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Abstrac t 

In learning the structure of a new domain, it ap-
peaz s necessar y t o simultameousl y discove r  a n ap -
propriat e se t  o f  categorie s an d a  se t  o f  rule s de -
fined  ove r  them .  W e sho w ho w thi s bootstrap -
pin g proble m m a y b e solve d i n th e cas e o f  leau'n -
in g syntacti c categories ,  withou t  makin g assump -
tion s abou t  th e natur e o f  linguisti c rules .  Eac h 
wor d i s describe d b y a  vecto r  o f  bigra m statistics , 
whic h describ e th e distributio n o f  loca l  context s 
i n whic h i t  occurs ;  cluste r  sinalysi s wit h respec t  t o 
an appropriat e similarit y metri c group s togethe r 
word s wit h simila r  distribution s o f  contexts .  Us -
in g larg e nois y untagge d corpor a o f  English ,  th e 
resultin g cluster s ar e i n goo d agreemen t  wit h a 
standar d linguisti c analysis .  A  simila r  metho d i s 
als o applie d t o classif y shor t  sequence s o f  word s 
int o phrasa l  syntau:ti c  categories .  Thi s statistica l 
approac h ca n b e straightforwardl y reahse d i n a 
neura l  network ,  whic h finds  syntacticall y interest -
in g categorie s fro m rea l  text ,  wherea s th e principa l 
alternativ e networ k approac h i s Umite d t o finding 
th e categorie s i n smal l  artificia l  grammars .  Th e 
genera l  strategy ,  usin g simpl e statistic s t o find 
interestin g categorie s withou t  assumption s abou t 
th e natur e o f  th e irrelevan t  rule s define d ove r  thos e 
categories ,  m a y b e applicabl e t o othe r  domains . 

The Bootstrapping Problem 

One reaso n wh y learnin g th e structur e o f  a  domai n 
withou t  an y prio r  knowledg e i s s o difficul t  i s  tha t  bot h 
an appropriat e se t  o f  categorie s t o describ e th e phe -
nomena an d th e rule s define d i n term s o f  thos e cate -
gorie s mus t  b e learne d fro m scratch .  Thu s th e learne r 
must  solv e a  "bootstrapping "  problem :  th e specificai -
tio n o f  a  se t  o f  rule s presuppose s a  se t  o f  categories , 
but  th e validit y o f  a  se t  o f  categorie s ca n onl y b e as -
sesse d i n th e ligh t  o f  th e utilit y o f  th e se t  o f  rule s tha t 
the y support .  Prim a facie ,  a t  least ,  thi s implie s tha t 
bot h rule s an d categorie s mus t  someho w b e derive d to -
gether .  However ,  th e spac e o f  possibl e o f  rule/categor y 
combination s i s s o larg e tha t  i t  seem s unlikel y tha t 

suc h a n approac h wil l  b e feasibl e fo r  learnin g th e struc -
tur e o f  an y bu t  th e simples t  domains . 

Althoug h th e focu s her e wil l  b e natura l  language ,  th e 
bootstrappin g proble m arise s i n th e contex t  o f  learn -
in g abou t  an y ne w domain .  Fo r  example ,  i n learn -
in g som e ne w subject ,  sa y elementar y physics ,  learner s 
must  someho w acquir e bot h th e relevan t  concept s an d 
th e correc t  rule s o f  inferenc e define d ove r  those .  Fo r 
example ,  learner s mus t  gras p th e concept s o f  momen-
tum ,  forc e 8ui d s o on ,  a s wel l  a s ho w thes e concept s 
m ay b e msmipulate d an d interrelate d usin g th e forma l 
rules .  T h e bootstrappin g proble m i s acut e sinc e thes e 
tw o project s ar e thoroughl y interdependen t  -  under -
standin g th e concept s presuppose s som e understandin g 
of  th e rule s i n whic h the y figure,  an d th e statemen t  o f 
th e rule s presuppose s th e concept s tha t  the y interre -
late .  I n th e terminolog y o f  th e philosoph y o f  science , 
th e developmen t  o f  scienc e require s bot h ne w natura l 
kind s an d ne w scientifi c  law s relatin g thos e kind s to -
gether .  Thu s th e bootstrappin g proble m i s a t  th e hear t 
of  th e proble m o f  theor y change ,  bot h i n scientifi c  en -
quir y an d i n individua l  cognitiv e development . 

Rathe r  tha n attemp t  t o tackl e th e bootstrappin g 
proble m i n it s ful l  generzdity ,  w e shal l  focu s o n th e tes t 
cas e o f  learnin g synta x a s a n illustratio n o f  a  particula r 
way i n whic h th e bootstrappin g proble m m a y b e over -
come.  I n synta x learnin g th e bootstrappin g proble m 
i s t o lear n th e se t  o f  syntacti c categorie s an d th e syn -
tacti c rule s define d ove r  them .  Mos t  wor k o n forma l 
model s o f  synta x acquisitio n doe s no t  encounte r  th e 
bootstrappin g problem ,  sinc e th e syntacti c categor y o f 
individua l  lexica l  item s ar e take n a s given ,  an d th e fo -
cu s I s o n derivin g th e se t  o f  rule s define d ove r  thes e 
item s (tha t  is ,  th e corpu s use d i n learnin g i s  tagged) . 
Eve n give n thi s restriction ,  o f  course ,  th e proble m o f 
rul e inductio n i s ver y difficult ,  an d ther e ar e a  nimibe r 
of  forma l  result s (Gol d 1967 ;  Pinke r  1984 ;  Osherson , 
Sto b k .  Weinstei n 1986 )  whic h sugges t  tha t  constraint s 
on possibl e hnguisti c rule s mus t  b e innatel y specified . 
We pursu e a  paralle l  approach ,  usin g a n untagge d cor -
pus ,  an d tacklin g th e bootstrappin g proble m directly . 
We giv e n o prio r  informatio n t o th e learner ,  an d at -
temp t  t o deriv e bot h th e stoc k o f  syntacti c categorie s 
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and th e syntacti c categor y o f  individua l  word s from 
scratch . 

The genera l  strateg y tha t  w e us e i s straightforward : 
we collec t  ver y simpl e statistic s from  o f  th e dat a set ,  i n 
th e hop e tha t  a  similarit y measur e define d i n term s o f 
thes e statistic s wil l  reflec t  usefu l  underlyin g categories . 
We the n deriv e a  se t  o f  categorie s o n th e basi s o f  thei r 
siniilarit y wit h respec t  t o thes e simpl e statistics .  De -
spit e th e simplicit y o f  thes e statistic s i n relatio n t o th e 
complexit y o f  th e rule s o f  synta x o f  natura l  language, 
redundanc y i n th e dat a mean s tha t  th e categorie s gen -
erate d ar e clos e t o th e categorie s give n b y standar d lin -
guisti c theory .  Thus ,  th e bootstrappin g proble m ca n 
be solve d b y inferrin g categorie s directl y fro m simply , 
readil y availabl e statistics ,  withou t  needin g t o mak e 
assumption s abou t  th e natur e o f  th e relevan t  rules . 

Once thes e categorie s hav e bee n found ,  w e ca n ta g 
th e previousl y untagge d corpus ,  markin g eac h wor d 
wit h it s syntacti c category ,  aui d t o attemp t  t o find  rule s 
define d ove r  thes e categories .  Thi s ca n jJlo w u s t o find 
a se t  o f  highe r  leve l  phrasa l  categorie s define d ove r  cat -
egorie s fo r  word s alread y derived .  Thu s a  hierarch y o f 
categorie s an d rule s ca n b e derive d b y iteratin g thi s 
process .  Thi s metho d als o promise s t o allo w th e re -
visio n o f  initia l  categorisatio n decisions ,  base d o n im -
poverishe d assumption s concernin g th e se t  o f  rules ,  i n 
th e ligh t  o f  th e rule s derive d (w e shal l  discus s thi s be -
low) .  Below ,  w e outlin e ho w thi s approac h ha s bee n 
applie d t o learnin g aspect s o f  th e structur e o f  natura l 
language . 

An Algorithm for Bootstrapping 

S y n t a c t i c C a t e g o r i e s 

In order to illustrate the above suggestions concerning 
how empirica l  measure s o f  similarit y ca n b e exploite d 
t o solv e th e bootstrappin g problem ,  w e no w deriv e a 
linguisti c taxonom y whic h i s remarkabl y clos e t o th e 
orthodo x vie w o f  th e variou s specie s o f  syntacti c cate -
gory .  I n orde r  t o achiev e this ,  a  measur e o f  similarit y 
betwee n word s an d phrase s inspire d b y th e "replace -
ment  test "  o f  theoretica l  linguistic s wa s used . 

Empirical Similarity and Numerical 

T a x o n o m y 

In traditional linguistics, words and phrases are cat-
egorise d int o severa l  standard  linguisti c categories : 
nouns ,  verbs ,  nou n phrases ,  an d s o on .  O n e justifi -
catio n fo r  thi s taoconom y i s afforde d b y a  numbe r  o f 
"distributiona l  tests" ,  whic h assum e tha t  word s an d 
phrase s whic h ar e distribute d similarl y shoul d receiv e 
simila r  linguisti c categories .  Probabl y th e bes t  know n 
testi s th e "replacemen t  test"(e.g .  Radfor d 1988) : 

Does a word or phrase have the saime distribution 
(i.e .  ca n i t  b e replace d by )  a  wor d o r  phras e o f  a 
known type ? I f  so ,  the n i t  i s  a  wor d o r  phras e o f 
tha t  type . 

I n traditiona l  linguistics ,  "distributioD "  i s grounde d 
i n Unguisti c intuiti<x u a s t o whethe r  a  purporte d sen -
tenc e i a syntacticall y 'well-formed' .  I d th e presen t  con -
tex t  suc h intuition s cannot ,  o f  course ,  b e presupposed , 
but  th e replacemen t  tes t  ca n b e m a d e empiricall y  rel -
evan t  b y operationalisin g i t  a s follows : 

Statistica l  Replacemen t  Tes t 

Has th e wor d o r  phras e bee n observe d t o occu r  i n 
a corpu s i n similzi r  context s t o 2uiothe r  wor d o r 
phrase ? I f  so ,  the n thes e shoul d b e give n simila r 
linguisti c categories . 

I t  remain s t o giv e forma l  account s o f  wha t  consti -
tute s th e "context "  i n whic h a  wor d o r  phras e appears , 
and t o defin e som e measur e o f  "similarity "  betwee n tw o 
suc h contexts . 

T o avoi d unnecessar y presupposition s abou t  th e 
structur e o f  language ,  w e assum e a n extremel y sim -
pl e definitio n o f  th e contex t  o f  a  wor d -  th e contex t 
i s  simpl y th e precedin g tw o an d followin g tw o words . 
T o kee p th e computation s tractable ,  attentio n wa s re -
stricte d t o contex t  word s whic h wer e a m o n g th e 15 0 
most  c o m m o n word s observe d i n th e corpus .  T h e con -
tex t  w e use d ca n therefor e b e though t  o f  a s fou r  vec -
tor s o f  15 0 dimensions ,  eac h dimensio n correspondin g 
t o on e o f  th e 15 0 mos t  c o m m o n words .  T h e vaJu e o f  th e 
vecto r  i s the n give n b y th e numbe r  o f  time s th e foca l 
wor d appeare d i n th e relevan t  relatio n (i.e. ,  preceding , 
following ,  las t  bu t  one ,  nex t  bu t  one) . 

Ther e wer e severa l  candidate s fo r  thi s whic h wer e 
quit e goo d a t  uncoverin g structur e automatically .  I n 
th e spiri t  o f  th e statistica l  replacemen t  tes t  describe d 
above ,  w e propos e tha t  an y reasonabl e measur e o f  simi -
Icirit y  define d t o elucidat e linguisti c distributiona d simi -
larit y shoul d b e insensitiv e t o th e absolut e frequency  o f 
ocurranc e o f  an y particula r  word ,  bu t  shoul d b e depen -
den t  o n th e positio n i t  i s  observed  t o occu r  a t  relativ e 
t o othe r  words .  Tha t  is ,  i t  shoul d satisf y th e followin g 
criterion : 

R e p l a c e m e n t  Criterio n I f  ever y occurrenc e o f  a 
word ,  w ,  i s replace d throughou t  th e whol e corpu s 
independentl y an d a t  rando m b y v /  wit h probabil -
it y  p ,  an d w "  wit h probabilit y  1  — p ,  an d neithe r  w ' 
nor  w "  previousl y occurred  i n th e corpus ,  the n w ' 
an d w "  shoul d hav e simila r  contextua l  distribution s 
accordin g t o th e chose n similarit y metric . 

A metri c whic h give s hierarchica l  structur e i n etccor d 
wit h linguisti c orthodox y wa s foun d t o b e th e Spear -
m an Ran k Correlatio n Coefficien t  betwee n th e vector s 
of  frequencie s o f  contex t  words .  Sinc e Ran k Corre -
latio n betwee n tw o vector s o f  rank s i s i n th e rang e 
[—1,1] ,  w e use d a n appropriat e rescalin g o f  value s int o 
th e rang e [0,1] . 

Sinc e Soka l  &  Sneat h (1963 )  first  introduce d tech -
nique s o f  numerica l  taxonom y t o th e biologica l  com -
munity ,  hierarchicz d cluste r  analysi s ha s foun d a  wid e 
rang e o f  appUcations ,  especiall y i n th e biologica l  an d 
socia l  sciences .  W e us e ou r  distributiona l  similarit y 
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metri c a s th e basi s fo r  a  hierarchica l  cluste r  analysi s o f 
words ,  whic h place s w o r d s wit h simila r  distribution s 
nearb y i n th e hierarchy .  N o d e s i n th e resultin g tax -
o n o n ^  correspon d closel y t o traditiona l  syntacti c cat -
egories . 

T h e goal ,  i n th e first  instance ,  i s  t o induc e a  stan -
dar d syntacti c categorisation .  T h e n w e analys e shor t 
phrase s i n a  simila r  w a y t o deduc e similaritie s betwee n 
phrase s o f  variou s length ,  a n d thereb y induc e fact s 
abou t  th e g rammiu '  describin g them . 

Computational Experiments 

We have conducted a number of studies deriving syn-
tacti c categorie s fro m artificia l  dat a generate d b y a 
phras e structur e granmiar ,  an d classifyin g letter s an d 
phonemes int o linguisticall y interestin g classe s usin g 
corpor a o f  rea l  tex t  (Finc h k  Chate r  1991) .  Her e w e 
concentrat e o n th e proble m o f  finding  syntacti c cate -
gorie s i n rea l  corpora . 

Syntactic categories in natural language 

A 40,000,000 word corpus of USENET newsgroup data 
was strippe d o f  headers ,  footer s an d th e like .  Eve n be -
for e cluste r  analysis ,  a  lis t  o f  th e te n neares t  neighbour s 
of  sampl e word s show s tha t  th e Ran k Correlatio n met -
ri c reveal s a t  leas t  som e linguisti c structure . 

ree: three, four, five, six, several, real, black, old, high, 
local ,  white . 

I: I, we, they, he, she, you, I've, doesn't, don't, I'm, 
didn't . 

ith: south, east, west, north, war, public, government, 
tv ,  system ,  dead ,  school . 

Clustering results 

The tree structure for the entire set of words analysed, 
th e 100 0 mos t  c o m m o n word s i n th e corpus ,  i s muc h 
to o larg e t o displa y i n a  singl e diagram .  Therefore , 
an overvie w o f  th e structur e o f  th e tre e i s given ,  wit h 
label s a  nod e correspondin g t o th e predominan t  syn -
t2w:ti c categor y o f  th e item s dominate d b y tha t  node .  A 
smal l  numbe r  o f  item s hav e n o wel l  define d syntacti c 
categor y (fo r  example ,  singl e letter s o f  th e alphabe t 
an d word s connecte d wit h newsgrou p administratio n 
suc h a s "edu "  an d "com" )  an d thes e wer e rejecte d fro m 
th e analysis .  O f  th e remainder ,  les s tha n 5 % ar e mis -
classifie d wit h respec t  t o th e labe l  tha t  w e hav e give n 
t o thei r  dominatin g node .  Figur e 1  therefor e show s 
tha t  th e gros s taxonom y o f  th e lexica l  item s i s ver y 
clos e t o a  standar d taxonom y o f  syntacti c categories . 

r ^ 

J^etennine n 
-Pronoun* :  Objec t 
-Prope r  Nouna :  Names 
-Prope r  Nouna :  Countrie a 
-Quantifie r -Adjective s 
.Number s 
-Prope r  Nouns :  Place s 
-Ambiguous Noun/Verb 

^ 

r C 

H5 

-NoiU M 
-Adjective s 
-Noun s 
-Preposition s 
-Conjunction s 
- WH word * 
-Adverb :  Tempora l 
-Pronoims :  Subjec t 
-Verbs . 
-Auxilliarie s 
-Adverb s 
-Verbs :  -e n for m 
.Verbs :  -in g for m 
-Adjective s 

iject i 
-Adverb * 
: ^ e ' ^ ' 

F igur e 1 

Figur e 2(a )  show s som e o f  th e low-leve l  structur e 
apparen t  withi n th e whol e dendrogr2mi .  Th e lef t 
han d dendrogreu n correspond s t o par t  o f  th e "ad -
verbs "  categor y o f  Figur e 1 .  Not e tha t  som e se -
manti c regularitie s ar e apparen t  (really/actually ,  fi-
nally/eventually ,  thus/therefore ,  an d s o on) .  Th e 
othe r  tw o dendrogram s sho w respectivel y tha t  low -
leve l  semanti c feature s ar e reveale d (bein g a  compute r 
term )  an d th e dendrogra m o f  subject-positio n pro -
noun s show s a  (relatively )  orthodo x syntacti c analysi s 
of  pronoun/auxiliar y contractions . 
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-wios e 
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Figur e 2 a 
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Figur e 2(b )  show s lo w leve l  structur e fo r  s o m e ad -
jectives ,  objec t  positio n pronouns ,  countries ,  an d n u m -
bers .  Agai n i t  i s  clea r  tha t  ther e i s considerabl e accor d 
betwee n empirica l  an d syntactic/semanti c similarity . 

goo d 

^ 

-grea t 
.nic e 
-ba d 
-har d 
.stron g 
-differen t 
-simila r 
-littl e 
.ne w 
-loca l 
-rea l 
-bi g 
-smal l 
-larg e 
-majo r 
-speciz J 
-specifi c 
-norma l 
-regiila r 
-hig h 
-lo w 
.ful l 
.shor t 
.hug e 
-ho t 
.heav y 
-mino r 

uic k 
lea p 

.commo n 

.simpl e 
-natiire J 
.lega l 
.practica l 
.logicj J 
.mora l 

-C 

m 

.I t 

.thi s 

.them 

.us 

.  mysel f 

.  y  oursel ' 

.  Ihemsel i 

.itsel f 

.himsel f -go d 
.Jesu s 
.sadda m 
-bus h 
Jsrzie l -Ira q 
-indi a 
.^unenc a 
-chin a 
.japa n -kuwai t 
_euroi> e 
-Canad a 

-q u 
.c b 

-taiwa n 
.tw o 
.thre e 
-fou r 
.fiv e 
.si x 
.te n 
.seve n 
.hal f 

Figur e 2 b 

Sequences and Similarity 

Afte r  a  hierarchica l  classificatio n o f  lexica l  item s ha s 
been derived ,  w e ca n us e thi s t o classif y sequence s 
of  categorie s hierMchically ,  an d th e derive d similar -
it y metri c wil l  agai n tur n ou t  t o revea l  interestin g lin -
guisti c structure .  Thi s sectio n detail s th e experimenta l 
technique s an d result s o f  thi s analysis . 

Classificatio n Th e lexica l  hierarch y derive d abov e 
was use d t o classif y eac h lexica l  ite m b y cuttin g th e 
dendrogra m a t  a  particula r  leve l  o f  dissimilarity ,  an d 
thereb y obtai n severa l  disjoin t  classe s o f  words .  In -
dividua l  word s wer e replace d wit h a  cod e whic h cor -
responde d t o th e clas s t o whic h the y belong ,  an d th e 
corpu s wa s "parsed "  accordingly .  Fo r  instance ,  th e 
two wor d sequence s "th e women" ,  "th e file"  an d "mos t 
data "  wer e replace d b y th e sequenc e o f  label s "C3 0 
CI6" .  Th e principl e advantag e o f  thi s i s on e o f  sam -
pl e size .  I f  60 0 word s wer e i n C16 ,  an d 2 0 i n C30 , 
fo r  example ,  the n th e bigra m "C3 0 €16 "  comprises ,  i n 
principle ,  12,00 0 word-leve l  bigrams .  Thi s mean s tha t 
reliabl e statistic s ca n b e gathere d o n th e "C3 0 C16 " 
bigra m wit h a  muc h smalle r  corpu s tha n neede d fo r 
word-leve l  bigrams .  Th e situatio n i s clearl y exponen -
tiall y  wors e fo r  trigrams .  Fo r  instance ,  th e "C3 0 CI 6 
C16"  (Determine r  Nou n Noun )  trigra m correspond s t o 
a possibl e 7,200,00 0 word-leve l  trigrams .  Th e siz e o f 

th e corpu s i s a  majo r  limitatio n t o ho w fa r  thi s un -
supervise d statistica l  approac h ca n uncove r  th e struc -
tur e o f  language ,  an d classificatio n ca n b e see n a s a 
means o f  elucidatin g generzdisation s from  (relatively ) 
smal l  corpora . 

Results Rather than present dendrograms as we did 
fo r  individua l  words ,  i n orde r  t o sho w tha t  interestin g 
linguisti c structur e ha s bee n capture d w e instea d sho w 
some o f  th e "tightest "  clusters .  Tha t  is ,  th e dendro -
gra m i s "cut "  a t  a  particula r  leve l  o f  dissimilarity ,  an d 
some o f  th e resultin g cluster s ar e give n a s a n illustra -
tion . 

N o un Phras e De t  Noun ,  De t  Adjectiv e Noun , 
Det  Nou n Noun ,  De t  Verb/Noun ,  De t  Adjectiv e 
Verb/Noun ,  De t  Inf ,  De t  Verb/Nou n Noun ,  De t 
Noun Verb/Noun ,  De t  In f  Noun ,  De t  in g Noun ,  De t 
PastPp l  Noun ,  De t  De t  Noun ,  De t  Adjectiv e Noun , 
Det  Adjectiv e Inf ,  De t  Adjectiv e Verb/Noun ,  De t 
ing ,  De t  Nou n Adjective ,  De t  Plac e Noun ,  De t  Ad -
jectiv e QuantProN P 

Not e tha t  th e ambiguou s categor y "Verb/Noun" , 
whic h contadn s word s judge d t o occu r  roughl y equall y 
frequentl y a s non-finit e verb s an d nouns ,  behave s ver y 
much lik e "Noun "  whe n precede d b y a  deternoiner . 
Even word s whic h ar e typicall y non-finit e verb s ar e 
judge d simila r  t o noun s whe n precede d b y a  deter -
miner . 

Ver b Phras e In f  ProObj ,  In f  ProOb j  Noun ,  In f 
Det  Noun ,  In f  De t  Verb/Noun ,  In f  De t  Inf , 
Verb/Nou n De t  Noun ,  Verb/Nou n ProObj ,  In f 
ProOb j  Prep/Adv ,  In f  QuantNP ,  In f  QuantProNP , 
In f  ProOb j  Adjective ,  In f  Countries ,  In f  Noun , 
In f  Adjectiv e Noun ,  In f  Nou n Noun ,  In f  PastPpl , 
PastPp l  PastPpl ,  PastPp l  Adjectiv e 

Not e tha t  whe n followe d b y a n objec t  positio n pro -
noun ,  o r  a  nou n phrase ,  th e ambiguou s categor y 
"Verb/Noun "  no w behave s a s (appear s i n th e sam e 
context s  as )  non-finit e verbs . 

Prepositiona l  Phras e Pre p Noun ,  Pre p De t  Noun , 
Pre p Adjectiv e Noun ,  Pre p De t  Verb/Noun ,  Pre p 
Inf ,  Pre p De t  Inf ,  Pre p Adjectiv e Noun ,  Pre p 
Verb/Noun ,  Pre p Adjective ,  Pre p QuantProNP , 
Pre p ProOb j  Noun ,  Pre p Con j&W H Noun ,  Pre p 
Noun Noun ,  Pre p QuantProN P Nou n 

Comple x Noun s Nou n 
Noun,  Noun ,  Nou n Verb/Noun ,  Nou n Prepositio n 
Noun,  Nou n C o n j & W H Nou n 

Nouns ar e similarl y distribute d t o compoun d nouns . 

Auxiliarie s Auxili«ir y Adverb ,  Auxiliar y Adver b Ad -
verb ,  Adver b Auxiliary ,  Auxiliary ,  Auxiliar y Tem -
pAdvb ,  Auxiliar y AdjMod ,  Auxiliw y Adjectiv e 

As ca n b e seen ,  auxiliarie s ca n appesi r  clos e t o ad -
verb s o f  variou s sorts ,  an d th e resultin g phras e i s sim -
ilarl y distribute d t o auxiliarie s alone . 

823 



Relatio n t o Neura l  Ne twor k 

Approache s 

Outside the statistical tradition, there has been much 
interes t  i n usin g neura l  network s t o extrac t  linguisti c 

categorie s f ro m ra w data .  I n particular ,  E l m a n (1990 , 
1991 ;  se e als o Chate r  1989 ;  Cleeremans ,  Servans -
Schriebe r  k  McClel lan d 1989 )  ha s s h o w n h o w a  re -
curren t  neura J network ,  traine d t o predic t  th e nex t  el -
e m e nt  i n a  sequenc e o f  input s generate d b y a  simpl e 
g r a m m a r ,  ca n develo p pattern s o f  hidde n unit s which , 
w h e n appropriatel y average d an d cluste r  analyse d re -
vea l  underlyin g syntacti c categories . 

E lman' s approac h hfi s a  n u m b e r  o f  limitations . 
Firstly ,  i t  doe s no t  readil y generalis e t o handl e m o r e 
realisti c g r a m m a r s ,  wit h m a n y grammatica l  rule s an d 
a larg e lexicon .  Thi s i s  becaus e th e predictio n task s 
rapidl y b e c o m e s extremel y difficult ,  an d learnin g i s ex -
tremel y inefficien t  an d slow ,  i f  i t  occur s a t  all .  Sec -
ondly ,  th e linguisti c categorie s w e onl y implici t  withi n 
th e network ,  an d ca n onl y b e reveale d usin g cluste r 
analysis .  Howeve r ,  cluste r  analysi s o n simpl e b igra m 
statistic s o f  th e trainin g corpu s provid e equall y goo d 
cluster s (Chate r  &  C o n k e y i n submission) ,  s o i t  i s no t 
clea r  h o w m u c h statistica l  wo r k th e networ k i s  doin g 
i n uncoverin g th e underlyin g linguisti c categories . 

T h e statistica l  analysi s presente d abov e suggest s a n 
alternativ e neura l  networ k approach ,  i n whic h a  net -
wor k learn s throug h simpl e Hebbia n learnin g t o repre -
sen t  word s b y thei r  distributiona l  context .  Sinc e sim -
ila r  word s ar e assigne d simila r  patterns ,  th e networ k 
ca n fin d th e relevan t  syntacti c categorie s b y perform -
in g a  cluste r  analysi s o f  th e patterns .  A n attractiv e 
parad ig m fo r  unsupervise d clusterin g i s du e t o K o h o -
ne n (1982) .  Th i s implement s a  varian t  o f  k-mean s clus -
tering ,  wher e th e k  outpu t  unit s (o r  m o r e exactl y thei r 
weigh t  vectors )  correspon d t o th e k-mean s whic h c o m -
pet e t o accoun t  fo r  portion s o f  th e data ,  t o whic h the y 
ar e m o s t  similar . 

Cluste r  position s lear n 
by a Kohonen-style 
updat e 
rule . 

k-clu8ter » 

Next  wor d Next  wor d Previou s wor d 

representa t 
of  •'the ' 

Previou s wor d 
but  on e 

^ 

We use d a  similar ,  scale d d o w n ,  versio n i n th e lette r 
an d p h o n e m e leve l  simulation s reporte d below .  T h e 
lowe r  se t  o f  unit s us e a  locaUs t  representatio n o f  th e 
curren t  w o r d (ther e ar e 200 0 units ,  eac h correspond -
in g t o a  differen t  wor d unde r  study) .  T h e middl e se t  o f 

unit s ar e divide d int o 4  banks ,  on e ban k correspondin g 
t o eac h o f  th e fou r  contextua l  bigra m relation s consid -
ered :  las t  wo r d bu t  one ,  previou s word ,  nex t  word , 
nex t  wor d bu t  one .  On l y th e moa t  conmio n 15 0 word s 
wer e considered ,  an d appearance s o f  al l  othe r  word s 
i n thes e contextua l  relation s wer e ignored .  T h e firs t 
laye r  o f  th e ne t  w a s traine d wit h th e 40,000,00 0 wor d 
newsgrou p corpu s simpl e Hebbia n learning ,  wit h nor -
malisation .  Afte r  training ,  w h e n a  "curren t  word "  i s 
presented ,  th e middl e laye r  represent s th e distributio n 
of  context s i n whic h tha t  wo r d occurs .  T h e patter n 
representin g eac h o f  th e 200 0 word s ar e the n clustere d 
int o 10 0 group s usin g a  K o h o n e n network . 

Network Simulations 

First ,  a  smal l  networ k wa s give n th e tas k o f  clusterin g 
togethe r  letters ,  whic h wer e represente d b y th e distri -
butio n o f  thei r  surroundin g contex t  a s describe d abov e 
fo r  words .  W h e n th e networ k consiste d o f  tw o clus -
te r  nodes ,  i t  precisel y divide d vowel s fro m consonants . 
Th e cluster s resultin g fro m a  smal l  (12,00 0 phoneme ) 
corpu s o f  phonemicall y transcribe d speec h (Svartvi k & 
Quir k 1980) ,  aJs o approximatel y divide d vowel s fro m 
consonant s a s show n below. ^ 

"the " 
Curren t  wor d (200 0 units ) 

Vowels :  @ @ @ u u u h u  o o o  n g n d i i  i  e  a a a 

Consonants :  z h z  y  @r  w  v  t h t  s h s  r  p  n m  1  k  j h 
hi  h  g  d h d  c h b 

In the word-level experiments. Some of the clusters 
obtaine d ar e show n below .  I n genera l  word s i n th e 
same cluste r  ten d t o hav e th e sam e syntacti c category , 
althoug h ther e i s  sometime s mor e tha n on e cluste r 
whic h correspond s t o th e sam e syntacti c category .  Als o 
some cluster s appea r  t o correspon d t o n o linguisti c  cat -
egory .  S o m e o f  th e cluster s ar e show n below .  Notic e 
tha t  on e o f  cluster s correspond s no t  t o a  singl e linguis -
ti c category ,  bu t  consist s o f  word s whic h ar e ambiguou s 
betwee n tw o linguisti c categories ,  noun s an d verbs .  I n 
many o f  th e categorie s ther e ar e on e o r  tw o apparentl y 
spuriou s items ,  an d som e o f  th e smalle r  categories ,  no t 
shown ,  d o no t  appea r  hav e an y coheren t  linguisti c ba -
sis .  Althoug h th e categorie s ar e generall y i n accor d 
wit h a n orthodo x syntacti c classification ,  mor e linguis -
ticall y perspicuou s categorie s ca n b e foun d b y cuttin g 
th e dendrogra m produce d i n a  ful l  hierarchica l  cluste r 
analysi s a t  a  particula r  dissimilarit y  level ,  t o giv e dis -
join t  cluster s (a s show n i n Figur e 1) .  Henc e i t  ma y b e 
possibl e t o improv e networ k performanc e further . 

Figur e 3 

Th e networ k show n i n Figur e 3  correspond s t o tha t 
use d i n ou r  simulation s wit h larg e corpor a o f  rea l  text . 

your  thos e Ihi i  thes e thei r  th e ou r  one' s mj r  it s  hi s ever y etc h Aaothe r 
an s 

^ We us e th e Machine-Readabl e Phoneti c Alphabet . 
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why w h o m whethe r  wher e wh^ t  thoug h th& i  ho w becau« e 
tw o thre e te n si x tevera J hftl f  fou r  fiv e fe w f&irl j  ver y 
you'v e you'r e who' s wh&l' a we'r e wMo' t  they'v e they'r e there' s that' s 

luddcnl y she' s knowin g it' s  i' m he' s haven' t  come s bein g 
Washingto n v  stev e rober t  presiden t  pete r  mik e michu l  mftl h m Joh n 

jesusj&pA n ir& q indi *  georg e engineerin g dAvi d dAv e bel l 
yoursel f  whateve r  u s thenuelve s the m somethin g someon e somebod y 

>*dd4 m mysel f  m e kuw&i t  himsel f  hi m he r  fort h everyon e Anythin g 
withou t  withi n wit h whe n vi » unles s unde r  tow&r d o n nea r  i n i f  fro m 

fo r  durin g b y beyon d betwee n befor e « t  & s a m o n g &g»ins t  Acros s Abou t 
writin g willin g watchin g usin g turnin g tryin g throw n takin g supportin g 

showin g sendin g sellin g seein g runnin g puttin g printin g pUyin g payin g 
passin g makin g lookin g keepin g givin g gettin g flying  finished  finding  doin g 
considerin g comin g changin g callin g buyin g behin d actin g 

wante d use d trie d treate d taugh t  take n suggeste d stoppe d state d 
dtarte d sol d show n see n sa w save d responsibl e reporte d remove d release d 
receive d publishe d provide d produce d presente d poste d playe d place d pai d 
oppose d notice d neede d move d me t  looke d le d intende d include d hear d 
foun d experience d don e discusse d die d designe d caugh t  carrie d assume d 
idsociate d aske d applie d allowe d adde d accepte d 

windo w warnin g wal l  voic e uni t  trai n trac k tap e tabl e stoc k statemen t 
dtac k signa l  scree n sampl e rol e rin g result s ra m purpos e progra m proces s 
performanc e objec t  month s m e n u marke t  m a p lis t  lin k lette r  imag e i i  fram e 
forma t  for m foo t  flo w filte r  fil m file  fait h entr y effec t  do g distributio n disk s 
cours e content s chi p bo x boo k articl e anima l  addres s additio n accoun t 

wal k wai t  us e tr y stic k sig n shar e sen d sav e ri d respon d refe r  recogniz e 
reac h protec t  pic k pas s offe r  occu r  mis s kee p judg e includ e ignor e hur t 
handl e follo w focu s fix  fill  exis t  dro p defin e coun t  conver t  continu e compil e 
cftus e brin g bothe r  belon g bea t  answe r 

word s wome n view s version s type s tool s tape s storie s state s site s re -
sponse s question s program s product s posting s parent s paper s opinion s 
number s name s movie s law s idea s function s friend s font s fan s experience s 
example s element s effect s documentatio n discussion s computer s childre n 
case s Canad a application s advic e 

updat e transfe r  trad e tes t  spli t  spel l  rid e retur n repor t  repl y releas e 
registe r  recor d presen t  pos t  pla n mov e lo g lea d forc e fly  figure  fee d fac e 
escap e en d emai l  di e dea l  cop y charg e cal l  brea k benefi t  attac k 

wonder  wis h wi n trus t  tel l  se e sa y respec t  remembe r  realiz e prov e notic e 
mentio n kno w impl y imagin e hop e hea r  gues s forge t  fee l  explai n expec t 
excep t  doub t  determin e den y decid e clai m car e blam e believ e assum e as k 
irgu e agre e 
valid tough stupid somewhat slow simple silly separate related practical 
possible nice negative neat logical less intelligent important hot greater 
good faster expensive excellent easy correct closer blind better appropriate 

Discussio n 

We hav e show n ho w i t  i s possibl e deriv e goo d approx -
imation s t o th e syntacti c categorie s fo r  English ,  with -
out  havin g a  goo d accoun t  o f  th e rule s o f  syntax ,  b y 
collectin g statistics ,  derivin g a  similarit y metric ,  an d 
applyin g hierarchica l  cluste r  analysis .  Furthe r  i t  wa s 
possibl e t o us e th e lexica l  leve l  categorie s derive d t o 
find  phrasa l  categorie s define d ove r  these .  Th e mecha -
nism s fo r  finding  lexica l  categorie s ca n b e implemente d 
as a  neura l  network ,  whic h learn s t o classif y word s int o 
syntacticall y interestin g classes . 

One featur e o f  th e presen t  versio n o f  thi s iterativ e 
procedur e whic h i s no t  attractiv e i s tha t  ther e i s n o 
mechanis m fo r  correctin g inaccuracie s i n earl y cate -
gories ,  base d o n a n oversimpl e mode l  o f  th e rule s o f 
th e domain ,  eve n whe n a  mor e elaborat e mode l  o f  thes e 
rule s ha s bee n derived .  Fo r  example ,  th e initia l  bigra m 
model  doe s no t  allo w fo r  th e possibiUt y tha t  ther e ar e 
some surfac e form s (fo r  example ,  FIRE )  whic h corre -
spond t o mor e tha n on e underlyin g lexica l  represen -
tation ,  wit h a  differen t  lexica l  categor y (i n thi s case , 
N O UN an d VERB) .  Thi s difficult y ca n b e overcom e b y 
usin g th e observe d contex t  o f  ocurranc e o f  th e ambigu -
ous wor d t o disambiguat e it .  Thi s ca n b e achieved ,  a s 
we note d above ,  b y usin g th e analysi s o f  th e similarit y 
betwee n phrases . 

We hop e tha t  th e genera l  approac h t o th e bootstrap -
pin g proble m tha t  w e hav e outline d ca n b e applie d t o 
othe r  domains ,  a s wel l  a s learnin g linguisti c categories , 
and othe r  problem s involvin g th e analysi s  o f  sequentia l 
structure .  Fo r  example ,  i n learnin g th e structur e o f  a 
visua l  domain ,  simpl e statistic s concernin g neighbour -
in g value s i n th e imag e (eithe r  gre y scal e values ,  o r 
value s whic h ar e th e outpu t  o f  som e pre-processing ) 
can b e use d a s basi s  fo r  constructin g statistica l  model s 
of  visuall y interestin g categories .  Ther e will ,  o f  course , 
be n o eas y genera l  solutio n t o th e bootstrappin g prob -
le m -  afte r  all ,  thi s woul d b e tantemoun t  t o a  genera l 
theor y  o f  th e processe s o f  cognitiv e developmen t  o r  sci -
entifi c  enquiry .  However ,  w e hop e tha t  w e hav e show n 
tha t  i n specifi c  contexts ,  i t  i s possibl e t o bootstra p suc -
cessfull y usin g statistica l  methods . 
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