeal .  Th e goa l 
woul d b e t o us e on e o r  severa l  o f  th e learnin g tech -
nique s mentione d abov e t o lear n o r  develo p representa -
tion s tha t  ar e meaningfu l  i n th e framewor k o f  th e theor y 
at  hand . 

Th e remainde r  o f  th e pape r  give s a n exampl e o f  thi s 
genera l  approach ,  applie d t o th e theor y o f  context-fre e 
grammar s an d th e proble m o f  learnin g categor y label s 
fo r  th e phras e type s i n a  language .  Firs t  w e intro -
duc e th e th e hybri d symbolic/connectionis t  formalis m 
on whic h th e algorith m i s based ,  an d the n discus s learn -
in g b y wa y o f  a  detaile d example . 

Vector Space Grammars 

The formalis m presente d her e ha s bee n dubbe d Vecto r 
Space Grammar  (VSG )  becaus e i t  represent s a  gener -
atizatio n o f  traditiona l  context-fre e grammar s (CFGs ) 
i n whic h th e nonterminal s ar e represente d b y point s i n 
a continuou s vecto r  spac e rathe r  tha n b y symbols .  Lik e 
i n C F G ,  nontermina l  rule s (i n C h o m s k y Norma l  From , 
C N F)  ar e o f  th e for m 

(1) 

(2) 

But  wherea s i n C F G categorie s (x ,  y ,  z )  ar e symbol s 
i n a  spac e wit h a  binar y metri c (equality/nonequality) , 
V SG use s vector s a s nonterminals .  Thi s give s a  contin -
uou s metri c o n th e categor y space ,  thu s fulfillin g on e o f 
th e prerequisite s fo r  a n adaptiv e learnin g mechanism . 
Terminal s (words )  i n V S G ar e stil l  unanalyze d atomi c 
entities ,  an d string s o f  terminal s for m th e domai n ove r 

whic h a  languag e i s defined . 
A standar d non-termina l  rul e m a p s tw o specifi c  sym -

boli c categorie s int o a  thir d symboli c categor y (th e left -
han d sid e o f  th e rule) .  Similarly ,  a  V S G rul e m a p s tw o 
vector s ont o a  third .  Fro m a  bottom-u p parsin g poin t 
of  view ,  a  traditiona l  C F G rul e i s applicabl e i f  an d onl y 
i f  it s tw o right-han d sid e categorie s matc h exactl y tw o 
othe r  categorie s (root s o f  partia l  parses) .  I n V S G ,  rul e 
applicabilit y  become s a  grade d notion ,  an d ever y rul e 

X - • y z 

and lexical (terminal) rules of the form 

X —• a 
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t e r m i n a l  s  y  m 

Figur e 1 :  Vector s involve d i n V S G rul e application .  Th e 
new roo t  vecto r  a  i s a  functio n o f  th e subtre e roo t  vector s 
b an d c  an d th e vector s i n th e rul e x  —» y  z ,  e.g. ,  a  = 
(by) (cz)x . 

wil l  b e applicabl e t o ever y tw o categorie s t o som e ex -
tent .  However ,  th e formalis m i s  designe d suc h tha t 
well-matchin g rule s giv e a  'high '  output ,  an d poorl y 
matchin g rule s resul t  i n a  vecto r  clos e t o th e zer o vec -
tor .  Thi s i s  accomplishe d b y th e followin g 'activatio n 
function '  fo r  V S G rules .  Le t  x  —> y  z  b e th e rul e ap -
plie d t o tw o categorie s b  an d c  (w e us e bol d letter s t o 
denot e vecto r  quantities) .  The n th e categor y resultin g 
fro m th e rul e applicatio n i s define d a s 

a =  ( b •y)( c •  z) x (3 ) 

wher e •  denote s th e inne r  produc t  o f  th e vecto r  space . 
The tw o inne r  product s o n th e righ t  expres s th e matc h 
betwee n th e categorie s specifie d b y th e rul e an d th e cat -
egorie s assigne d t o th e substrings .  Matc h value s rang e 
betwee n —1 an d -1- 1 i f  th e categor y vector s ar e normal -
ized .  Sinc e th e right-han d sid e term s i n a  context-fre e 
rul e wor k conjunctivel y (al l  hav e t o match) ,  th e matc h 
value s ar e multiplied .  Choosin g th e inne r  produc t  a s 
th e measur e o f  matchin g partl y determine s th e struc -
tur e o f  th e categor y space :  categorie s wil l  behav e differ -
entl y t o th e exten t  tha t  the y ar e orthogonal .  Th e ele -
ment s involve d i n rul e applicatio n ar e depicte d schemat -
icall y i n Fig .  1 . 

Traditiona l  C F G s ca n b e mappe d int o th e vecto r 
representatio n suc h tha t  equatio n 3  work s precisel y a s 
traditiona l  g ramma r  rule s d o (usin g a n all-or-nothin g 
matc h betwee n categories) .  Thi s isomorphis m m a p s 
eac h nontermina l  i n th e C F G t o a  dimensio n i n th e V S G 
categor y space ,  an d demonstrate s tha t  V S G s ar e indee d 
a forma l  generalizatio n o f  symboli c phrase-structur e 
grammars . 

Acceptanc e o f  string s b y a  g ramma r  ca n b e define d 
analogousl y t o traditiona l  grammars ,  althoug h accep -
tanc e become s a  non-discret e functio n (a s i n fuzz y lan -
guages )  .  Sinc e thes e definition s ar e no t  directl y relevan t 
t o th e learnin g procedur e w e wil l  omi t  the m her e an d 
tur n immediatel y t o th e learnin g algorith m (se e (Stol -
ck e 1991 )  fo r  details) . 

Learnin g wit h Vecto r  Spac e G r a m m a r s 

The proble m o f  learnin g t o pars e string s o f  a  languag e 
can b e broke n dow n int o tw o subproblems :  findin g th e 
structur e o f  th e pars e tre e (i.e. ,  th e phras e bracket -
ing) ,  an d assignin g categor y label s t o th e node s i n th e 
tre e (th e phrases) .  Curren t  wor k wit h V S G s addresse s 
mainl y th e secon d o f  thes e problems ,  fo r  severa l  rea -
sons . 

Ther e ar e indication s tha t  th e tw o problem s migh t  i n 
fac t  b e handle d separatel y b y natura l  languag e speak -
ers ,  an d tha t  ther e ar e cue s independen t  fro m categor y 
assignmen t  tha t  allo w speaker s t o deriv e th e phras e 
bracketin g information .  I t  ha s bee n show n tha t  ther e 
ar e ver y effectiv e statistica l  method s t o fin d phras e 
boundarie s (withou t  phras e typ e classification )  i n tex t 
(Magerma n &  Marcu s 1990) .  Secondly ,  psycholinguis -
ti c  dat a indicate s tha t  human s ca n lear n languag e struc -
ture s successfull y onl y whe n the y ca n dra w fro m a  ric h 
set  o f  universa l  intra -  an d extra-sententia l  cue s t o in -
duc e phras e structur e independentl y (Morgan ,  Meier , 
k Newpor t  1987 ;  Morgan ,  Meier ,  k  Newpor t  1989) . 
Morga n (1986 )  ha s als o argu e fo r  th e prio r  availabilit y 
of  phras e structur e informatio n o n learnabilit y  grounds . 

Anothe r  sourc e o f  independen t  phras e structur e in -
formatio n come s fro m stron g correlation s betwee n syn -
tacti c an d semanti c structure ,  i.e. ,  th e fac t  tha t  syn -
ta x usuall y exhibit s a  structur e paralle l  t o on e o f  th e 
conceptua l  dependencie s i t  expresses .  Thi s fundamen -
ta l  'iconi c relationship '  betwee n synta x an d concept s i s 
understoo d b y som e linguist s a s th e ver y essenc e o f  lan -
guag e (Langacke r  1985) .  A  learne r  coul d capitaliz e o n 
thi s principl e i f  on e assume s tha t  certai n genera l  cogni -
tiv e capacitie s ar e availabl e prio r  t o synta x learning . 

For  th e purpos e o f  thi s paper ,  then ,  w e wil l  assum e 
tha t  a  learnin g syste m ha s acces s t o phrase-bracketin g 
informatio n fro m independen t  sources .  W e wil l  discus s 
ho w th e categor y syste m an d th e rule s fo r  a  languag e 
ca n b e learne d withi n th e forma l  framewor k provide d b y 
V S G,  give n positiv e (an d possibl y negative )  instance s o f 
th e languag e alon g wit h thei r  phras e structur e bound -
aries .  Th e kind s o f  structure s availabl e t o th e learn -
in g algorith m ar e familia r  fro m Lev y an d Joshi' s (1978 ) 
skeleta l  structura l  descriptions ,  an d hav e bee n show n 
t o b e sufficien t  fo r  synta x learnin g (Fas s 1983) .  Thes e 
learnabilit y  results ,  however ,  us e automat a inductio n 
technique s wit h ver y comple x dat a structure s (equiv -
alenc e cl£isse s o f  tree s structures) ,  an d ar e therefor e 
not  directl y comparabl e t o th e method s employe d here . 
V SG learnin g use s onl y ver y simpl e vecto r  dat a struc -
ture s an d work s on-line ,  i.e. ,  n o histor y o f  pas t  sam -
ple s ha s t o b e stored .  Al l  th e primitiv e computation s 
performe d coul d b e implemente d usin g standar d con -
nectionis t  hardware ,  excep t  fo r  th e globa l  contro l  an d 
structur e allocatio n mechanism . 

T wo globa l  parameter s o f  th e syste m ar e th e dimen -
sio n o f  th e categor y spac e an d th e numbe r  o f  rule s t o 
be used .  Thes e parameter s shoul d b e se t  'larg e enough ' 
fo r  a  give n language ,  an d hav e a n effec t  simila r  t o th e 
number  o f  hidde n unit s i n a  backpropagatio n network . 
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W i t h to o littl e resources ,  th e syste m wil l  no t  converg e 

o n a  solution ,  an d wit h to o m a n y degree s o f  freedo m 

th e solutio n migh t  b e redundan t  an d no t  expres s cer -
tai n generalization s abou t  th e input . 

At  th e outse t  o f  learning ,  then ,  a  fixe d n u m b e r  o f  non -
termina l  rul e 'templates '  o f  th e for m (1 )  (wit h a  give n 
vecto r  spac e dimension )  ar e allocated .  Additionally ,  fo r 
eac h termina l  symbol ,  a  rul e o f  th e for m (2 )  i s created . 
Al l  categor y vectors ,  i n al l  rules ,  ar e se t  t o r ando m unit -
lengt h vectors . 

Give n a  sampl e strin g fro m th e languag e an d a  pars e 
tre e skeleton ,  w e construc t  a  labele d pars e tre e fro m 

th e curren t  se t  o f  rules .  T o assig n a  categor y vecto r  t o 
a node ,  th e rul e whos e right-han d sid e represent s th e 
bes t  ma tc h fo r  th e chil d nod e categorie s i s selecte d an d 
equatio n (3 )  i s use d t o compu t e th e outpu t  categor y 
fo r  tha t  node .  'Bes t  match '  i s  define d accordin g t o th e 
s a me inne r  produc t  metri c a s use d i n equatio n (3) ,  i.e. , 
usin g th e valu e ( b y)( c •  z) .  Onl y th e rule s selecte d 
at  s o m e nod e wil l  late r  participat e i n th e learnin g pro -
cess .  Sinc e onl y th e currentl y bes t  rule s ge t  selecte d th e 
whol e proces s strongl y resemble s th e metho d o f  compet -
itiv e learnin g (Rumelhar t  &  Zipse r  1985) . 

By workin g fro m th e termina l  node s t o th e roo t  w e 
arriv e a t  a  categor y labe l  fo r  th e entir e string .  I f  th e 
trainin g sampl e i s a  positiv e instanc e o f  th e languag e 
we k n o w wha t  th e targe t  categor y fo r  th e pars e shoul d 
be :  th e sentenc e categor y 'S '  tha t  ever y g r a m m a r  ha s 
t o provide .  Wi thou t  los s o f  generalit y w e ca n fix S 
throughou t  trainin g t o b e a  particula r  vector ,  e.g. ,  th e 
uni t  vecto r  (1,0,. .  . ,0) . 

T h e secon d ide a adapte d fro m connectionis t  learnin g 
method s i s tha t  o f  erro r  backpropagaiio n (Rumelhart , 
Hinton ,  &  William s 1986) .  A t  th e roo t  nod e w e ca n 
immediatel y compu t e a n erro r  ter m fo r  th e discrepanc y 
betwee n th e desire d outpu t  an d th e actua l  output .  Fo r 
positiv e example s thi s i s jus t  th e differenc e betwee n S 
an d th e roo t  category ,  fo r  negativ e example s w e com -
put e a n erro r  ter m whic h tend s t o m a k e th e outpu t  cat -
egor y an d S  orthogonal .  A  recursiv e procedur e (base d 
on th e chai n rule )  ca n the n comput e th e derivativ e o f 
tha t  erro r  wit h respec t  t o ever y categor y vecto r  occur -
rin g i n s o m e rul e (lef t  o f  right-han d side )  applie d some -
wher e i n th e tree .  T h e computatio n o f  erro r  derivative s 
i s straightforwar d becaus e o f  th e simpl e linea r  opera -
tion s use d i n equatio n 3  bu t  omitte d her e fo r  lac k o f 
spac e (se e (Stolck e 1991)) . 

Derivative s fo r  eac h categor y vecto r  ar e the n adde d 
u p an d multiplie d b y s o m e constan t  (th e 'learnin g rate' ) 
t o giv e th e adjustmen t  t o b e applie d t o tha t  category . 
Al l  rule s ar e update d accordingly ,  al l  categorie s ar e 
rescale d t o unit-length ,  an d th e nex t  trainin g exampl e 
i s processed .  T h e algorith m cycle s throug h th e train -
in g se t  unti l  th e erro r  become s negligibl e o r  n o furthe r 
improvemen t  i s observe d ove r  a  lon g perio d o f  time . 

I t  i s  importan t  t o realiz e tha t  th e backpropatio n ste p 
ca n no t  assig n error s tha t  ar e du e t o choosin g th e 
'wrong '  rul e a t  s o m e point ,  becaus e rul e selectio n i s 
a discret e ste p tha t  allow s n o differentiation .  Unfor -

+ ({ a circle )  (touche s ( a square)) ) 
+ ((t t  square )  (touche s ( a circle)) ) 

+ (( » circle )  (i s (belo w ( a square))) ) 
+ (( a square )  (i s (belo w ( a circle))) ) 
+ (( a circle )  (i s (abov e ( a square))) ) 
+ (( a square )  (i s (abov e ( a circle))) ) 

-  ( a square ) 
-  ( a circle ) 

-  (abov e ( a circle) ) 
(belo w ( a square) ) 

-  (touche s ( a circle) ) 
-  (touche s ( a square) ) 

-  (i s (abov e ( a square)) ) 
-  (i s (abov e ( a square)) ) 

(i s (belo w ( a circle)) ) 
(( a circle )  (belo w ( a square)) ) 

-  (( a square )  (abov e ( a circle)) ) 
-  (( a circle )  (i s (touche s ( a square))) ) 

-  ((i s circle )  (touche s ( a square)) ) 
(( a circle )  ( a ( a square)) ) 

-  (( a square )  (i s (belo w (i s circle))) ) 
-  (( a square )  (touche s (belo w ( a circle))) ) 

-  (( a circle )  (i s ( a square)) ) 
-  (( a square )  ( a (abov e ( a circle))) ) 

Figure 2: Training set used for the VSG learning experi-
ment .  Th e dat a i s draw n fro m a  fragmen t  o f  Englis h gen -
erate d b y th e gramma r  give n i n th e text .  Positiv e trainin g 
instance s ar e labele d wit h + ,  negative s one s wit h - . tunat e rul e selectio n ha s t o b e overcom e b y changin g 
th e rule s themselves ,  an d competitiv e rul e selectio n i s 
a heuristi c t o minimiz e rul e selectio n errors . 

A Sample Grammar 

We hav e ru n simulation s o f  th e algorith m describe d 
abov e t o verif y tha t  i s  ca n indee d converg e ont o work -
in g V S G g r a m m a r s fo r  a  variet y o f  smal l  artificia l  an d 
'natural '  languages .  A s indicate d i n th e introduction , 
on e o f  ou r  ma i n goal s wa s t o no t  onl y attes t  learnin g 
succes s (a s define d b y th e erro r  function )  bu t  t o tr y t o 
understan d h o w th e categor y vector s forme d collabo -
rat e t o produc e a  meaningfu l  syste m o f  rules . 

As a n exampl e conside r  a  fragmen t  o f  Englis h consist -
in g o f  transitiv e sentence s (' A circl e touche s a  square' ) 
an d copul a sentence s (' A circl e i s belo w a  square' )  in -
volvin g th e noun s circle ,  square ,  th e verb s is ,  touches , 
th e preposition s above ,  belo w an d th e determine r  a  (thi s 
fragmen t  i s borrowe d fro m th e L q projec t  domai n (Feld -
m an e t  al .  1990) ,  a  sampl e g r a m m a r  fo r  i t  i s  give n 
below) . 

T h e algorith m wa s ru n ove r  a  se t  o f  6  positiv e an d 
18 negativ e samples ,  liste d i n Fig .  2 .  th e numbe r  o f 
rule s wa s se t  t o 5  an d th e categor y dimensio n t o 15 .  A t 
a constan t  learnin g rat e o f  0. 5 th e erro r  wa s typicall y 
negligibl e afte r  5 0 passe s ove r  th e trainin g set . 

As a  metho d fo r  analyzin g th e resultin g V S G w e use d 
cluste r  analysis ,  whic h group s vector s accordin g t o a 
distanc e metri c i n a  hierarchica l  fashion .  Fig .  3  show s 
th e resul t  o f  clusterin g al l  vector s occurrin g i n rule s a s 
wel l  a s th e fixed S  vector . 

T h e grap h show s tha t  th e vector s fal l  int o nin e majo r 
cluster s o f  left-han d sid e an d right-han d sid e rul e vec -
tors .  W e ca n reconstruc t  a  symboli c rul e syste m fro m 
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Figur e 3 :  Cluster s o f  categor y vector s derive d fro m sam -
pl e language .  Left-han d sid e an d right-han d sid e vector s 
i n non-termina l  rule s ar e labele d b y on e o f  'Ihs' ,  'rhsl '  an d 
'rhs2' ,  an d th e rul e n u m b e r  (R l -5 ) .  Left-han d sid e vector s 
of  termina l  rule s ar e labele d a s 'lex '  an d th e termina l  the y 
generate .  'cat-S '  i s th e fixe d S  categor y vector .  Branche s 
leadin g t o cluster s tha t  ca n b e identifie d wit h non-terminal s 
fro m th e context-fre e g r a m m a r  give n i n th e tex t  ar e labele d 
wit h th e correspondin g symbol . 

th e d i a g r a m b y identifyin g thes e cluster s wi t h (initiall y 
arbitrary )  s y m b o l s a n d the n fillin g i n th e rul e templa te s 
used .  O n c e thi s i s  d o n e ,  w e ca n interpre t  th e rule s o n 
th e basi s o f  thei r  interactio n wi t h othe r  rule s a n d re -
n a me th e s y m b o l s accordin g t o ou r  traditiona l  n a m e s 
fo r  syntacti c categorie s i f  a n u n a m b i g u o u s interpreta -
tio n i s possible . 

Analysis of cluster diagram for this example shows 
no t  onl y tha t  a  rul e s y s t e m ha s bee n f o r m e d tha t 
account s precisel y fo r  th e inpu t  s a m p l e ,  bu t  als o 
tha t  thes e rule s a n d categorie s ca n b e pu t  int o 
a one-to-on e cor respondenc e wi t h a  natura l  stan -
dar d CF G fo r  th e languag e a t  hand ,  suc h as : 
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(Fig .  3  explain s ho w C F G symbol s m a p t o vecto r  clus -
ters. ) 

D i s c u s s i o n 

Th e detail s o f  th e resultin g rul e an d categor y struc -
tur e ar e highl y dependen t  o n th e trainin g environment . 
For  th e exampl e i n th e previou s section ,  extrem e con -
dition s wer e intentionall y chose n t o generat e th e per -
fec t  correspondenc e betwee n th e structur e learne d an d 
th e traditiona l  C F G .  Specifically ,  constrainin g th e num -
ber  o f  rule s t o fiv e force d a  parsimoniou s us e o f  cate -
gories .  Wit h mor e rule s t o wor k wit h eithe r  redun -
dancie s woul d hav e develope d (severa l  rule s servin g th e 
same function )  o r  som e rule s sta y useles s (neve r  win -
nin g a  competitio n an d no t  convergin g ont o meaningfu l 
categories) .  Also ,  th e relativel y larg e numbe r  o f  nega -
tiv e example s ensure d tha t  th e categorie s forme d wer e 
sufficientl y discriminatory .  Wit h les s o r  n o negativ e ex -
ample s a  g ramma r  develop s tha t  account s fo r  al l  th e 
positiv e example s bu t  fail s t o exclud e al l  th e negativ e 
ones ,  du e t o overl y genera l  rules . 

Th e nee d fo r  negativ e example s i s th e mos t  bother -
some proble m i f  on e i s  lookin g fo r  a  plausibl e mecha -
nis m fo r  natura l  languag e acquisitio n (an d widel y ac -
knowledge d a s a  majo r  challeng e fo r  m a n y theorie s o f 
acquisition ,  see ,  e.g. ,  (Pinke r  1989)) .  Althoug h ou r  cur -
ren t  syste m i s certainl y to o impoverishe d t o clai m t o b e 
a mode l  o f  natura l  languag e acquisitio n (i t  handle s onl y 
syntax ,  fo r  on e thing) ,  i t  woul d b e nic e t o obviat e th e 
need fo r  negativ e examples . 

Experiment s sho w tha t  jus t  droppin g th e negativ e ex -
ample s fro m th e trainin g se t  produce s grammar s wit h 
to o fe w rules .  The y accoun t  fo r  th e trainin g dat a b y 
clusterin g a  larg e numbe r  vector s together ,  resultin g i n 
categorie s tha t  ar e to o genera l  an d hav e to o littl e dis -
criminator y powe r  t o rul e ou t  fals e negativ e examples . 

Thi s situatio n arise s partl y du e t o a  well-know n prob -
le m wit h competitiv e learnin g schemes .  A  smal l  num -
ber  o f  rule s wi n mos t  o f  th e competition s early ,  thereb y 
pullin g al l  categor y vector s int o a  fe w larg e pools .  M a n y 
rule s neve r  ge t  applie d an d neve r  lear n t o b e usefu l  a s 
a result .  T o counterac t  thi s tendenc y w e hav e recentl y 
modifie d th e learnin g algorith m t o incorporat e a n ide a 
fro m learnin g i n geneti c system s (Hollan d 1975) .  I n th e 
modifie d learnin g schedule ,  rule s tha t  neve r  ar e use d ar e 
periodicall y eliminate d fro m th e rul e se t  an d replace d 
by copie s ('clones' )  o f  rule s tha t  ar e heavil y used .  Thes e 
ar e th e one s tha t  ten d t o b e overl y general ,  an d du -
plicatin g the m allow s th e tw o copie s t o specializ e int o 
differen t  role s i n th e grammar .  A  modifie d algorith m 
base d o n thi s heuristi c doe s m u c h bette r  i n positive -
onl y training ,  an d i s abl e t o deriv e a  categor y structur e 
simila r  t o tha t  i n Fig .  3  wit h onl y on e overl y genera l 
cluste r  (merge d V P an d P P vectors ,  a n erro r  tha t  i s 
i n fac t  motivate d b y th e simila r  syntacti c function s o f 
thes e tw o categories) . 

Befor e concluding ,  w e woul d lik e t o contras t  th e gen -
era l  lin e followe d her e wit h som e o f  th e pur e P D P ap -
proache s t o language .  M a n y o f  thes e tak e th e vie w tha t 
learnin g network s hav e t o 'discover '  whateve r  struc -
tur e i s  implici t  i n language ,  an d ar e reluctan t  t o pro -
vid e th e networ k wit h clue s t o thi s effect .  I n thi s ap -
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proach ,  interpretin g th e result s jui d representatio n ob -
taine d throug h successfu l  learnin g (a s wel l  a s thei r  the -
oretica l  implications )  become s a  majo r  problem .  Fre -
quentl y researcher s resor t  t o pos t  ho c analyse s hopin g 
t o find  familia r  structure s i n thei r  dat a usin g technique s 

simil M t o th e one s use d her e (Elma n 1988 ;  Pollac k 
1990) . 

Par t  o f  th e motivatio n underlyin g VSG s i s tha t  fa -
milisi r  structure s (e.g. ,  context-fre e rules )  ca n b e buil t 
int o connectionis t  representation s a s a  bias ,  allowin g a 
more straightforwar d interpretatio n o f  th e results .  I n 
th e example ,  traditiona l  categorie s emerge d a s a  dis -
cret e approximatio n t o th e cluste r  structure s develope d 
i n learning ,  thereb y guidin g thei r  interpretation .  (Th e 
cas e fo r  symboli c representation s a s approximation s 
t o sub-symboli c entitie s ha s bee n mad e b y Smolensk y 
(1987). ) 

Conclusions 

We hav e argue d fo r  generalization s o f  traditiona l  sym -
boli c representation s an d model s t o benefi t  fro m som e 
of  th e learnin g powe r  foun d i n connectionis t  system s 
withou t  completel y discardin g th e structura l  propertie s 
and intuition s embodie d i n traditiona l  theories .  A s a n 
example ,  w e hav e introduce d a  generalizatio n o f  phras e 
structur e grammars ,  Vecto r  Spac e Grammars ,  tha t  i s 
base d o n vector s instea d o f  symbol s t o represen t  gram -
matica l  categories .  A n algorith m usin g VSG s base d o n 
th e principle s o f  adaptatio n o f  categorie s an d compe -
titio n betwee n rule s ca n b e use d t o deriv e a  syntac -
ti c categor y syste m fro m exposur e t o phrase-brackete d 
sampl e sentences .  Th e result s o f  learnin g ca n b e in -
terprete d i n traditiona l  notion s b y interpretin g vecto r 
cluster s a s categor y symbols . 
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