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Abstrac t 

Thi s pape r  propose s tha t  th e se t  o f  frequencie s tha t  th e 
human anguag e processo r  keep s trac k o f  ar e thos e tha t 
ar e usefu l  t o i t  i n learning .  I n a  computationa l  exper -
imenta l  setting ,  w e investigat e fou r  hnguisticall y moti -
vate d featiu-e s whic h distinguis h subclasse s o f  intransi -
tiv e verbs ,  cin d sugges t  tha t  thos e feature s tha t  ar e th e 
most  usefu l  t o automaticall y classif y verb s int o lexica l 
semanti c classe s ar e relate d t o mechanism s use d i n adul t 
processin g t o resolv e structura l  ambigiiity . 

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

Model s o f  huma n languag e comprehensio n hav e tradition -

all y focuse d o n discret e linguisti c properties—structura l 

or  interpretiv e factors—a s th e guidin g influenc e i n deter -

minin g th e preferre d interpretatio n o f  a n ambiguit y (e.g. , 

[8 ,  18]) .  Theorie s o f  h u m a n sentenc e processin g tha t  ar e 

founde d o n suc h linguisti c distinction s hav e generall y as -

sumed tha t  thei r  us e i s a n inheren t  (an d universal )  prop -

ert y o f  th e languag e processor .  Eve n i f  certai n distinc -

tion s mus t  b e learne d (suc h a s thos e tha t  involv e para -
metri c variatio n amon g languages) ,  th e learnin g proces s 

itsel f  ha s bee n irrelevan t  t o th e late r  us e o f  thos e feature s 

i n resolvin g ambiguity . 

Recently ,  th e experience-base d paradig m ha s shifte d 
th e emphasi s t o th e rol e o f  frequencies—continuously -

value d informatio n tha t  weight s th e contributio n o f  indi -

vidua l  linguisti c an d contextua l  feature s withi n th e ambi -
guit y resolutio n proces s [9 ,  15 ,  17 ,  25] .  Clearly ,  frequen -

cie s ar e acquire d throug h on-goin g exposur e t o linguis -

ti c  input ,  an d s o thes e approache s promis e t o integrat e 

learnin g an d processin g mor e closely .  Whil e som e wor k 

has show n tha t  propertie s o f  a  learnin g mechanis m m a y 

underli e difficult y i n processin g (e.g. ,  i n th e cas e o f  em -

bedde d structures ,  a s i n [4]) ,  t o ou r  knowledg e non e ha s 

explore d th e connectio n betwee n propertie s o f  th e learn -

in g proces s an d th e feature s tha t  pla y a  rol e i n guidin g 

ambiguit y resolution . 

Her e w e exten d th e experience-base d poin t  o f  vie w b y 

proposin g tha t  th e frequenc y distribution s tha t  pla y a 

guidin g rol e i n ambiguit y resolutio n ar e thos e tha t  con -
tribut e t o languag e acquisition .  W e assum e tha t  th e lan -
guag e learne r  mus t  lear n certai n fundamenta l  linguisti c 

distinctions .  (No t  al l  ca n b e innate ,  sinc e a t  leas t  som e 

ar e lexicall y specific. )  W e furthe r  assum e tha t  distribu -

tiona l  dat a (th e frequencie s o f  alternativ e feature s and/o r 

constructions )  pla y a  rol e i n th e learnin g process .  W e 

vie w th e adul t  languag e processo r  a s a  matur e versio n o f 

th e chil d languag e processor ,  wit h acces s t o th e typ e o f 

knowledg e tha t  guide s acquisitio n o f  language ,  includin g 

th e distributiona l  information .  Sinc e differen t  resolution s 

of  a n ambiguit y m a y b e distinguishe d b y fundamenta l  lin -

guisti c factor s tha t  mus t  b e learned ,  w e expec t  tha t  th e 

frequenc y distribution s o f  thos e factor s wil l  contribut e t o 

th e proces s o f  selectin g th e preferre d interpretation . 

Our  genera l  hypothesi s the n i s tha t  th e distributiona l 

knowledg e use d b y th e languag e processo r  i n guidin g in -

terpretatio n i s restricte d t o specifi c  feature s tha t  ar e re -

quire d t o lear n necessar y linguisti c distinctions .  Alterna -

tivel y stated ,  th e frequencie s use d i n languag e compre -

hensio n ar e a  subse t  (no t  necessaril y a  prope r  subset )  o f 
th e frequencie s use d i n languag e acquisition . 

Verb Classes and Ambiguity Resolution 

We investigat e ou r  genera l  hypothesi s b y explorin g th e 

specifi c  instanc e o f  th e relatio n betwee n th e learnin g o f 

lexica l  semanti c ver b classification s fro m distributiona l 
data ,  an d th e us e o f  thos e frequenc y distribution s i n am -

biguit y resolution .  W e focu s o n th e mai n verb/reduce d 

relativ e ( M V / R R )  ambiguit y  [1] : 

(1 )  Th e hors e race d pas t  th e bar n fell . 
(2 )  Th e bo y w a s h e d i n th e tu b wa s angry . 

I n (1 )  an d (2) ,  th e boldface d ver b ca n b e interprete d a s ei -

the r  a  pas t  tens e mai n verb ,  o r  a s a  pas t  participl e withi n 

a reduce d relativ e claus e (e.g. ,  th e hors e [tha t  was ]  race d 

pas t  th e barn) .  I n eac h case ,  th e reduce d relativ e inter -

pretatio n i s require d fo r  a  coheren t  analysi s o f  th e com -
plet e sentence .  Th e mai n ver b interpretatio n o f  race d i s 

so strongl y preferre d tha t  peopl e hav e grea t  difficult y un -

derstandin g sentenc e (1) .  However ,  th e eas e o f  sentenc e 

(2 )  show s tha t  th e reduce d relativ e interpretatio n i s no t 

difficul t  fo r  al l  verbs . 

Th e difference s i n eas e o f  interpretin g th e resolution s 

of  thi s ambiguit y hav e bee n show n t o b e sensitiv e bot h 

t o frequenc y differential s [16 ,  26 ]  an d t o ver b clas s dis -

tinction s [24 ,  7] .  Withi n th e contex t  o f  ou r  genera l  hy -

pothesi s above ,  w e relat e thes e tw o factor s b y proposin g 
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tha t  th e frequenc y measure s tha t  influenc e th e ambigu -

it y resolutio n proces s i n thi s constructio n ar e intimatel y 

relate d t o th e definin g propertie s o f  thre e classe s o f  verb s 

tha t  presen t  thi s ambiguity .  Buildin g o n th e ide a o f  syn -

tacti c bootstrappin g [10] ,  an d o n statistica l  approache s 

t o extractin g ver b informatio n fro m frequenc y distribu -

tion s [12 ,  2 ,  23] ,  w e follo w a  computationa l  experimenta l 

methodolog y i n whic h w e investigat e a s indicate d eac h o f 

th e followin g specifi c  hypotheses : 

HI: Linguistically motivated features for distinguishing 

th e ver b classe s ar e apparen t  withi n linguisti c experience . 

We analyze the three classes to determine potentially 

relevan t  distinctiv e features ,  an d coun t  thos e feature s 

(o r  approximation s t o them )  i n a  ver y larg e corpus . 

H2: The distributional patterns of (some of) those fea-

ture s contribut e t o learnin g th e classification s o f  th e 

verbs . 

We apply machine learning techniques to determine 

whethe r  th e feature s suppor t  th e learnin g o f  th e clas -

sifications .  W e analyz e th e contributio n o f  differen t 

feature s t o th e classificatio n process . 

H3: Features informative in learning the verb classes also 

influenc e th e resolutio n o f  th e M V / R R ambiguity ,  an d 

feature s no t  helpfu l  i n learnin g d o no t  affec t  processin g 

of  th e ambiguity . 

We examine whether the features that are found to be 

informativ e i n classificatio n pla y a  rol e i n resolutio n o f 

th e ambiguity .  Conversely ,  w e discus s whethe r  feature s 

tha t  ar e no t  foun d t o contribut e t o learnin g similarl y 

pla y n o rol e i n processing. ^ 

To preview, we find that, related to (HI), linguistically 

motivate d feature s tha t  distinguis h th e ver b classe s ca n 

be extreicte d fro m a  corpu s wit h a  moderat e amoun t  o f 

annotation .  W e assum e tha t  thes e feature s ar e availabl e 

t o th e learne r  onc e i t  ca n m a k e certai n fundamenta l  syn -

tzicti c distinction s (e.g. ,  par t  o f  speech ,  constituency) .  I n 

relatio n t o (H2) ,  a  subse t  o f  thes e feature s i s sufficien t  t o 

halv e th e erro r  rat e compare d t o chanc e i n automati c ver b 

classification ,  suggestin g tha t  distributiona l  dat a doe s i n 

fac t  contribut e t o ou r  knowledg e o f  th e classificatio n o f 

verbs .  Furthermore ,  w e find  tha t  feature s tha t  ar e dis -

tributionall y predictable ,  becaus e the y ar e highl y corre -

late d t o othe r  features ,  contribut e littl e t o classificatio n 

performance .  W e conclud e tha t  th e usefulnes s o f  distri -

butiona l  feature s t o th e learne r  i s determine d b y thei r  lin -

guisti c informativeness .  Finally ,  w e find  tha t  th e result s 

'Not e tha t  th e latte r  i s  no t  directl y testable ,  sinc e i t  ma y 
be tha t  ciuren t  experiment s hav e simpl y no t  show n th e effec t 
of  th e variabl e eve n thoug h i t  doe s influenc e processing .  Thu s 
cin y conclusion s her e ar e suggestiv e only . 

i n (H3 )  provid e importan t  preliminary  evidenc e concern -

in g ou r  genera l  hypothesi s tha t  th e se t  o f  frequenc y dif -

ferential s tha t  ar e availabl e t o th e learnin g algorith m an d 

th e processin g algorith m ar e th e same .  Feature s whic h 

contribut e mos t  t o learnin g th e ver b classe s hav e bee n 

experimentall y demonstrate d t o influenc e processin g o f 

th e M V / R R ambiguity ,  an d on e whic h i s no t  informa -

tiv e fo r  learnin g ha s n o evidenc e fo r  it s rol e i n M V / R R 

ambiguit y resolution . 

Determining the Features 

I n thi s section ,  w e presen t  motivatio n fo r  th e feature s tha t 

we investigat e i n term s o f  thei r  rol e i n learnin g th e ver b 

classes .  W e first  presen t  th e linguisticall y derive d fea -

tures ,  the n tur n t o a n analysi s o f  th e M V / R R ambiguit y 

t o exten d th e se t  o f  potentiall y  relevan t  features . 

Features of the Verb Classes 

Th e M V / R R ambiguit y involve s a  choic e betwee n a  mai n 

ver b for m tha t  i s  intransitive ,  an d a  reduce d relativ e for m 

tha t  i s  transitiv e (becaus e th e reduce d relativ e i s a  passiv e 

use o f  th e verb) .  Th e thre e verb s classe s unde r  study — 

unergative ,  unaccusative ,  an d object-drop—wer e thu s 

chose n becaus e the y exhaustivel y partitio n th e option -

all y intransitiv e verb s i n English .  T h e thre e ver b classe s 

diffe r  i n th e propertie s o f  thei r  intransitive/transitiv e al -

ternations ,  whic h ar e exemplifie d below . 

Unergative : 

(3a )  Th e hors e race d pas t  th e barn . 

(3b )  T h e jocke y race d th e hors e pas t  th e barn . 

Unaccusative : 

(4a )  Th e butte r  melte d i n th e pan . 

(4b )  T h e coo k melte d th e butte r  i n th e pan . 

Object-drop : 

(5a )  T h e bo y washe d th e hall . 

(5b )  T h e bo y washed . 

The sentences in (3) use an unergative verb, raced. 

Unergative s ar e intransitiv e actio n verb s whos e transi -

tiv e for m i s th e causativ e counterpar t  o f  th e intransitiv e 

form .  Thus ,  th e subjec t  o f  th e intransitiv e (3a )  become s 

th e objec t  o f  th e transitiv e (3b )  [3 ,  11 ,  14] .  Th e sentence s 

i n (4 )  us e a n unaccusativ e verb ,  melted .  Unaccusative s 

ar e intransitiv e chang e o f  stat e verb s (4a) ;  lik e unerga -

tives ,  th e transitiv e counterpar t  fo r  thes e verb s i s als o 

causativ e (4b) .  T h e sentence s i n (5 )  us e a n object-dro p 

verb ,  washed ;  thes e verb s hav e a  non-causativ e transi -

tive/intransitiv e alternation ,  i n whic h th e objec t  i s  simpl y 

optional . 

Bot h unergative s an d unaccusative s hav e a  causativ e 

transitiv e form ,  bu t  diffe r  i n th e semanti c role s tha t  the y 

assig n t o th e participant s i n th e even t  described .  I n a n 

intransitiv e unergative ,  th e subjec t  i s  a n Agen t  (th e doe r 

of  th e event) ,  an d i n a n intransitiv e unaccusative ,  th e 

subjec t  i s  a  T h e m e (somethin g affecte d b y th e event) . 
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The rol e assignment s t o th e correspondin g semanti c ar -

gument s o f  th e transitiv e forms—i.e. ,  th e direc t  objects — 

ar e th e same ,  wit h th e additio n o f  a  Causa l  Agen t  (th e 

cause r  o f  th e event )  a s subjec t  i n bot h cases .  Thi s lead s t o 

an unusua l  situatio n fo r  a  transitiv e unergative ,  becaus e 

i t  assign s tw o agentiv e roles—th e subjec t  i s  th e agen t  o f 

causation ,  an d th e objec t  i s  th e agen t  o f  th e actio n ex -

presse d b y th e ver b [24] .  Object-dro p verb s hav e a  sim -

ple r  participant/rol e mappin g tha n eithe r  unergative s o r 

unaccusatives ,  assignin g Agen t  t o th e subjec t  an d T h e m e 

t o th e optiona l  object . 

We expec t  th e differin g semanti c rol e assignment s o f 

th e ver b classe s t o b e reflecte d i n thei r  syntacti c behav -

io r  [13 ,  6] ,  an d consequentl y i n th e distributiona l  dat a w e 

collec t  fro m a  corpus .  Th e thre e classe s ca n b e character -

ize d b y thei r  occurrenc e i n tw o alternations :  th e intransi -

tive/transitiv e alternatio n an d th e causativ e alternation . 

Unergative s ar e distinguishe d fro m th e othe r  classe s i n be -

in g rar e i n th e transitiv e for m (du e t o thei r  "doubl e agen -

tive "  nature) ;  w e expec t  thi s t o b e reflecte d i n a  greate r 

degre e o f  intransitiv e us e i n a  corpus .  Bot h unergative s 

and unaccusative s ar e distinguishe d fro m object-dro p i n 

bein g causativ e i n thei r  transitiv e form ,  an d similarl y 

we expec t  thi s t o b e reflecte d i n amoun t  o f  detectabl e 

causativ e use .  Furthermore ,  sinc e th e causativ e i s a  tran -

sitiv e use ,  an d th e transitiv e us e o f  unergative s i s ex -

pecte d t o b e rare ,  causativit y shoul d primaril y distin -

guis h unaccusative s fro m object-drops .  I n conclusion ,  w e 

expec t  th e definin g feature s o f  th e ver b classes—th e in -

transitive/transitiv e an d causativ e alternations—t o lea d 

t o distributiona l  difference s i n th e observe d usage s o f  th e 

verb s i n thes e alternations . 

Features of the MV/RR Alternatives 

We no w examin e th e feature s tha t  distinguis h th e tw o 
resolution s o f  th e M V / R R ambiguity : 

Main Verb: The horse raced past the barn quickly. 

Reduced Relative: The horse raced past the barn fell. 

In the main verb resolution, the ambiguous verb raced is 

used i n it s  intransitiv e form ,  whil e i n th e reduce d relative , 
i t  i s  use d i n it s transitive ,  causativ e form .  Thes e feature s 

correspon d directl y t o th e definin g alternation s o f  th e 

thre e ver b classe s unde r  stud y (intransitive/transitive , 

causative) .  Additionally ,  w e se e tha t  other ,  relate d fea -

ture s serv e t o distinguis h th e tw o resolution s o f  th e am -
biguity .  Th e mai n ver b for m i s activ e an d a  mai n ver b 

part-of-speec h (tagge d a s V B D ) ;  b y contrast ,  th e reduce d 

relativ e for m i s pcissiv e an d a  pas t  participl e (tagge d a s 

V B N ) .  Not e tha t  thes e propertie s ar e redundan t  wit h 

th e intransitive/transitiv e distinction ,  a s passiv e implie s 

transitiv e use ,  an d necessaril y  entail s th e us e o f  a  pas t 

participle . 

We ad d th e V B D / V B N an d active/passiv e distinc -
tion s t o ou r  feature s fo r  classificatio n (th e transitiv e an d 

causativ e alternations )  motivate d b y tw o factors .  First , 

recen t  wor k i n machin e learnin g [21 ,  22 ]  ha s argue d tha t 

usin g overlappin g feature s ca n b e beneficia l  fo r  learning . 

Second ,  on e o f  th e features—th e V B D / V B N distinction — 

lia s alread y bee n show n t o influenc e resolutio n o f  th e 

M V / R R ambiguit y [26] . 

I n th e nex t  section ,  w e describ e h o w w e compil e th e 

corpu s count s fo r  eac h o f  th e fou r  properties ,  i n orde r  t o 

approximat e th e distributiona l  informatio n o f  thes e alter -

nation s availabl e t o a  h u m a n learner . 

Frequency Distributions of the Features 

We assum e tha t  currentl y availabl e larg e corpor a ar e a 

reasonabl e approximatio n t o th e linguisti c inpu t  tha t  th e 

learne r  i s expose d t o [19] .  Usin g a  combine d corpu s 

of  65-millio n words ,  w e measure d th e relativ e frequenc y 

distribution s o f  th e linguisti c feature s ( V B D / V B N ,  ac -

tive/passive ,  intransitive/transitive ,  causative )  ove r  a 

sampl e o f  verb s fro m th e thre e lexica l  semanti c classes . 

We chos e a  tota l  o f  6 0 verbs ,  2 0 verb s fro m eac h class , 

base d o n th e classificatio n o f  verb s i n [13 ]  (se e Appendi x 

A ) .  Eac h ver b present s th e sam e for m i n th e simpl e pas t 

an d i n th e pas t  participle ,  a s i n th e M V / R R ambiguity , 

an d mos t  o f  th e verb s ca n occu r  i n th e transitiv e an d i n 

th e passive .  Mos t  count s wer e performe d o n th e Linguis -

ti c  Dat a Consortiu m releas e o f  th e B row n Corpu s an d o f 

year s 1987 ,  1988 ,  198 9 o f  th e Wal l  Stree t  Journal ,  a  com -

bine d corpu s i n exces s o f  6 5 millio n word s labele d wit h 

part-of-speec h (POS )  tags. ^  D u e t o th e nee d fo r  addi -

tiona l  annotation ,  th e causativ e featur e wa s counte d onl y 

fo r  th e 198 8 yea r  o f  th e W S J ,  a  parsed  corpu s o f  2 9 mil -

lio n word s als o availabl e fro m th e L D C (parse d wit h th e 

parse r  fro m [5]) . 

Th e count s fo r  V B D / V B N wer e automaticall y ex -

tracte d fo r  al l  verb s base d o n th e part-of-speec h labe l  ac -

cordin g t o th e tagged  corpus .  Fo r  intransitive/transitive , 
we searche d fo r  th e closes t  nomina l  grou p followin g th e 

ver b whic h wa s considere d t o b e th e object .  Fo r  ac -

tive/passiv e uses ,  w e looke d fo r  th e preceedin g auxiliary : 

hav e indicate s a n activ e us e an d b e indicate s a  passiv e 

use .  Th e causativ e featur e wa s approximate d b y extract -

in g head s o f  subject s an d object s fo r  eac h ver b occur -
rence ,  an d calculatin g a  token-base d percentag e o f  over -

la p betwee n th e tw o set s o f  nouns .  Thi s capture s th e 

propert y o f  th e causativ e constructio n tha t  th e subjec t  o f 

th e intransitiv e ca n occu r  a s th e objec t  o f  th e transitive . 

Al l  count s wer e normalized ,  yieldin g a  tota l  o f  fou r  rela -

tiv e frequenc y features :  vb d ( % V B D tag) ,  A C T (%activ e 

use) ,  INT R (%intransitiv e use) ,  CAUS (%causativ e use) . 

Al l  ra w an d normalize d corpu s dat a ar e availabl e fro m 

^Becaus e w e nee d a  ver y larg e corpu s du e t o th e constrcunt s 
impose d b y th e statistica l  method s used ,  w e ax e restricte d a t 
th e presen t  tim e primaril y t o newspape r  tex t  o f  thi s type . 
Clearly ,  verificationc J wor k acros s differen t  kind s o f  corpora , 
includin g child-directe d speech ,  woul d b e helpfu l  i n elaborat -
in g ou r  proposal . 
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Feature s 

1.  VB D AC T INT R CAUS 

2.  VB D INT R CAUS 

3.  AC T INT R CAUS 

4.  VB D AC T CAUS 

5.  VB D AC T INT R 

Accurac y 

52 % 

66 % 
47 % 
54 % 
45 % 

Tabl e 1 ;  Accurac y o f  th e Ver b Clusterin g Task . 

the authors. 

Frequencies in Learning and Processing 

The frequenc y distribution s o f  th e ver b alternatio n fea -

ture s yiel d a  vecto r  fo r  eac h ver b tha t  represent s th e rel -

ativ e frequenc y value s fo r  th e ver b o n eac h dimension ; 

th e se t  o f  6 0 vector s constitut e th e dat a fo r  ou r  machin e 

learnin g experiments . 

Vector template: [verb-name, VBD, ACT, INTR, CAUs] 

Example: [opened, .793, .910, .308, .158] 

It must be determined experimentally which of the distri-

bution s actuall y contribut e t o learnin g th e ver b classifi -

cations .  Firs t  w e describ e computationa l  experiment s i n 

unsupervise d learning ,  usin g hierarchica l  clustering ,  the n 

we tur n t o supervise d learning ,  usin g decisio n tre e induc -

tion .  W e conclud e wit h a  discussio n o f  th e relatio n o f 

informativ e feature s i n learnin g an d processing . 

Unsupervised Learning 

We use d th e hierarchica l  clusterin g algorith m availabl e 

i n SPlusS.O ,  imposin g a  cu t  poin t  tha t  produce d thre e 

clusters ,  t o correspon d t o th e thre e ver b classes .  Ta -

bl e 1  show s th e accurac y achieve d usin g th e fou r  feature s 

tha t  discriminat e th e resolution s o f  th e M V / R R ambi -

guit y (ro w 1) ,  an d al l  three-featur e subset s o f  thos e fou r 

feature s (row s 2-5) .  Not e tha t  chanc e performanc e i n thi s 

tas k ( a three-wa y classification )  i s 3 3 % correct . 

The highes t  accurac y i n clustering ,  o f  66%—or  hal f  th e 

erro r  rat e compare d t o chance—i s obtaine d onl y b y th e 

tripl e o f  feature s i n ro w 2  i n th e table :  vbd ,  intr ,  an d 

CAUS.  Al l  othe r  subset s o f  feature s yiel d a  muc h lowe r 

accuracy ,  o f  45-54% .  W e ca n conclud e tha t  som e o f  th e 

feature s contribut e usefu l  informatio n t o guid e clustering , 

but  th e inclusio n o f  AC T actuall y degrade s performance . 

Clearly ,  havin g fewe r  bu t  mor e relevan t  feature s i s impor -

tan t  t o accurac y i n ver b classification .  W e wil l  retur n t o 

th e issu e o f  whic h feature s contribut e mos t  t o learnin g i n 

our  discussio n o f  supervise d learnin g below . 

A proble m wit h analyzin g th e clusterin g performanc e 

i s tha t  i t  i s  no t  alway s clea r  wha t  count s a s a  misclassi -

fication.  W e canno t  actuall y kno w wha t  th e identit y o f 

th e ver b clas s i s fo r  eac h cluster .  I n th e abov e results ,  w e 

impose d a  classificatio n base d o n th e clas s o f  th e majorit y 

Feature s 

1.  VB D AC T INT R CAUS 

2.  VB D INT R CAUS 

3.  AC T INT R CAUS 

4.  VB D AC T CAUS 

5.  VB D AC T INT R 

Decisio n 

Tree s 

A % S E % 

64. 2 1. 7 

60. 9 1. 2 

59. 8 1. 2 

55. 4 1. 5 

54. 4 1. 4 

Rul e 

Set s 

A % S E % 

64. 9 1. 6 

62. 3 1. 2 

58. 9 0. 9 

55. 7 1. 4 

56. 7 1. 5 

Tabl e 2 :  Accurac y (A% )  an d Standar d Erro r  (SE% )  i n 

th e Ver b Classificatio n Task . 

of  verb s i n a  cluster ,  bu t  a  proble m arise s whe n ther e i s 

no clea r  majority .  Th e determinatio n o f  th e numbe r  o f 

cut  point s introduce s a  furthe r  degre e o f  uncertaint y i n 

interpretin g th e results . 

To evaluat e bette r  th e effect s o f  th e feature s i n learn -

ing ,  w e therefor e turne d t o a  supervise d learnin g method , 

i n whic h th e algorith m train s o n case s wit h know n clas -

sification .  W e d o no t  believ e tha t  supervise d learnin g 

i s realisti c fo r  th e huma n learne r  i n thi s case .  Rather , 

we perfor m thes e computationa l  experiment s i n orde r  t o 

measure ,  o n clea r  classificatio n results ,  th e contributio n 

i n principl e o f  th e feature s t o learning . 

Supervised Learning 

For  ou r  supervise d learnin g experiments ,  w e use d th e 

publicl y availabl e versio n o f  th e C5. 0 machin e learnin g 

algorith m (http://www.rulequest.com/) ,  a  newe r  versio n 

of  C4. 5 [20] .  Give n a  trainin g se t  wit h know n classifica -

tions ,  thi s syste m applie s inductiv e learnin g t o creat e a 

procedur e tha t  ca n b e applie d t o labe l  ne w case s whos e 

classificatio n i s unknown .  Th e outpu t  o f  th e syste m i s 

presente d i n th e for m o f  eithe r  decisio n tree s o r  rul e sets , 

alternativ e dat a structure s fo r  encodin g th e us e o f  th e 

feature s i n classification .  Fo r  al l  reporte d experiments , 

we ra n a  10-fol d cross-validatio n repeate d te n times ,  an d 

th e number s reporte d ar e average s ove r  al l  th e runs. ^ 

Tabl e 2  sho w th e result s o f  ou r  experiment s o n (differ -

ent  combination s of )  th e fou r  feature s w e counte d i n th e 

corpus .  Recal l  tha t  chanc e performanc e i n thi s tas k ( a 

three-wa y classification )  i s 3 3 % correct .  W e attai n th e 

best  performance ,  o f  64-65 % (again ,  almos t  halvin g th e 

chanc e erro r  rate) ,  b y usin g al l  fou r  feature s tha t  discrimi -

nat e th e resolution s o f  th e M V / R R ambiguity :  VBD,  ACT, 

INTR,  an d CAUS (ro w 1  i n th e table) . 

Comparin g th e accurac y o f  eac h o f  th e three-featur e 

subset s t o th e four-featur e subse t  i s ver y informative . 

^ A 10-fol d cross-validatio n mean s tha t  th e syste m ran -
doml y divide s th e dat a int o te n parts ,  cin d nin s te n time s 
on a  differen t  90%-tr2uning-data/10%-test-dat a split ,  yieldin g 
an averag e accurac y an d standcir d error .  Thi s procedur e i s 
the n repeate d fo r  1 0 differen t  rando m division s o f  th e data , 
and accurac y cin d standar d erro r  ar e agai n average d acros s th e 
te n runs . 
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W h en eithe r  th e INT R o r  cau s featur e i s remove d (row s 4 

and 5  respectively) ,  performanc e degrade s considerably , 

wit h a  decreas e i n accurac y o f  8-10 % fro m th e m a x i m u m 

achieve d wit h th e fou r  features .  However ,  whe n th e vh d 

featur e i s remove d (ro w 3) ,  ther e i s a  smalle r  decrf-as c 

i n accuracy ,  o f  4-6% .  W h e n th e AC T featur e i s remove d 

(ro w 2) ,  ther e i s a n eve n smalle r  decrease ,  o f  2-4% .  I n 

fact ,  takin g th e standar d erro r  int o account ,  th e accu -

rcic y usin g al l  feature s (ro w 1 )  i s no t  distinc t  fro m usin g 

onl y th e thre e feature s VBD ,  INTR ,  an d cau s (ro w 2)—th e 

same subse t  o f  feature s tha t  yielde d th e bes t  performanc e 

i n clustering .  W e conclud e the n tha t  INT R an d CAUS con -

tribut e mos t  t o th e accurac y o f  th e classification ,  whil e 

ACT seem s t o contribut e little .  Thi s show s tha t  no t  al l 

th e linguisticall y relevan t  feature s ar e equall y usefu l  i n 

learning . 

We thin k tha t  thi s patter n o f  result s i s relate d t o th e 

combinatio n o f  th e featur e distributions :  som e distribu -

tion s ar e highl y correlated ,  whil e other s ar e not .  Ac -

cordin g t o ou r  calculations ,  CAUS i s no t  significantl y cor -

relate d wit h an y othe r  feature .  O f  th e feature s tha t  ar e 

significantl y correlated ,  AC T an d VB D ar e th e mos t  highl y 

correlate d (R=.67) ,  AC T an d INT R th e nex t  mos t  highl y 

correlate d (R=.44) ,  an d VB D an d INT R th e leas t  corre -

late d (R=.36) .  Thus ,  CAUS i s uncorrelate d wit h th e othe r 

features ,  an d VB D an d INT R ar e th e leas t  correlate d pai r 

of  th e remainin g three . 

We expec t  combination s o f  feature s tha t  ar e les s cor -

relate d t o yiel d bette r  classificatio n accuracy .  I f  w e com -

par e th e accurac y o f  th e 3-featur e combination s i n Ta -

bl e 2  (row s 2-5) ,  thi s hypothesi s i s confirmed .  Th e thre e 

combination s tha t  contai n th e featur e cau s (row s 2 ,  3 
and 4)—th e uncorrelate d feature—hav e bette r  perfor -

mance tha n th e combinatio n tha t  doe s no t  (ro w 5) ,  a s 

expected .  N o w conside r  th e subset s o f  thre e feature s tha t 

includ e CAUS wit h a  pai r  o f  th e othe r  correlate d features . 

The combinatio n containin g VB D an d INT R (ro w 2)—th e 
leas t  correlate d pai r  o f  features—ha s th e bes t  accuracy , 

th e combinatio n containin g AC T an d int r  (ro w 3)—th e 

nex t  leas t  correlate d pair—ha s th e nex t  highes t  accuracy , 
whil e th e combinatio n containin g th e mos t  highl y corre -

late d AC T an d VB D (ro w 4 )  ha s th e wors t  accuracy .  Thus , 

redundanc y o f  feature s appear s t o pla y a  clea r  rol e i n de -

terminin g thei r  usefulnes s i n learning.* * 

Comparison of Learning and Processing 

Recal l  ou r  motivatin g hypothesi s tha t  onl y thos e feature s 

tha t  ar e usefu l  i n acquisitio n ar e availabl e t o influenc e in -

terpretation .  Give n ou r  learnin g results ,  then ,  w e expec t 

••We suspec t  tha t  anothe r  facto r  come s int o play ,  namel y 
how nois y th e featur e is .  Th e similarit y i n performanc e usin g 
INTR o r  CAUS i n combinatio n wit h VB D an d ac t  (row s 4  an d 
5)  migh t  als o b e du e i n par t  t o th e fac t  tha t  th e count s fo r 
CAUS ar e a  mor e nois y approximatio n o f  th e actua l  featxir e 
distributio n tha n th e count s fo r  INTR .  W e reserv e definin g 
a precis e mode l  o f  noise ,  an d it s interactio n wit h th e othe r 
factors ,  fo r  futur e research . 

t o se e tha t  INTR ,  CAUS,  an d VB D pla y a  rol e i n ambigu -

it y resolution ,  whil e ac t  doe s not .  Currentl y availabl e 

experimenta l  dat a yiel d preliminar y suppor t  fo r  thi s con -

clusion .  Relativ e frequenc y o f  V B D / V B N us e [26 ]  an d 

intransitive/transitiv e us e [16 ]  hav e bee n show n t o influ -

enc e resolutio n o f  th e M V / R R ambiguity . 

Demonstratin g a  processin g effec t  o f  th e frequenc y o f 

causativit y i s  mor e problematic .  Fo r  unergatives ,  w e not e 

tha t  ther e i s a n ineliminabl e confoun d betwee n ver b clas s 

and distributio n o f  th e CAUS feature .  Unergative s neve r 

occu r  a s causative s i n ou r  ver y larg e corpus ,  thu s indicat -

in g tha t  th e causativ e us e o f  unergative s i s ver y rare .  W e 

interpre t  thi s fac t  a s indicatin g tha t  th e causativ e us e 

of  a n unergativ e i s diflficult ,  eve n thoug h linguisticall y 

possible ,  becaus e i t  entail s a  doubl e agen t  structure ,  a s 

discusse d abov e [24] .  Whethe r  cause d b y knowledg e o f 

ver b clas s directl y o r  b y causativity ,  effect s o f  extrem e 

diflScult y hav e bee n foun d fo r  unergative s i n th e M V / R R 

ambiguity . 

On th e othe r  hand ,  unaccusative s occu r  mor e ofte n i n a 

causativ e construction ,  wit h a  gradien t  o f  use .  Recently , 

[7 ]  hav e manipulate d th e degre e o f  proto-agen t  proper -

ties ,  whic h includ e causativity ,  i n th e M V / R R ambigu -

ity .  The y collecte d subjec t  ratings ,  an d showe d tha t  th e 
rating s o f  thes e propertie s ca n influenc e th e eas e o r  dif -

ficulty  o f  th e reduce d relativ e interpretation .  Whil e i t 

remain s t o b e show n tha t  proto-agen t  rating s reflec t  th e 

causativ e frequenc y distributio n i n a  corpus ,  thi s dat a i s 

highl y suggestive . 

By contras t  t o th e INTR ,  CAUS,  an d VB D features ,  ther e 

i s n o experimenta l  dat a indicatin g tha t  a c t  play s a  rol e 

i n M V / R R interpretatio n (or ,  i n fact ,  i n th e resolutio n 

of  an y othe r  ambiguity) .  Althoug h thes e result s ar e pre -

liminary ,  the y len d initia l  suppor t  withi n thi s constraine d 

domai n fo r  ou r  genera l  hypothesi s regardin g th e relatio n 

betwee n learnin g an d processing . 

Conclusions 

In this paper, we propose that the human language pro-
cesso r  keep s trac k o f  th e se t  o f  frequencie s tha t  ar e use -

fu l  t o i t  i n learning .  T o explor e thi s genera l  hypothe -

si s withi n a  specifi c  domain ,  w e investigat e h o w a  se t  o f 

linguisti c feature s tha t  distinguis h intransitiv e verb s per -

for m i n a  classificatio n task .  Linguisti c analysi s predict s 

certai n feature s ar e mos t  relevan t  (iNT R an d CAUS) ,  bu t 

learnin g i s improve d b y als o usin g a  partiall y  redundan t 
featur e (vbd) .  Experimenta l  evidenc e i n sentenc e pro -

cessin g show s tha t  som e o f  thes e features ,  suc h a s INT R 

and VBD ,  ar e use d i n resolvin g ambiguity .  Others ,  suc h 
as CAUS,  hav e bee n indirectl y show n t o hav e a n influenc e 

on ambiguit y resolution .  O n th e othe r  hand ,  a  highl y re -

dundan t  feature ,  ACT ,  i s no t  informativ e fo r  learning .  In -
terestingly ,  ther e i s n o experimenta l  dat a indicatin g tha t 

ACT play s a  rol e i n syntacti c disambiguation .  Ou r  pro -

posa l  thu s receive s preliminar y support ,  an d als o make s a 
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simpl e predictio n whic h i s easil y testable ,  tha t  ac t  i s  no t 

usefu l  i n disambiguatin g ver b alternatio n ambiguities . 
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Appendix A 
The unergative s ar e manne r  o f  motio n verbs :  jumped ,  rushed , 
marched ,  leaped ,  floated,  raced ,  hurried ,  wandered ,  vaulted , 
paraded ,  galloped ,  glided ,  hiked ,  hopped ,  jogged ,  scooted ,  scur -
ried ,  skipped ,  tiptoed ,  trotted . 

The unaccusative s ar e verb s o f  chang e o f  state :  opened ,  ex -
ploded ,  flooded,  dissolved ,  cracked ,  hardened ,  boiled ,  melted , 
fractured ,  solidified ,  collapsed ,  cooled ,  folded ,  widened , 
changed ,  cleared ,  divided ,  simmered ,  stabilized . 

The object-dro p verb s ar e unspecifie d objec t  cdternatio n 
verbs :  played ,  painted ,  kicked ,  carved ,  reaped ,  washed ,  danced , 
yelled ,  typed ,  knitted ,  borrowed ,  inherited ,  organized ,  rented , 
sketched ,  cleaned ,  packed ,  studied ,  swallowed ,  called . 
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