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Abstrac t 

This paper explores the use of an artificial neural network to 
investigat e th e menta l  representatio n o f  abstrac t  nou n 
meanings .  Unlik e concret e nouns ,  abstrac t  noun s refe r  t o 
entitie s tha t  canno t  b e pointe d to .  Cue s t o thei r  meanin g mus t 
therefor e b e i n thei r  contex t  o f  use .  I t  ha s frequentl y bee n 
shown tha t  th e meanin g o f  a  wor d varie s wit h it s context s o f 
use .  I t  i s  mor e difficult ,  however ,  t o identif y whic h element s 
of  contex t  ar e relevan t  t o a  word' s meaning .  Th e presen t 
stud y demonstrate s tha t  a  connectionis t  networ k ca n b e use d 
t o examin e thi s problem .  A  feedforwar d networ k learne d t o 
distinguis h amon g seve n abstrac t  noun s base d o n 
characteristic s o f  thei r  verba l  context s i n a  corpu s o f 
randoml y selecte d sentences .  Th e result s sugges t  that ,  fo r  ou r 
sample ,  th e contextua l  representatio n o f  abstrac t  noun s i s i n 
principl e sufficien t  t o identif y an d distinguis h abstrac t  nouns . 
and thu s meet s th e functiona l  requirement s o f  concep t 
representation . 

Introduction 

I n th e recen t  tw o decades ,  concep t  theorie s hav e 

increasingl y adopte d th e vie w o f  flexible,  context-dependen t 

concep t  representation s (e.g. ,  Anderson .  1990 ;  Barsalou , 

1982 ;  Kintsch ,  1998) .  Thes e theorie s ca n bette r  accoun t  fo r 

th e empirica l  finding s whic h sugges t  tha t  concept s ar e 

sensitiv e t o differen t  context s o f  use . 

Th e necessit y o f  a  context-sensitiv e representatio n 

become s especiall y eviden t  whe n considerin g abstrac t  noun s 

suc h a s goal ,  an d idea .  Abstrac t  noun s refe r  t o entitie s tha t 

ar e no t  perceivabl e an d canno t  b e pointe d to ,  a s i n th e cas e 

of  concret e nouns ,  lik e cor .  Therefore ,  th e standar d 

approac h o f  decomposin g concept s int o feature s canno t  b e 

applie d t o abstrac t  concepts .  Instead ,  i n orde r  t o understan d 

abstrac t  nouns ,  th e context s i n whic h the y ar e use d ar e 

importan t  (Quine ,  1960) .  I n orde r  t o understan d wha t  ide a 

means,  fo r  example ,  i t  m a y b e usefu l  t o k n o w tha t  someon e 

successfull y solve s a  proble m afte r  havin g a n idea . 

I n thi s study ,  w e explor e verba l  context .  W e clai m tha t 

abstrac t  nou n meaning s ar e strongl y relate d t o thei r  verba l 

contexts .  Th e stron g for m o f  ou r  hypothesi s i s  tha t  th e 

meanin g o f  abstrac t  noun s m a y b e determined ,  no t  jus t 

influenced ,  b y th e contex t  o f  use .  I t  i s  motivate d b y th e 

effec t  o f  contex t  o n wor d meaning s o n th e on e hand ,  an d b y 

th e difficult y t o perceiv e th e reference s o f  abstrac t  noun s o n 

th e othe r  hand .  Abstrac t  noun s ar e acquire d relativel y lat e 

i n languag e acquisition ,  an d i t  i s  therefor e possibl e (bu t  doe s 

not  necessaril y  follow )  tha t  childre n us e a  variet y o f  verba l 

contex t  cue s t o infe r  th e meaning s o f  abstrac t  nouns .  Th e 

clai m tha t  contex t  i s  th e sourc e fo r  understandin g abstrac t 

noun s i s intuitivel y compelling .  Still ,  th e clai m need s t o b e 

investigate d t o examin e th e relatio n o f  contex t  an d wor d 

meaning .  I t  seem s necessar y t o examin e th e rol e o f  a  broa d 

set  o f  contex t  features . 

Th e fac t  tha t  contex t  play s a  majo r  rol e fo r  a  word' s 

meanin g ha s bee n widel y acknowledged .  Evidenc e tha t 

contex t  contain s informatio n relate d t o a  word' s meanin g i s 

apparen t  i n studie s usin g th e cloz e metho d (fo r  example , 

Hamberger ,  Friedma n &  Rosen ,  1996) .  Subject s ar e show n 

a sentenc e i n whic h a  wor d ha s bee n deleted .  I n it s place , 

ther e i s a  blank .  Th e subject s ar e aske d t o fil l  i n a  wor d tha t 

fit s  th e contex t  best .  Th e informatio n tha t  context s provid e 

abou t  a  missin g word' s meanin g varies .  S o m e context s 

provid e enoug h informatio n fo r  th e subjec t  t o identif y th e 

correc t  missin g word ,  wherea s i n othe r  case s a  wid e rang e o f 

word s fit s  th e context . 

Lexicographer s appreciat e th e importanc e o f  context .  I n 

thei r  attempt s t o defin e a  word' s definition ,  the y dra w 

informatio n fro m exampl e sentence s i n whic h th e define d 

wor d i s used .  Thi s woul d b e a n unproductiv e tas k i f  thes e 

context s di d no t  contai n informatio n tha t  constrain s th e 

rang e o f  possibl e meaning s o f  th e wor d t o b e defined . 

Ther e i s som e evidenc e tha t  human s ofte n deriv e a  word' s 

meanin g fro m it s context .  Sternber g an d Powel l  (1983 )  hav e 

demonstrate d tha t  th e meaning s o f  unfamilia r  word s ca n b e 

derive d fro m context .  M c K e o w n (1985 )  an d man y other s 

hav e argue d tha t  wor d meanin g ca n b e learne d fro m context . 

I t  i s  assume d that ,  afte r  exposur e t o differen t  contexts ,  th e 

languag e learne r  ideall y start s t o decontextualiz e th e wor d 

meaning . 

Our  stron g hypothesi s i s furthe r  supporte d b y researc h tha t 

point s ou t  th e relevanc e o f  contex t  specificall y i n th e 

processin g o f  abstrac t  words .  Schwanenfluge l  an d Shobe n 

(1983 )  demonstrate d tha t  abstrac t  noun s ar e processe d mor e 

easil y whe n presente d i n a  contex t  tha t  activate s informatio n 

relevan t  t o th e nou n i n memory .  The y demonstrat e tha t  th e 

m e m o ry advantag e o f  visualizabl e (tha t  is ,  concrete ) 

materia l  disappear s i f  bot h abstrac t  an d concret e word s ar e 

embedde d i n context .  The y explai n thi s wit h th e contex t 

availabilit y  model ,  accordin g t o whic h abstrac t  nou n 
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representation s ar e onl y weakl y connecte d t o associate d 

contex t  informatio n i n memory . 

Context Information 

Mille r  an d Charle s (1991 )  hav e argue d tha i  simila r  word s 

occu r  i n simila r  contexts .  The y propos e lou r  type s o t 

contex t  informatio n tha t  i s  store d wit h concept s i n th e 

menta l  lexicon :  collocation ,  semanti c context ,  syntacti c 

context ,  an d pragmati c context .  Th e subjects '  abilit y  t o fil l 

i n th e correc t  wor d i n studie s employin g th e cloz e procedur e 

may b e explaine d wit h collocatio n information ,  tha t  is , 

association s o f  word s tha t  frequentl y co-occu r  i n sentences . 

T wo recen t  model s o f  semanti c representatio n hav e 

emphasize d th e rol e o f  wor d co-occurrenc e i n context :  H A L 

(Hyperspac e Analogu e t o Language ,  Lun d &  Burgess ,  1996 ) 

and L S A (Laten t  Semanti c Analysis ,  Landaue r  &  Dumais , 

1997) .  I n thes e systems ,  contex t  i s  no t  represente d b y 

features ,  a s i n th e network ,  discusse d i n th e presen t  paper , 

but  b y th e co-occurrenc e o f  word s i n contexts .  Bot h H A L 

and L S A impressivel y demonstrat e tha t  wor d co-occurrenc e 

informatio n (o r  collocatio n information )  o f  a  particula r  wor d 

can g o a  fa r  wa y i n determinin g th e word' s locatio n i n 

semanti c space .  W e argu e i n thi s pape r  tha t  th e meanin g o f 

abstrac t  noun s i s no t  determine d b y co-occurrin g words ,  bu t 

instea d b y semanti c an d syntacti c contex t  information . 

Abstract Concepts in HAL 

Burges s an d Lun d (1997 )  hav e demonstrate d tha t  a  se t  o f 

abstrac t  concept s ca n b e classifie d i n semanti c spac e o n th e 

basi s o f  co-occurrences .  Accordin g t o thei r  model ,  abstrac t 

concept s ca n b e classifie d i n th e sam e wa y a s othe r  type s o f 
word s (concret e noun s an d others) .  Thi s findin g support s 

th e argumen t  tha t  context ,  i n thi s particula r  case ,  wor d co -

occurrence ,  i s a  powerfu l  semanti c informatio n source . 

However ,  th e resul t  an d th e mode l  d o no t  explai n wh y ther e 

ar e difference s i n th e cognitiv e processin g o f  abstrac t  an d 

concret e concepts ,  a s the y hav e bee n demonstrate d i n 

imager y an d comprehensio n tim e studies .  I n thi s respect , 

th e H A L mode l  doe s no t  presen t  a  convincin g mode l  o f 

abstrac t  concep t  representation . 

The concept s i n th e stud y b y Burges s an d Lun d wer e no t 

exclusivel y abstrac t  nouns .  Th e emotiona l  connotatio n 

word s wer e clearl y separate d fro m th e lega l  term s i n a 

multidimensiona l  scalin g analysis ,  bu t  i t  i s  no t  clea r  whethe r 

thi s i s du e t o thei r  emotiona l  connotatio n o r  du e t o th e 

ambiguit y o f  thei r  wor d class .  Burges s an d Lun d 

demonstrat e i n th e sam e stud y tha t  H A L ca n separat e 

syntacti c classe s o f  words .  W e thin k tha t  thi s coul d explai n 

thei r  result s fo r  abstrac t  concepts .  Fo r  example ,  happ y i s a n 

adjective ,  an d lov e an d hat e ar e ofte n use d a s verbs .  Franci s 
and Kucer a (1982 )  lis t  a  ver b frequenc y o f  14 5 an d a  nou n 

frequenc y o f  17 9 fo r  love .  Fo r  hate ,  th e ver b frequenc y i s 

66 an d th e nou n frequenc y i s 10 .  Thes e frequencie s matc h 
th e semanti c distance s a s presente d b y Burges s an d Lun d (p . 

62) :  Lov e i s close r  t o th e cluste r  o f  la w term s (mainl y 
consistin g o f  nouns) ,  an d hat e i s a t  th e distan t  corner .  O f 

course ,  a  bette r  estimat e o f  frequencie s woul d b e base d o n 

th e tex t  corpu s tha t  H A L use d fo r  th e study . 

Th e possibilit y  tha t  H A L ha s separate d wor d classe s 

instea d o f  categorie s o f  abstrac t  concept s i s furthe r 

supporte d b y th e fac t  tha t  /o v an d sorrow ,  whic h ar e clearl y 

emotiona l  terms ,  ar e withi n th e cluste r  o f  lega l  terms , 

wherea s th e ler m judge ,  whic h i n Franci s an d Kucer a ha s a 

ver b frequenc y o f  4 2 an d a  nou n frequenc y o f  81 .  i s  oriente d 

toward s th e lov e an d hat e cluster .  Murde r  i s i n th e 'nou n 

cluste r  ,  an d accordin g t o Franci s an d Kucera ,  th e ver b 

frequenc y fo r  murde r  i s rathe r  lo w (16) ,  wherea s th e nou n 

frequenc y i s 83 . 

I t  i s  difficul t  t o judge ,  base d o n thi s rathe r  smal l  sample , 

whethe r  th e result s ar e reall y confounde d b y wor d clas s 

frequencies .  Th e term s wit h emotiona l  connotatio n ar e 

clearl y locate d a t  on e sid e o f  th e M D S outcome . 

Semantic and Syntactic Context Information 

We believ e tha t  th e contextua l  representatio n relate d t o th e 

concep t  representatio n o f  abstrac t  noun s goe s beyon d wor d 

co-occurrence .  O f  course ,  co-occurrence  reflect s 

meaningfu l  relation s amon g words .  However ,  i t  i s  difficul t 

t o se e h o w meanin g ca n emerg e fro m merel y co-occurrence . 

Determinin g wor d meaning s b y word s i n th e contex t  ca n 

onl y wor k i f  th e determinin g word s hav e meanin g 

independen t  o f  othe r  words .  Otherwise ,  th e determinatio n 

woul d b e circular .  I n thi s study ,  w e analyz e th e co -

occurrin g word s wit h respec t  t o thei r  features . 

Semanti c an d syntacti c contex t  informatio n ca n b e 

formulate d a s abstrac t  features .  A n exampl e fo r  semanti c 
feature s i s provide d b y Plau t  an d Shallic e (1991) ,  w h o hav e 

represente d abstrac t  an d concret e noun s i n a  neura l  networ k 

by differen t  number s o f  features .  However ,  thei r  feature s 

di d no t  represen t  contex t  information . 

O ne advantag e o f  representin g contex t  wit h semanti c an d 

syntacti c feature s i s tha t  the y ca n describ e al l  verba l 

contexts .  Th e feature s ca n b e simila r  i n context s o f  a 

particula r  wor d i n whic h th e collocatio n informatio n differs . 

We thin k als o tha t  i t  i s  possibl e o n thi s mor e abstrac t 

representationa l  leve l  t o depic t  difference s betwee n th e 

representatio n o f  abstrac t  an d concret e nouns ,  becaus e th e 

latter ,  b y virtu e o f  thei r  references ,  d o no t  depen d o n 

contextua l  information . 

Thi s analysi s i s a n extensio n o f  a n earlie r  stud y b y 

Wiemer-Hasting s (i n press) .  A  neura l  networ k wa s traine d 

t o identif y si x abstrac t  nouns .  Th e inpu t  wa s a  vecto r  o f  5 3 

semanti c an d syntacti c feature s o f  th e context s tha t  th e 

abstrac t  noun s occu r  in .  Th e presen t  stud y replicate s thi s fo r 

seve n targe t  nouns .  However ,  th e estimate s fo r  th e relativ e 

relevanc e o f  th e contex t  feature s looke d dramaticall y 
differen t  fo r  th e presen t  networ k (fo r  a  descriptio n o f  th e 

feature s se e Wiemer-Hastings ,  i n press) .  Wherea s th e 

previou s network' s performanc e seeme d t o mostl y rel y o n 
ver b an d worl d domai n information ,  th e presen t  networ k 

provide d highe r  estimate s fo r  synta x tha n previously .  Ver b 

and knowledg e domai n go t  rathe r  lo w estimates .  Th e 
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presen t  networ k wa s als o teste d wit h a  large r  se t  o f 

synonyms . 

The Network Model 
I t  i s  assume d tha t  contex t  constitute s importan t  aspect s o f 

wor d meaning .  O n e implicatio n o f  thi s assumptio n i s tha t 

th e context s o f  a  give n wor d mus t  hav e feature s i n c o m m o n . 

I n particular ,  th e context s o f  simila r  word s (synonyms ) 

shoul d hav e feature s i n c o m m o n (Mille r  an d Charles ,  1991) , 

and th e context s o f  differen t  word s mus t  b e sufficientl y 

distinc t  fro m eac h other . 

Th e networ k mode l  tha t  w e presen t  wa s no t  designe d a s a 

model  o f  huma n wor d learning .  However ,  w e argu e tha t  ou r 

results ,  a s wel l  a s th e finding s o f  Burges s an d Lun d (1997) , 

sho w tha t  contex t  informatio n i s /'/ ? principl e sufficien t  t o 

distinguis h a  se t  o f  abstrac t  concepts .  Tha t  is ,  the y suppor t 

th e vie w tha t  v\or d meaning s ar e learne d fro m context . 

Context Representation 

I n th e network ,  contex t  wa s represente d b y a  vecto r  o f  5 3 

semanti c an d syntacti c contex t  features .  Th e feature s wer e 

manuall y extracte d fro m natura l  sentence s i n whic h th e 

targe t  noun s occur .  Th e feature s wer e assigne d binar y 

value s (1,0 )  dependin g o n th e context .  Contex t  informatio n 

covere d th e \er b an d adjectiv e tha t  ar e directl y relate d t o th e 

abstrac t  nouns ,  ontologica l  statu s informatio n abou t  th e 

targe t  a s fa r  a s e\iden t  fro m th e context ,  th e cas e role s o f  th e 

nouns ,  an d th e informatio n expresse d b y th e whol e sentenc e 

(includin g domain s o f  worl d knowledge) .  W e include d 

informatio n tha t  coul d b e derive d fro m th e contex t  only . 

Thus ,  ou r  knowledg e o f  th e meanin g o f  th e targe t  nou n di d 

not  ente r  int o th e contex t  analysis .  Feature s tha t  coul d no t 

be determine d fro m th e contex t  o f  a  give n sentenc e wer e se t 

t o zero .  Th e feature s ar e describe d i n mor e detai l  i n 

Wiemer-Hasting s (i n press) . 

Th e contex t  featur e vector s wer e th e networ k input .  Th e 

networ k wa s traine d t o identif y th e targe t  nou n tha t  fit s  th e 

sentenc e represente d b y a  particula r  inpu t  vector .  Th e 

performanc e o f  th e networ k wa s use d t o asses s 

(1 )  whethe r  th e informatio n i n th e context s i s sufficientl y 

distinctiv e t o classif y abstrac t  nouns ,  an d 

(2 )  whethe r  th e se t  o f  feature s cove r  th e relevan t 

information . 

Training and Test Corpus 

Seve n abstrac t  nou n target s wer e randoml y selecte d fro m a 

corpus :  Attention ,  concept ,  consultation ,  goal ,  idea , 

impression ,  an d wisdom .  Fo r  eac h o f  th e seve n targe t  nouns , 

125 isolate d sentence s wer e selecte d fro m th e NexisLexi s 

onlin e database .  W e discarde d semanticall y deplete d 

sentences ,  tha t  is ,  ver y genera l  sentence s tha t  d o no t  contai n 

any informatio n abou t  th e word' s meaning .  87 5 trainin g 

case s wit h 5 3 feature s wer e constructe d fro m thes e 

sentences . 

T h e N e t w o r k Architectur e 

Figur e 1  present s th e architectur e o f  th e network .  I t  ha s a  53 -

21- 7 full y connecte d feedforwar d architecture ,  wit h 5 3 inpu t 

units ,  2 1 hidde n units ,  an d 7  outpu t  units .  Th e network' s 

progra m force d th e networ k t o selec t  onl y on e outpu t  fo r 

eac h inpu t  vector .  Thus ,  multipl e classificatio n wa s no t 

possible . 

Figure 1: The network architecture. 
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Trainin g 

The networ k wa s traine d wit h backpropagation ,  usin g 

NevPro p 3  (Goodman ,  1996) ,  i n tw o phases .  I n th e firs t 

phase ,  onl y 77 5 sentence s o f  th e trainin g se t  wer e use d fo r 

training .  Th e othe r  10 0 case s wer e use d t o estimat e ho w 

wel l  th e networ k generalize s durin g training .  Afte r  thi s 

phase ,  th e progra m compute d th e averag e squar e erro r  fo r 

whic h th e generalizatio n wa s best .  Thi s erro r  wa s store d an d 

use d a s targe t  erro r  fo r  trainin g phas e 2  t o preven t 

overtraining .  I n phas e 2 ,  th e networ k wa s traine d wit h th e 

ful l  trainin g set .  Trainin g stoppe d automaticall y whe n th e 

targe t  erro r  wa s reached . 

Results 

The networ k achieve d th e targe t  eiTo r  o f  .08 5 afte r  12 0 

trainin g epochs .  Generalizatio n wa s teste d wit h th e featur e 

vector s o f  7 1 ne w sentenc e tha t  th e networ k ha d no t  bee n 

traine d with .  Thi s tes t  i s  comparabl e t o a  cloz e experiment , 

wher e a  sentenc e fram e i s presente d an d human s hav e t o 

identif y a  missin g word .  Furthermore ,  th e networ k wa s 

teste d wit h contex t  feature s fro m sentence s tha t  containe d 

synonym s o r  word s relate d t o th e targe t  nouns .  Thi s tes t  i s 

motivate d b y th e assumptio n tha t  simila r  word s occu r  i n 

simila r  context s (see ,  e.g. .  Mille r  &  Charles ,  1991) .  I t  shoul d 
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be possibl e fo r  th e network ,  give n th e contex t  feature s o f  a 

synonym' s contex t  a s input ,  t o identif y th e targe t  nou n tha t 

i s mos t  simila r  t o th e synonym .  Thi s tes t  i s  constraine d b y 

th e existenc e o f  word s tha t  ar e reall y simila r  i n meaning . 

The tes t  ca n sho w whethe r  th e contex t  feature s use d i n thi s 

stud y reall y cove r  th e aspect s o f  contex t  whic h ar e relevan t 

t o th e meaning s o f  th e targe t  nouns . 

Generalization to Sentences with Target Words 

The networ k coul d classif y mos t  o f  th e tes t  sentence s (70% ) 

correctly .  Performanc e a t  chanc e leve l  woul d b e a 

classificatio n rat e o f  1 4 % .  Th e Averag e Squar e Erro r  (ASE ) 

fo r  th e corpu s o f  tes t  sentence s wa s .107 .  Th e 

generalizatio n rat e i s ver y good .  Th e hig h correc t 

classificatio n rat e indicate s tha t  th e feature s representin g th e 

sentenc e context s are ,  i n mos t  cases ,  sufficien t  t o distinguis h 

among th e targe t  nouns .  Thi s suggest s tha t  wor d meaning s 

can indee d b e distinguishe d an d identifie d o n th e basi s o f 

thei r  contexts .  Tabl e 1  present s th e correc t  classificatio n 

rate s segregate d b y th e targe t  nouns . 

Table 1: Number of test sentences per target noun 

tha t  ar e classifie d correctl y b y th e network . 

Targe t  nou n 

Attentio n 

Concep t 

Consultatio n 

Goal 

Ide a 
Impressio n 

W i s d o m 

Classificatio n rat e 

absolut e an d i n % 

9/1 1 (81.8% ) 

7/10(70% ) 

8/10(80% ) 

7/10(70% ) 

4/10(40% ) 

8/10(80% ) 

7/10(70% ) 

For  non e o f  th e targe t  nouns ,  th e networ k coul d classif y al l 

sentence s correctly .  Thi s i s no t  to o surprising ,  considerin g 

th e fac t  tha t  th e amoun t  o f  relevan t  contex t  informatio n 

varie s acros s sentences . 
The networ k ha d difficultie s classifyin g th e sentenc e 

frame s fo r  idea .  Onl y 4 0 % o f  th e tes t  sentence s wer e 

classifie d correcdy .  Thi s phenomeno n deserve s som e 

attention .  I n th e nex t  sectio n w e presen t  result s tha t 

demonstrat e tha t  th e networ k ca n classif y a  goo d percentag e 

of  sentenc e frame s tha t  ar e th e context s o f  synonym s o f  th e 

targets .  Bu t  eve n som e o f  th e target s ar e closel y relate d i n 

meaning .  I n particular ,  Roget' s list s ide a a s th e synony m fo r 

bot h concep t  an d impression .  Th e networ k misclassifie s th e 

sentenc e frame s fo r  ide a a s concep t  once ,  an d twic e a s 

impression .  A s th e goa l  i s  fo r  th e networ k t o identif y 

abstrac t  nouns '  meanings ,  i t  shoul d mak e thes e error s fo r 

word s tha t  ar e synonymou s t o alternativ e targets . 

Tabl e 2  describe s th e specifi c  misclassification s o f  th e 

network .  Th e leftmos t  colum n present s th e correc t  targe t 

noun s fittin g th e tes t  sentenc e contexts ;  th e uppe r  ro w 

present s th e targe t  noun s tha t  th e networ k selects .  Fo r 

example ,  context s fo r  attentio n wer e misclassifie d a s 

wisdo m twice . 

Test with Synonyms of the Targets 

Th e networ k wa s teste d o n context s o f  synonym s o f  th e 

targe t  nouns .  Synonym s wer e selecte d fro m Roget' s 

Thesauru s an d WordNe t  (Miller ,  1990) .  Fo r  mos t  targe t 

noun s (e.g .  attention ,  concept ,  wisdom) ,  ther e ar e n o 

satisfyin g synonym s bu t  onl y relate d terms .  Furthermore , 

some targe t  noun s hav e synonym s i n Roget' s thesauru s i n 

c o m m o n.  W e hav e therefor e use d som e o f  th e synonym s a s 

tes t  word s fo r  mor e tha n on e targe t  noun . 

We selecte d thought ,  plan ,  an d visualizatio n fo r  concept , 

counselin g an d advic e fo r  consultation ;  intention ,  motive , 

pla n an d objectiv e fo r  goal ;  though t  an d pla n fo r  idea ;  belie f 

fo r  impression ;  an d knowledge ,  experience ,  maxi m an d 

understandin g fo r  wisdom .  Fo r  th e targe t  nou n attention ,  n o 

acceptabl e synony m wa s found ,  therefor e i t  wa s no t  teste d i n 

thi s analysis . 

Tabl e 3  give s a n overvie w o f  th e result s fo r  synonyms . 

For  eac h synonym .  Tabl e 3  list s al l  th e targe t  noun s tha t  th e 

networ k selecte d a s th e output ,  alon g wit h th e numbe r  o f 

time s th e targe t  wa s selecte d fo r  th e synonym .  Fo r  som e 

synonyms ,  fo r  example ,  objective ,  th e result s ar e rathe r 

promising . 

Tabl e 2 :  Erroneou s classification s mad e b y th e networ k o n th e tes t  sentenc e corpus . 

Targe t 

Attentio n 

Concep t 

Consultatio n 

Goal 

Ide a 

Impressio n 

Wisdo m 

Attentio n 

(9 ) 

1 

Concep t  Consultatio n Goal Ide a Impressio n W i s d o m 

(7) . 
1 

1 

I 

1 
(7 ) 

I 

2 

2 

(4 ) 
1 
2 

(8 ) 

2 
1 
J 

2 
1 

(7 ) 

For  othe r  synonyms ,  eithe r  a  larg e variet y o f  target s wa s 

selecte d o r  a  targe t  wa s consistentl y selecte d whic h wa s no t 
predicte d b y ou r  sources .  Eve n thoug h som e o f  th e output s 

of  th e networ k ar e no t  consisten t  wit h ou r  predictions ,  th e 
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result s ar e encouraging . 

Table 3: Synonyms for the target nouns and the target nouns 

the y wer e classifie d as ,  wit h informatio n abou t  ho w ofte n 

eac h synony m wa s classifie d a s a  particula r  target . 

Synony m Classifie d as.. . 

Counselin g 

Though t 

Knowledg e 

Experienc e 

Intentio n 

Pla n (14 ) 

Motive (14) 

Visualization (3) 

Objectiv e (5 ) 

M a x i m (7 ) 

Understanding (4) 

Belie f  (7 ) 

Advic e (7 ) 

Consultatio n 

W i s d o m 

Goal 

W i s d o m 

Concep t 

Concep t  4 ,  ide a 3 ,  consultatio n 2 , 

attentio n 2 .  goa l  2 ,  wisdo m 1 

Consultatio n 4 ,  attentio n 4 ,  goa l  2 , 

ide a 2 ,  wisdo m 1 

Attentio n 3 

Goal  4 ,  consultatio n 1 

Ide a 2 .  concep t  2 .  impressio n 1 , 

attentio n 1 ,  wisdo m 1 

Attentio n 2 ,  goa l  1 ,  impressio n 1 

Impressio n 4 ,  wisdo m 2 ,  ide a 1 

Attentio n 3 .  wisdo m 2 , 

consultatio n 1 .  goa l  1 

As state d above ,  ther e ar e hardl y an y "rea l  synonyms' . 

The networ k ofte n succeed s i n providin g a n outpu t  nou n tha t 

i s a t  leas t  simila r  t o th e wor d whos e contex t  wa s th e input . 

Automatic Relevance Determination 

The secon d purpos e o f  thi s stud y wa s t o obtai n estimate s o f 

th e relevanc e o f  th e contex t  featur e domains .  W e use d 

Automati c Relevanc e Determinatio n ( A R D ;  Neal ,  1996 )  fo r 

thi s analysis .  A R D estimate s th e relevanc e o f  th e inpu t 

feature s base d o n th e amoun t  o f  penalt y assigne d t o th e 

connection s weight s (se e Goodman ,  1996 ,  NevPro p 

Manual) .  Th e resultin g value s indicat e ho w muc h impac t 

eac h featur e ha s o n th e networ k outpu t  relativ e t o th e impac t 

of  th e othe r  features .  Th e value s ar e give n i n percen t  an d 

range d fro m . 7 3 % t o 6.36 % fo r  th e singl e features . 

I n th e previou s study ,  th e A R D result s suggeste d tha t  th e 

ver b an d world'knowledg e domai n wer e o f  majo r  relevanc e 

fo r  th e task .  Thi s resul t  wa s confirme d b y a  subsequen t 

sensitivit y analysi s a s wel l  a s b y a  discriminan t  analysi s o f 

th e trainin g data .  Interestingly ,  th e averag e A R D value s i n 

thi s stud y di d no t  diffe r  a  lo t  amon g modules ,  wit h th e 

exceptio n o f  th e modul e o f  ontologica l  status .  Th e ver b 

categorie s an d th e worl d knowledg e domai n ran k amon g th e 

leas t  relevan t  module s fo r  th e presen t  network .  I t  i s 

conceivabl e tha t  i n a  futur e mode l  wit h ye t  mor e targe t 

noun s thes e value s ma y chang e again . 

Th e A R D estimate s ar e liste d i n Tabl e 4 .  The y wer e 

average d withi n eac h modul e t o provid e a n impressio n o f 

th e relativ e relevanc e o f  th e modules .  A  somewha t 

surprisin g resul t  i s  th e hig h A R D estimat e fo r  th e synta x 

module .  I n th e previou s analysis ,  mos t  syntacti c feature s ha d 

A RD value s belo w 1% .  Thes e feature s ar e mor e 

discriminativ e fo r  th e presen t  se t  o f  targe t  nouns . 

Anothe r  domai n wit h a  hig h A R D valu e i s 'perso n / 

reference' ,  whic h indicate s whethe r  th e targe t  nou n ha s a n 

explici t  referenc e withi n a  sentence .  Example s ar e th e 

.sentence s "Th e ide a wa s t o (...)" ,  o r  "I t  i s  th e company' s 

goal  t o achiev e (...)" .  Th e othe r  featur e i n thi s categor y 

indicate s whethe r  th e targe t  i s somethin g tha t  a  perso n 

possesses ,  e.g. ,  " I  lik e you r  idea. " 

Table 4: ARD values for the modules, 

average d acros s th e features . 

Featur e modul e 

Worl d knowledg e 

Ontologica l  statu s 

Adjectiv e 

Ver b 

Dynamic s 

Case rol e 

Tim e referenc e 

Synta x 

Perso n /  referenc e 

Number  o f  feature s 

10 
4 
6 
14 
3 
6 
3 
5 
2 

ARD i n % 
1.5 3 

4.4 0 

1.4 1 

1.5 8 

1.9 8 

1.5 0 

1.9 9 

2.2 7 

2.1 6 

Discussio n 

We hav e presente d a  neura l  networ k tha t  ca n distinguis h 

seve n abstrac t  noun s o n th e basi s o f  thei r  verba l  context ,  a s 

represente d b y a  se t  o f  5 3 contex t  features .  I n th e majorit y 

of  tes t  cases ,  th e networ k coul d identif y th e correc t  target . 

Wit h respec t  t o ou r  stron g hypothesis ,  th e result s see m t o 

suppor t  th e vie w tha t  contex t  determine s abstrac t  nou n 

meanings .  Th e eviden t  difficultie s o f  th e networ k t o 

distinguis h simila r  targe t  noun s i s no t  inconsisten t  wit h suc h 

a view .  Th e network' s performanc e furthe r  demonstrate s 

tha t  th e semanti c an d syntacti c feature s o f  th e context s o f 

abstrac t  noun s contai n distinctiv e information .  Th e finding s 

suppor t  ou r  hypothesi s tha t  th e meanin g o f  abstrac t  noun s 

ca n b e derive d fro m an d ma y b e constructe d fro m contex t 

informatio n othe r  tha n merel y co-occurrenc e data . 

We hav e furthe r  teste d whethe r  th e feature s ar e relate d t o 

th e targe t  nouns '  meaning ,  rathe r  tha n t o particula r  words , 

by testin g th e network' s performanc e o n sentence s tha t 

containe d synonym s o f  th e targe t  nouns .  Fo r  a  fe w targe t 

nouns ,  highl y simila r  noun s coul d b e found .  Th e networ k 

coul d classif y man y context s o f  thes e simila r  noun s a s thei r 

synonymou s targe t  nouns . 

The result s provide d b y th e networ k provid e insigh t  int o 

whic h element s o f  context ,  o r  wha t  kind s o f  contex t 

information ,  provid e th e critica l  information .  Th e A R D 

value s sugges t  tha t  fo r  th e presen t  network ,  al l  module s ar e 

involve d i n th e computatio n o f  th e output .  Th e A R D value s 

hav e no t  bee n stabl e betwee n th e six-targe t  (Wiemer -

Hastings ,  i n press )  an d th e presen t  seven-targe t  nou n 

network .  Thes e value s migh t  furthe r  chang e a s w e ad d ne w 

targe t  noun s t o th e network .  I t  i s  possibl e tha t  th e value s 

wil l  stabiliz e a t  som e numbe r  o f  targe t  nouns . 
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I t  i s conceivabl e tha t  ther e i s a n uppe r  Mmi t  i n th e numbe r 

of  abstrac t  concept s tha t  a  network ,  suc h a s th e on e 

discusse d here ,  ca n distinguis h base d o n thi s se t  o f  features . 

I t  i s unclear ,  however ,  wher e suc h a  limi t  woul d be .  W c ar e 

currentl y workin g o n extendin g th e networ k t o mor e targe t 

nouns .  Th e performanc e o f  th e networ k o n highl y relate d 

target s lik e ide a an d concep t  suggest s tha t  th e identificatio n 

tas k i s increasingl y difficul t  a s mor e interrelate d targe t 

noun s ar e included .  O n th e othe r  hand ,  a  networ k wit h 

simila r  targe t  noun s onl y coul d provid e u s wit h valuabl e 

informatio n abou t  ho w simila r  noun s ca n b e distinguished . 

Possibly ,  mor e feature s an d finer  distinction s withi n th e 

module s woul d b e necessary . 

We ar e currentl y workin g o n developin g a  networ k tha t 

wil l  b e traine d t o distinguis h concret e noun s base d o n th e 

same se t  o f  features .  Ou r  hypothesi s i s tha t  th e contextua l 

representatio n o f  abstrac t  noun s an d concret e noun s migh t 

not  contai n th e sam e information ,  tha t  is ,  concret e an d 

abstrac t  noun s migh t  b e relate d t o differen t  aspect s o f  thei r 

contexts .  I t  i s  als o possibl e tha t  th e contextua l 

representatio n o f  concret e noun s doe s no t  hav e th e sam e 

functio n fo r  concret e concep t  representatio n a s i t  doe s fo r 

abstrac t  nouns .  W e assum e tha t  contex t  feature s a s th e one s 

discusse d her e d o no t  determin e th e meaning s o f  concret e 

nouns ,  a s the y hav e intrinsi c representations .  Tha t  is ,  i t  i s 

possibl e tha t  a  networ k canno t  lear n t o distinguis h betwee n 

concret e noun s base d o n context . 
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