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Abstrac t 

Recent work on representation in simple recur-

siv e fee d forwar d connecdonis t  network s suggest s 

tha t  a  computationa l  devic e ca n lear n linguisti c be -

havior s withou t  an y explici t  representatio n o f  lin -

guisti c knowledg e i n th e for m o f  rules ,  facts ,  o r  pro -

cedures .  Thi s pape r  present s a n extensio n o f  thes e 

method s t o th e stud y o f  lexica l  ambiguit y resolutio n 

and semanti c parsing .  Fiv e specifi c  hypothese s ar e 

discusse d regardin g networ k architecture s fo r  lexica l 

ambiguit y resolutio n an d th e natur e o f  thei r  perfor -

mance:  (1 )  A  simpl e recurren t  fee d forwar d networ k 
usin g bac k propagatio n ca n lear n t o predic t  correctl y 

th e objec t  o f  ambiguou s ver b "tak e out "  i n specifi c 

contexts ;  (2 )  Suc h a  networ k ca n likewis e predic t  a 

pronou n o f  th e correc t  gende r  i n th e appropriat e 

contexts ;  (3 )  Th e effec t  o f  specifi c  contextua l  feature s 
increase s wit h thei r  proximit y t o th e ambiguou s wor d 

or  words ;  (4 )  Th e trainin g o f  hidde n recurren t  net -

work s fo r  lexica l  ambiguit y resolutio n improve s 

significantl y whe n th e inpu t  consist s o f  tw o word s 

rathe r  tha n a  singl e word ;  an d (5 )  Th e principa l 
component s o f  th e hidde n unit s i n th e traine d net -

work s reflec t  a n interna l  representatio n o f  linguisti c 
knowledge .  Experimenta l  result s supportin g thes e 

hypothese s ar e presented ,  includin g analysi s o f  net -
wor k performanc e an d acquire d representations .  Th e 
pape r  conclude s wit h a  discussio n o f  th e wor k i n 

term s o f  computationa l  neuropsychology ,  wit h po -

tentia l  impac t  o n clinica l  an d basi c neuroscience . 

1. Introduction 

Connectionist approaches to the study of lan-

guage ,  vision ,  an d memor y hav e le d t o altere d per -
spective s o n th e natur e o f  cognitio n [Churchlan d an d 

Sejnowski ,  1987] .  I n particular ,  thi s wor k ha s mean t 

th e rethinkin g o f  th e compute r  metapho r  fo r  th e 
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mind ,  suc h tha t  huma n memor y doe s no t  necessaril y 

hav e t o b e a  "place "  t o "store "  informatio n an d 

human knowledg e ca n b e mor e tha n "facts "  an d 
"inferenc e rules" .  Thes e computationa l  concept s ca n 

be rejecte d (o r  a t  leas t  questioned )  withou t  givin g u p 

th e metapho r  o f  huma n menta l  computatio n 

[Feldman ,  1989] . 

Parsing has always played a prominentrole in the 

computationa l  stud y o f  huma n language .  O n e rea -

son fo r  this ,  o f  course ,  wa s th e engineerin g impor -

tanc e o f  parsin g t o earl y researcher s i n artificia l  intel -
ligence ;  thei r  goa l  wa s t o acces s newl y devise d infor -

matio n resource s usin g "natural "  language .  Cogni -

tiv e scientist s hav e als o focuse d o n parsin g issues , 

wit h connectionis t  approache s contributin g increas -

ingl y t o thi s attentio n [Cottrel l  an d Small ,  1983 ;  Walt z 

and Pollack ,  1985] . 

Recent work on linguistic representation in con-

nectionis t  model s [Elman ,  1989 ]  ha s profoun d sig -

nificanc e fo r  th e psycholinguisti c an d computationa l 
stud y o f  huma n language .  I n thi s work ,  Elma n con -

struct s a  fee d forwar d connectionis t  networ k [Ru -
melhart ,  e t  al. ,  1985 ]  wit h onl y on e (easil y imple -

mented )  recurren t  structur e [Cottrel l  an d Fu-Sheng , 

1989] ,  an d train s i t  t o analyz e sentences .  Fo r  eac h 

wor d presente d i n a  particula r  sequence ,  th e networ k 
must  predic t  th e nex t  wor d exp>ected .  W h e n th e train -
in g ha s bee n completed ,  th e networ k ha s acquire d 

th e abilit y  t o perfor m th e desire d task .  Furthermore , 

i n analyzin g (statistically )  th e natur e o f  th e acquire d 

"knowledge" ,  Elma n foun d tha t  simila r  words ,  bot h 

semanticall y an d syntactically ,  clustere d together . 

He subsequentl y use d hi s techniqu e t o buil d a  net -

wor k t o lear n t o predic t  subject/ver b agreement s i n 

sentence s wit h relativ e clause s (differin g i n number) . 

This work succeeds for the first time at accom-

plishin g a  tas k tha t  ha s bee n attempte d a  numbe r  o f 

time s i n th e recen t  histor y o f  cognitiv e scienc e [Smal l 

and Rieger ,  1982 ]  withou t  a s muc h success .  Thi s 

wor k demonstrate s (t o a  Hmited ,  bu t  no t  insign i  f i  can t 
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degree )  tha t  a  computationa l  devic e ca n 

lear n linguisti c behavior s withou t  an y ex -

plici t  representatio n o f  linguisti c knowl -

edg e i n th e for m o f  rules ,  facts ,  proce -

dures ,  o r  othe r  symboli c schemes .  Fur -

thermore ,  i t  doe s s o usin g a  simulatio n 

techniqu e tha t  ha s muc h close r  analogie s 

t o th e huma n neurobiologica l  substrat e 

(i.e. ,  neuron s an d thei r  connections )  tha n 

d o an y symbo l  processin g approaches .  O f 

course ,  ther e ar e gre a t  dif f  erence s betwee n 

connectionis t  network s (o f  al l  kinds )  an d 

biologica l  neura l  "networks" ,  an d ther e 

ar e importan t  contribution s t o cognitiv e 

scientifi c  knowledg e availabl e fro m th e 

stud y o f  logica l  representahons .  However , 

th e abilit y  o f  a  simpl e networ k o f  impoverishe d 

computationa l  unit s t o acquir e linguisti c knowledg e 

i s important . 

2. Lexical Ambiguity Resolution 

Representation of semantic and pragmatic con-

tex t  fo r  lexica l  disambiguatio n ha s bee n a  difficul t 

problem ,  especiall y i n context s involvin g mor e tha n 

one sentence .  I n th e wor k describe d here ,  a  simpl e 

recurren t  fee d fowar d networ k (a s i n Figur e 1 )  wa s 

traine d t o predic t  th e nex t  wor d i n a  sequenc e o f 

lexica l  inputs .  Th e correc t  desire d outpu t  wor d de -

pend s o n th e semanti c contex t  o f  th e previou s sen -

tence .  A  se t  o f  tw o sentenc e "stories "  constitute d th e 

basi c inpu t  t o th e system .  Sentenc e l a i s a n exampl e 

"story "  o f  thi s type . 

(la) "A man fights. He takes out the assailant." 

As part of the experimental method, two simplifying 

assumption s wer e mad e initially ,  on e o f  whic h wa s 

subsequentl y lifted .  Throughou t  al l  o f  th e experi -

ments ,  th e sentence s hav e bee n simplifie d b y re -

moval  o f  th e articles .  Sentenc e l b show s th e exampl e 

stor y i n th e for m actuall y used . 

(lb) "Man fights. He takes out assailant." 

A further simplification of the experimental method 

i s th e mergin g o f  "take "  an d "out "  int o a  singl e wor d 

"take-out" .  Not e tha t  thi s wa s don e i n som e bu t  no t 

al l  o f  th e experiments ,  an d constitute s a n interestin g 

par t  o f  th e experimenta l  design .  Sentenc e I c show s 

thi s inpu t  for m o f  th e exampl e story . 

(Ic) "Man fights. He takes-out assailant." 

Outpu t  Laye r 

• Hidde n Laye r 

Inpu t  Laye r 

(Tw o Words ) 

Contex t  Laye r 

Figur e 1 :  Hidde n Recurren t  Ne t  wit h Doubl e Inpu t  Buffe r 

Thi s chang e simplifie s th e proble m b y (a )  decreasin g 

th e numbe r  o f  tota l  inpu t  word s an d thu s th e widt h 

of  th e inpu t  vector ;  an d (b )  decreasin g th e distanc e 

betwee n th e contextuall y imp>ortan t  anteceden t  wor d 

and th e ultimat e ambiguit y resolutio n tas k wor d (i.e. , 

predictin g th e nex t  wor d afte r  "tak e out") . 

The input to the system on any experimental trial 

include d sequence s o f  thre e o r  fou r  stories .  O n eac h 

trial ,  som e textua l  featur e o r  computationa l  parame -

te r  wa s investigated .  Th e tw o experimenta l  end -

point s consiste d o f  th e abilit y  o f  th e networ k t o lear n 

th e tas k (i.e. ,  convergence )  an d th e numbe r  o f  trial s 
neede d t o lear n th e task .  Tex t  comprehensio n fea -

ture s investigate d include d th e following : 

(a) Pronominal gender agreement; 

(b )  Equivalen t  context s fo r  differen t  objects ; 

(c )  Differen t  context s fo r  th e sam e objects ; 

(d )  Distanc e betwee n contextua l  prim e an d 

ambiguou s word ;  an d 

(e )  Siz e o f  th e inpu t  buffer . 

Computational manipulations were also studied, and 

aspect s tha t  coul d affec t  convergenc e included : 

(a) Network learning parameters; 

(b )  Trainin g instanc e presentation ;  an d 

(c )  Networ k architecture . 

The ability of the networks to find solutions to the 

problem s presente d sugges t  a  numbe r  o f  thing s abou t 

human linguisti c representations ,  a s note d b y Elma n 

[1989] .  I n addition ,  th e waysi n whic h thes e network s 

ar e manipulate d t o effectuat e o r  improv e learnin g 

may hav e implication s fo r  languag e teaching ,  espe -

ciall y i n secon d languag e learnin g o r  i n languag e 

learnin g followin g damag e t o th e nervou s system . 
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3.  Hypothese s an d Experiment s 

All experiments were conducted with feed for-

war d network s an d learnin g b y bac k propagatio n o f 

erro r  [Rumelhart ,  e t  al. ,  1985] . 

Five hypotheses motivated the work: 

(1) A simple recurrent feed forward network 
usin g bac k propagatio n ca n lear n t o pre -

dictcorrectlytheobjec t  o f  ambiguou s ver b 

"tak e out "  i n specifi c  contexts ; 

(2) Such a network can likewise predict a 

pronou n o f  th e correc t  gende r  i n th e ap -

propriat e contexts ; 

(3) The effect of specific contextual features 

increase s wit h thei r  proximit y t o th e 

ambiguou s wor d o r  words ; 

(4) The training of hidden recurrent networks 

fo r  lexica l  ambiguit y resolutio n improve s 

significantl y w h e n th e inpu t  consist s o f 

tw o word s rathe r  tha n a  singl e word ;  an d 

(5) The principal components of the hidden 
unit s i n th e traine d network s reflec t  a n 

interna l  representatio n o f  linguisti c  knowl -

edge . 

The experiments were done with networks of 
thre e layers ,  usin g simpl e recurrenc e o f  hidde n units , 

as  show n i n Figur e 1 .  Th e distinc t  inpu t  word s wer e 

eac h encode d a s i f  the y wer e orthogona l  vector s i n a n 
n-dimensiona l  space ,  wher e n  i s th e tota l  numbe r  o f 

word s i n th e tria l  (i.e. ,  wit h si x 

distinc t  inpu t  words ,  th e firs t  on e 

woul d b e encode d as  000001 ,  th e 
secon d a s 000010 ,  an d s o forth) . 

W h en th e inpu t  consist s o f  mor e 

tha n on e wor d (e.g. ,  tw o words) , 

eac h wor d i s encode d as  before , 

bu t  wit h multipl e buffe r  posi -

tions ,  eac h on e consistin g o f  th e 

vecto r  fo r  on e wor d (e.g. ,  th e 
inpu t  vecto r  widt h fo r  input s o f 

tw o word s become s 2n) .  Out -

put s ar e encode d separately , 
wit h on e bi t  positio n fo r  eac h 

possibl e o u tp u t  i  ter n ( i  .e. ,  words , 
concep t  representations ,  o r  cas e 
fram e data) . 

Th e us e o f  on e hidde n laye r  (rathe r  tha n tw o o r 

three )  an d th e idea l  numbe r  o f  hidde n unit s (gener -

all y 3  t o 4  time s th e numbe r  o f  code d inpu t  units ) 

wer e empiricall y determine d throug h m a n y experi -

menta l  trials .  Th e learnin g rat e (n u o r  epsilon )  w a s 

generall y kep t  a t  0. 6 an d th e m o m e n t u m (alpha )  a t 

1.0 .  Change s i n thes e value s ha d littl e effec t  o n con -

vergenc e o f  th e experimenta l  networ k configura -

tions .  N o attemp t  w a s m a d e t o minimiz e conver -

genc e time ,  an d convergenc e w a s define d a s achiev -

in g th e correc t  binar y outpu t  value s fo r  al l  inputs , 

wit h a  valu e <  0. 4 define d a s zero ,  a  valu e >  0. 6 

define d a s one ,  an d anythin g i n betwee n undefined , 

as  pe r  th e suggestion s o f  Fahlma n [1988] . 

Experiments were conducted with three or four 

sentenc e pair s (whic h w e cal l  "stories") ,  alon g th e 

line s o f  thos e show n above .  Th e trainin g set s pre -
sente d th e inpu t  dat a on e wor d a t  a  tim e (inputbuffe r 

siz e =  1 )  o r  tw o word s a t  a  tim e (inpu t  buffe r  siz e =  2) . 

Example s o f  bot h trainin g instanc e type s forSentenc e 

l b ar e show n i n Figur e 2 .  Exampl e storie s t o stud y 

bot h ambiguit y resolutio n an d pronou n gende r  agree -

ment  ar e show n below .  Thes e sentence s (2a-d )  wer e 

presente d i n severa l  differen t  w a y s durin g th e ex -

periments .  Th e presentation s involve d eithe r  (a )  th e 

firs t  thre e storie s o r  al l  fou r  stories ;  (b )  a  singl e "take -

out "  wor d o r  tw o separat e words ;  an d (c )  eithe r  on e 

inpu t  wor d a t  a  tim e o r  tw o inpu t  word s a t  a  tim e (a s 

see n i n th e exampl e trainin g se t  o f  Figur e 2) . 

(2a) "Man fights. He takes out assailant." 

(2b )  " W o m a n cleans .  Sh e take s ou t  garbage. " 

(2c )  " M a n loves .  H e take s ou t  licence. " 

(2d )  " W o m a n eats .  Sh e take s ou t  supper. " 

INPUT 

man 
fight s 
* 

he 
take s 

out 
assailan t 

OUTPUT 

fight s 
• 

he 

take s 

out 
assailan t 
» 

Singl e W o r d Inpu t 

Trainin g Se t 

INPUT BUFFER 
#1 # 2 

man 
fight s 

* 

he 
take s 

out 

fight s 

» 

he 
take s 

out 
assailan t 

O U T P UT 
W O RD 

* 

he 
take s 

out 
assailan t 
* 

T wo W o r d Inpu t  Trainin g Se t 

Figur e 2 :  Exampl e Trainin g Set s wit h O n e o r  T w o Inpu t  W o r d s 
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Not e tha t  capita l  letter s ar e no t  represented ,  bu t  en d 

of  sentenc e period s ar e include d (a s th e asteris k i n th e 

exampl e trainin g se t  o f  Figur e 2) . 

4. Experimental Results 

Approximately one hundred experiments were 

conducted ,  an d som e genera l  conclusion s ar e pos -

sibl e o n th e basi s o f  wha t  wa s learne d empiricall y 

fro m thos e studies .  Fourtee n experiments ,  restricte d 

t o thre e an d fou r  stor y sequences ,  ar e summarize d i n 

Tabl e 1 ,  an d labelle d Experiment s 1-14 .  Severa l  para -

meter s tha t  wer e no t  varie d i n thes e fourtee n experi -

ment s ar e no t  liste d i n th e table ,  includin g th e num -

ber  o f  hidde n layer s (1) ,  th e learnin g rat e (0.6) ,  an d th e 

m o m e n t u m (1.0) . 

The information included in the table consists of 

th e following :  Th e inpu t  buffe r  widt h i s th e numbe r 

of  vectors ,  eac h representin g a  singl e word ,  tha t  wer e 

inpu t  t o th e network ;  th e network s wer e presente d 

wit h eithe r  on e o r  tw o wor d inputs .  Th e word s "tak e 

out "  wer e represente d i n som e experiment s a s a 

singl e wor d "take-out "  an d i n other s a s tw o separat e 

words .  Th e inpu t  o f  a  "clea r  signal "  ( a vecto r  o f  al l 

zeros )  afte r  eac h epoc h aide d convergence ,  a s pe r  th e 

empirica l  observatiort s o f  Blumenfel d [1989] .  Th e 

hidde n laye r  fractio n i s th e rati o o f  hidde n laye r 

widt h t o inpu t  laye r  widt h (befor e recurrence) .  A 

networ k wa s considere d t o converg e i f  i t  produce d 

th e correc t  result s fo r  th e trainin g set .  Thi s wa s al -

ways tru e whe n th e mea n square d erro r  o f  th e net -

wor k wa s les s tha n 0.1 .  A  networ k wa s considere d t o 

be monotoni c whe n it s mea n square d erro r  neve r 

increase d durin g training .  Thenumbe r  o f  trial s show n 

consist s o f  epoch s (complet e presentation s o f  th e 

trainin g set) . 

The hypotheses enumerated above proved to be 

mostl y correct .  I t  wa s possibl e t o construc t  fee d for -

war d hidde n recursiv e network s t o predic t  th e objec t 

of  th e ver b "tak e out "  i n contex t  (Hypothesi s 1) . 

Experimcntsusin g th e sam e numbe r  o f  context s (e.g. , 

"fights" )  a s ambiguou s verb s (e.g. ,  "take s out "  mean -

in g "knoc k ou t  wit h a  punch" )  converge d th e mos t 

readil y (thes e experiment s ar e show n i n Tabl e 1) .  Ex -

periment s wit h mor e context s tha n ambiguou s verb s 

als o converged ,  b u t  no t  a s readily .  Experiment s wit h 

a greate r  numbe r  o f  ambiguou s verb s tha n distinc t 

context s di d no t  converge .  Experiment s includin g 

bothmalean d femal e agent s converge d mor e readil y 

tha n di d experiment s i n whic h al l  th e storie s con -

taine d mal e agent s only .  Th e network s wer e no t  onl y 

abl e t o predic t  th e correc t  pronou n i n contex t  (Hy -

pothesi s  2) ,  bu t  actuall y improve d thei r  performanc e 

by havin g thi s additiona l  nonredundan t  elemen t  o f 

contex t  t o us e i n formin g thei r  interna l  (hidde n uni t 

vector )  encodings . 

By using "take out" as two words in some experi-

ment s bu t  a s a  singl e wor d i n others ,  th e distanc e 

betwee n th e contextuall y relevan t  anteceden t  wor d 

and th e ambiguou s wor d wa s varied .  Bette r  conver -

genc e wa s obtaine d whe n i t  wa s encode d a s on e 

EXPERIMENT # 

PARAMEIERS 
# o f  storie s 

1 

3 
# o f  "tak e out "  word s 1 

Inpu t  buffe r  widt h 

Gender s represente d 

# o f  priming  verb s 

# o f  direc t  object s 

Clea r  eac h epoch ? 

Inpu t  widt h 
Hidde n widt h 

Outpu t  widt h 

Hidde n fractio n 

RESULTS 

Convergence ? 

Monotonic ? 

# o f  trial s (epochs ) 

1 
M 
3 
3 
N 
10 
40 
10 
4 

Y 
N 

887 

2 

3 
1 
1 
M 
3 
3 
Y 
10 
40 
10 
4 

Y 
N 

1294 

3 

3 
2 
1 
M 
3 
3 
N 
11 
44 
11 
4 

N 
N 

1160 

4 

3 
2 
1 
M 
3 
3 
Y 
11 
44 
11 
4 

Y 
N 

896 

5 

4 
1 
1 
M 
4 
4 
N 
12 
48 
12 
4 

N 
N 

4232 

6 

4 
1 
1 
M 
4 
4 
Y 
12 
48 
12 
4 

Y 
Y 

1047 

7 

4 
1 
1 

M/ F 
4 
4 
Y 
14 
56 
14 
4 

Y 
Y 

495 

8 

4 
2 
1 
M 
4 
4 
Y 
13 
52 
13 
4 

N 
N 

3874 

9 

4 
2 
1 

10 

4 
2 
2 

11 

4 
2 
2 

M/ F M/ F M/ F 
4 
4 
Y 
15 
60 
15 
4 

Y 
N 

611 

4 
4 
N 
30 
45 
14 
1. 5 

Y 
N 

855 

Tabl e 1 :  Summar y o f  Fourtee n Prototypica l  Experiment s 

4 
4 
Y 
30 
45 
14 
1.5 

Y 
N 

659 

12 

4 
2 
2 
M 
4 
4 
Y 
26 
39 
12 
1. 5 

N 
N 

2207 

13 

4 
2 
2 
M 
4 
4 
Y 
26 
65 
12 
2. 5 

N 
N 

2078 

14 

4 
2 
2 
M 
4 
4 
Y 
26 
78 
12 
3 

Y 
N 

1662 
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wor d tha n a s tw o word s (Hypothesi s  3) ,  thoug h mos t 

network s wer e abl e t o perfor m adequatel y whe n 

eac h wor d wa s represente d separately .  Th e inpu t 

buffe r  widt h ha d a  significan t  effec t  o n networ k per -

formanc e (Hypothesi s  4) ,  wit h tw o wor d inpu t  ex -

periment s convergin g mor e consistentl y an d faste r 

tha n on e wor d inpu t  experiments .  Hypothesi s 5  con -

cern s th e natur e o f  th e hidde n uni t  vector s followin g 

training ,  an d whethe r  o r  no t  the y constitut e a  "repre -

sentation "  o f  linguisti c knowledge .  Thi s wil l  b e ad -

dresse d i n th e nex t  section . 

5. Network Analyses 

Principal components analysis and contribution 

analysis ,  a  variatio n suggeste d b y Sange r  [1989 ] 

specificall y fo r  evaluatin g fee d forwar d networks , 

wer e use d t o analyz e th e hidde n uni t  vectors .  Th e 

goal  o f  thi s analysi s wa s t o determin e i f  th e hidde n 
uni t  laye r  acquire d a  "representation "  o f  th e linguis -

ti c  knowledg e a s i t  learne d enoug h abou t  th e struc -

tur e o f  th e presente d storie s t o predic t  thei r  o u tcome s 

(i.e. ,  thedirectobjecto f  th e context-dependen t  verbs) . 

Principal components analysis (PCA) consists of 

severa l  steps ,  explaine d briefl y i n Fukunag a [1972] , 

aime d a t  determinin g a  coordinat e syste m fo r  a  col -

lectio n o f  vector s tha t  maximall y separate s them ,  i.e. , 

tha t  organize s the m int o "components" .  I n a  fee d 
forwar d networ k wit h hidde n units ,  thes e compo -

nent s canb e viewe d asa n encodin g o f  thedistribute d 
informatio n acquire d b y th e networ k i n trainin g an d 

use d b y th e networ k t o produc e desire d output s fo r 

0. 6 -
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Figur e 3 :  Nint h Principa l  Componen t 

particula r  inputs .  Th e step s o f  P C A ar e a s follows : 

(1) Compute the hidden unit vector corre-

spondin g t o eac h inpu t  vector ; 

(2) Compute the covariance matrix of this 

arra y o f  hidde n uni t  vectors ; 

(3) Determine the eigenvectors of the covari-

anc e matrix ;  thes e vector s constitut e th e 

ne w coordinat e system ; 

(4) Sort the eigenvectors by their correspond-

in g eigenvalues ; 

(5) Translate each hidden unit vector into the 

ne w coordinat e system . 

Contribution analysis simply requires that the 

hidde n uni t  activation s compute d i n ste p (1 )  b e ad -
juste d b y selecte d weight s betwee n th e hidde n laye r 

and th e outpu t  laye r  o f  th e network .  Th e numerica l 

analysi s tex t  b y Pres s e t  a l  [1989 ]  include s severa l  o f 
th e algorithm s require d t o perfor m eigenvecto r 
computation . 

Analyses were performed on the hidden unit 
laye r  fro m Experimen t  9  (se e Tabl e 1) :  Thi s experi -

ment  involve d th e collectio n o f  th e fou r  storie s show n 
i n Sentence s 2a-d ,  i n whic h th e ver b "tak e out "  take s 
fou r  direc t  objects ,  whic h ar e prime d b y th e semanti c 
contex t  i n a  previou s sentence ,  an d i n whic h th e mai n 

acto r  i s  eithe r  mal e o r  female .  Traditiona l  principa l 
component s analysi s wa s per -

formed ,  a s wa s a  contributio n 

analysi s focussin g o n th e distrib -
ute d hidde n uni t  responsibilitie s 

towar d particula r  outpu t  words . 

Three of the most interest-

in g component s discovere d i n 
thi s analysi s deriv e fro m th e 
hidde n uni t  contribution s t o th e 

outpu t  wor d "garbage" ,  whic h 

i s on e o f  th e prime d object s o f 

"tak e out "  tha t  th e networ k 

learn s t o predic t  base d o n con -

text .  Thes e ar e th e comp)onent s 

illustrate d i n th e figures .  Not e 
tha t  a  constan t  ha s bee n adde d 

t o th e ra w value s t o improv e th e 

graphi c presentation . 

Figure 3 consists of a bar 
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Figur e 4 :  Thirty-Sixt b Principa l  Componen t 

grap h illustratin g th e contributio n o f  th e nint h prin -

cipa l  compxjnen t  t o th e decisio n tas k o f  th e network . 

Thi s componen t  discrin\inate s betwee n noun s an d 

othe r  word s (i.e. ,  verb s an d th e period s a t  th e en d o f 

sentences) .  M a n y o f  th e principa l  componen t  vector s 

discriminat e amon g word s an d wor d types ,  an d 

sugges t  learne d linguisti c representation s (appro -

priat e t o th e simpl e linguisti c tas k performed) .  Othe r 

principa l  component s appea r  no t  t o represen t  typica l 

linguisti c concepts ,  representin g instea d heuristicall y 
usefu l  informatio n forperformin g th e requeste d task . 

I n th e analyse s performe d fo r  Experimen t  9 ,  fo r  ex -

ample ,  on e principa l  compo -

nent  vecto r  seeme d t o repre -

sen t  a  categor y o f  pronoun s 

and objects ,  anothe r  repre -

sente d th e word s "woman " 

and al l  occurrence s o f  th e 

wor d "take "  excep t  th e firs t 

one ,  an d anothe r  th e las t  wor d 

of  eac h sentence . 

th e disambiguatio n task ,  an d 

can b e see n i n a  numbe r  o f  th e 

principa l  components ,  whic h 

themselve s appea r  t o encod e 

differen t  information .  Figur e 5 

illustrate s thi s poin t  i n a  princi -

pal  componen t  tha t  superfi -

ciall y  appear s t o represen t  th e 

wor d "out" ,  a  wor d wit h n o se -

manti c rol e i n th e experimenta l 

storie s use d here .  Significantly , 

th e valu e o f  th e principa l  com -

ponen t  i s maxima l  whe n th e 

wor d "out "  occur s i n a  sentenc e 

wit h a  femal e subject .  Th e net -

wor k predict s th e nex t  wor d o f 

th e inpu t  strea m b y accumulat -

in g contextua l  information ;  i n 

thi s case ,  a  readil y predictabl e 

wor d tha t  precede s a  highl y un -

predictabl e on e (contex t  ex -

cluded )  become s a  carrie r  o f  contextua l  information . 

As expected, the knowledge gained by these 

networks ,  whe n presente d wit h particula r  linguisti c 

samples ,  pertain s directl y t o thos e samples .  Th e net -

wor k thu s ha s a n inherentl y heuristi c  nature ;  th e gen -

eralization s (ar e the y representations? )  acquire d ar e 

usefu l  and/o r  necessar y fo r  performin g on e particu -

la r  task .  Naturally ,  result s base d o n experiment s in -

volvin g suc h smal l  corpor a o f  textua l  sample s canno t 

necessaril y  b e extrapolate d t o th e entiret y o f  huma n 

linguisti c knowledg e an d processing . 

Figur e 4  show s tha t  on e 

of  th e principa l  component s 

encode s th e direc t  object s o f 

th e ambiguou s ver b "tak e 

out" .  Not e tha t  th e gende r  o f 

th e sentenc e subjec t  i s  subtl y 

represente d i n thes e dat a i n 

th e magnitud e o f  th e compo -

nent .  Th e representatio n o f 

gende r  contribute s t o th e 

network' s abilit y  t o perfor m 
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6.  Discussio n 

Much attention has been devoted to the effects of 

contex t  o n huma n comprehensio n o f  sentence s an d 

collection s o f  sentences .  Th e relevan t  contex t  ha s in -

clude d loca l  syntacti c an d semanti c feature s a s wel l 

as broade r  element s o f  textua l  information .  Th e sub -

jec t  o f  lexica l  ambiguit y resolutio n [Small ,  e t  al. ,  1988 ] 

has bee n a  productiv e domai n fo r  studie s o f  thi s type , 

sinc e understandin g th e syntacti c rol e an d semantic s 

of  a  wor d require s knowledg e o f  contex t  a t  man y 

differen t  level s [Small ,  1980] . 

Linguists have attended to the structural features 

of  sentence s an d text s tha t  bea r  o n th e unambiguou s 

interpretatio n o f  subsequen t  linguisti c fragments . 

Psychologist s hav e employe d lexica l  decisio n task s 

[Tanenhaus ,  e t  al. ,  1979 ]  an d auditor y evoke d poten -
tial s [va n Pette n an d Kutas ,  1988 ]  t o gai n informatio n 

abou t  th e tempora l  sequenc e o f  step s performe d b y 

th e brai n t o perfor m wor d o r  sentenc e understand -

ing .  Whil e muc h o f  thi s wor k ha s bee n conducte d i n 

(presumably )  norma l  user s o f  language ,  som e wor k 

has als o bee n don e i n subject s wit h languag e dys -
function ,  suc h a s Broca'saphasia[BatesandWulfeck , 

1989;  Friederic i  an d Kilbom ,  1989 ]  o r  Alzheimer' s 

Diseas e [Nebes ,  e t  al. ,  1986] . 

In the current work, a simple recurrent feed for-

war d connectionis t  networ k learne d t o interpre t 

correctl y th e intende d meanin g o f  th e word s "tak e 
out "  i n context .  A s note d b y Elma n [1989] ,  thedistrib -
ute d connectionis t  approac h lead s t o linguisti c per -

formanc e withou t  explici t  rules .  Furthermore ,  th e 
syntacti c an d semanti c structure s o f  languag e (albei t 

th e ver y simpl e example s studie d s o far )  ar e repre -
sente d i n a  distribute d non-symboli c form .  Whil e i n 

al l  likelihood ,  th e brai n doe s no t  emplo y bac k propa -
gatio n learning ,  i t  doe s appea r  tha t  huma n learnin g 

take s plac e b y weigh t  change s i n respons e t o inpu t 

stimul i  (i f  chemica l  change s a t  synapse s ar e viewe d 
as weigh t  changes) ,  an d tha t  repetitio n o f  stimul i 

potentiate s learnin g [Lynch ,  1986] . 

7. Conclusions and Future Work 

Computational network architectures can learn 

t o perfor m certai n linguisti c task s withou t  an y ex -

plicitl y  code d pre-existin g linguisti c knowledge .  I n 

thes e experiments ,  simpl e network s wer e show n t o 

gai n interna l  linguisti c representation s sufficien t  t o 
interpre t  ambiguou s word s i n context .  Furthermore , 

the y wer e show n t o improv e performanc e wit h (a ) 

shorte r  distanc e betwee n contextuall y importan t 

anteceden t  wor d an d ambiguou s word ;  an d (b )  in -

crease d inpu t  buffe r  siz e fro m on e wor d a t  a  tim e t o 

tw o word s a t  a  time .  Bot h o f  thes e processin g charac -

teristic s hav e a  direc t  bearin g o n understandin g 

human performance . 

The linea r  algebrai c techniqu e o f  principa l  com -

ponent s analysi s wa s use d t o demonstrat e tha t  th e 

networ k gaine d a  distribute d interna l  representatio n 

of  variou s heuristicall y usefu l  concepts .  Thes e con -

cept s includ e th e linguisti c notion s o f  "noun "  an d 

"direc t  object" ,  th e interestin g an d usefu l  notio n o f 

"th e wor d 'out '  i n th e contex t  o f  a  femal e agent" ,  an d 

othe r  potentiall y  usefu l  heuristi c concept s suc h a s 

"las t  wor d i n a  sentence "  an d "perio d a t  th e en d o f  a 

contexuall y importan t  sentence "  (i.e. ,  a  tw o wor d 

anteceden t  sentenc e i n on e o f  th e simpl e stories) . 

Finally, such networks have significant neuro-

logica l  importance .  Peopl e ar e subjec t  t o a  variet y o f 

neurologica l  adversities ,  an d th e pathophysiolog y o f 

many ar e unknown .  Compute r  model s o f  languag e 

tha t  ca n b e disrupte d t o produc e deficit s analogou s t o 

thos e presen t  i n huma n disease ,  suc h a s acquire d 

dyslexi a [Hinto n an d Shallice ,  1989 ;  Moze r  an d 

Behrmann ,  1989] ,  m a y lea d t o bette r  understandin g 

of  thes e diseas e processes .  I n additio n t o illness ,  suc h 

as strok e an d dementia ,  whic h produc e numerou s 
speakin g an d understandin g (an d readin g an d writ -

ing )  problems ,  norma l  agin g als o involve s change s i n 

linguisti c processing .  Perhap s a  "computationa l  neu -

ropsychology "  ca n she d som e ligh t  o n question s tha t 
hav e bee n unanswere d sinc e Broc a [1861] . 
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