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A b s t r a c t 

For  languag e comprehension ,  usin g a n easil y 

specifie d tas k instea d o f  a  linguisti c theoreti c 

structur e a s th e targe t  o f  trainin g an d comprehensio n 

ameliorate s severa l  problems ,  an d usin g constrain t 

satisfactio n a s a  processin g mechanis m ameliorate s 

severa l  more :  namely ,  1 )  stipulatin g a n a  prior i 

linguisti c representatio n a s a  targe t  i s  n o longe r 

necessary ,  2 )  meanin g i s  groundin g i n th e task ,  3 ) 

constraint s from  lexical ,  syntactic ,  an d task -

oriente d informatio n i s  easil y learne d an d combine d 

i n term s o f  constraints ,  an d 4 )  th e dramaticall y 
informal ,  "noisy "  gramma r  o f  natura l  speec h i s 

easil y handled .  Th e tas k use d her e i s a  simpl e jigsa w 

puzzl e wherei n on e subjec t  tell s  anothe r  wher e t o 
plac e th e puzzl e blocks .  I n thi s paper ,  onl y th e tas k 

of  understandin g t o whic h bloc k eac h c o m m a n d 

refer s i s  considered .  Accordingly ,  th e input s t o a 
recurren t  P D P mode l  ar e th e consecutiv e word s o f  a 

command presente d i n tur n an d th e se t  o f  block s ye t 

t o b e place d o n th e puzzle .  Th e outpu t  i s  th e 

particula r  bloc k referre d t o b y th e command .  I n a 

first  simulation ,  th e mode l  i s  traine d o n a n artificia l 

corpu s tha t  capture s importan t  characteristic s o f 

subjects '  language .  I n a  secon d simulation ,  th e 

model  i s  traine d o n th e actua l  languag e produce d b y 

42 subjects .  Th e mode l  learn s th e artificia l  corpu s 

entirely ,  an d th e natura l  corpu s fairl y  well .  Th e 

benefit s o f  embeddin g comprehensio n i n a 

communicativ e tas k an d th e benefit s o f  constraint s 

satisfactio n ar e discussed . 

Introduction 

Understandin g language ,  an d particularl y learnin g t o 

understan d language ,  i s  a  trick y task .  A  variet y o f 

imposin g practica l  an d theoretica l  problem s stan d i n 

th e way .  Thi s pape r  addresse s fou r  o f  thes e 

obstacle s an d show s way s t o surmoun t  the m an d 

gras p a  bette r  understandin g o f  languag e learnin g 
and understandin g alon g th e way . 

The fou r  obstacle s ar e 1 )  h o w t o specif y a 

satisfactor y representatio n o f  th e meanin g o f  th e 

languag e input ,  2 )  h o w t o groun d th e semantic s o f 

concept s use d i n th e communicatio n 3 )  h o w t o 

combin e lexical ,  syntactic ,  an d task-oriente d 

informatio n t o produc e comprehension ,  an d 4 )  h o w 

t o handl e incomplet e an d grammaticall y "noisy " 

languag e suc h a s natura l  spoke n language . 

Th e messag e o f  thi s pape r  i s  tha t  usin g 

constrain t  satisfactio n a s a  processin g mechanis m an d 

employin g th e fac t  tha t  languag e i s  learne d an d use d 

i n th e servic e o f  performin g a  tas k goe s a  lon g wa y 

towar d surmountin g thes e obstacles .  First ,  I'l l 
briefl y discus s eac h obstacl e i n tur n an d sho w h o w 

thes e tw o idea s ca n addres s them .  The n I'l l  presen t 

tw o simulation s tha t  sho w thes e tw o idea s a t 

work .  Thi s pape r  concentrate s o n th e first  tw o 
obstacle s an d point s t o preliminar y wor k t o addres s 

th e remainder . 

Obstacles 

Th e first  obstacl e i s  th e nee d t o stipulat e a 
linguistic-theoreti c representatio n a s th e targe t  o r 

resul t  o f  comprehension .  O n e wel l  k n o w n an d 

usefu l  representatio n i s  themati c cas e roles ,  suc h a s 

agen t  an d patien t  (Fillmor e 1968) .  Unfortunately , 

cas e role s ar e know n t o eithe r  proliferat e i n numbe r 

OT t o becom e inexac t  a s situation s becom e mor e 

divers e an d complicated .  Specifyin g th e feature s 

tha t  charactCTiz e concept s i s similarl y difficul t 

Additionally ,  al l  bu t  th e mos t  trivia l 

languag e require s somethin g lik e embedde d 

proposition s t o specif y th e relation s betwee n 

concepts .  Suc h symboli c representation s impos e 

stron g assumption s abou t  th e representatio n o f  th e 

results  o f  comprehensio n an d plac e a  particularl y 

heav y burde n o n Paralle l  Distribute d Processin g 

(PDP)  model s sinc e proposition s ar e virtuall y 

impossibl e t o represen t  i n a  singl e vecto r  o f  units . 

Severa l  P D P model s hav e attempte d t o 
handl e thi s problem .  Miikkulaine n an d Dye r 

(1991) ,  St .  Joh n (1992) ,  an d Touretzk y an d Hinto n 

(1985 )  represente d multipl e proposition s 

concurrentl y i n a  hidde n layer .  Individua l 

proposition s coul d b e pulle d ou t  on e a t  a  tim e fo r 
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inspection .  No t  onl y i s thi s pul l  ou t  schem e 

awkward ,  bu t  individua l  proposition s stil l  canno t 

contai n embedding s sinc e ther e i s stil l  n o w a y t o 

represent  th e cas e wher e on e argumen t  i n a 

propositio n i s a  whol e othe r  proposition .  Pollack' s 

R A A M mode l  (1988 )  allowe d distribute d 

representations  i n th e outpu t  layer ,  bu t  trainin g 

stil l  require d thes e representations  t o b e unpacke d 

int o thei r  fundamenta l  components . 
Th e solutio n propose d her e i s t o defin e th e 

targe t  t o b e som e easil y represented  task .  Fo r 

example ,  imagin e tw o pe<^l e solvin g a  jigsa w 

puzzl e wher e on e perso n command s th e othe r  wher e 

t o plac e th e blocks .  Th e listener' s jo b i s t o 

understan d th e languag e inpu t  an d the n mov e a 

block .  T h e targe t  ca n b e a  simpl e representation  o f 

th e update d stat e o f  th e puzzl e afte r  eac h command . 

Th e benefi t  i s  tha t  th e tas k i s eas y t o re^n^sent,  an d 

th e comple x linguisti c structur e o f  th e languag e i s 

hidde n insid e th e listener .  I f  w e mak e th e listene r  a 

P DP model ,  th e outpu t  ca n b e th e task ,  an d an y 

linguisti c structure s require d t o comput e th e ouQ)u t 

resid e internall y i n th e hidde n layers . 

Th e secon d obstacl e i s th e nee d t o defin e th e 

meanin g o f  concept s i n th e language .  Again ,  th e 

researche r  m a y b e require d t o specif y thi s 

information ,  fo r  example ,  b y codin g a  se t  o f 

semanti c feature s fo r  eac h concept .  I n contrast , 

A U en (1987) ,  EUna n (1990) ,  Miikkulaine n an d Dye r 

(1991) ,  an d S l  Joh n an d McClellan d (1990 )  showe d 

tha t  th e tas k itsel f  ca n b e use d t o specif y th e 

semantics .  Tha t  is ,  th e neede d semantic s ca n b e 

learne d b y a  mode l  i n th e servic e o f  solvin g som e 

task .  Thes e model s learne d whic h concept s ar e see n 

wit h whic h othe r  concepts .  Semantics ,  i n thes e 

models ,  i s  define d b y th e co-occurrenc e statistic s o f 

th e concept s i n th e corpu s o f  trainin g examples . 

Th e approac h take n i n th e puzzl e tas k i s t o 

hav e th e mode l  lear n th e meaning s o f  word s lik e 

"big "  an d "blue "  an d th e ramification s o f  syntacti c 

form s i n term s o f  thei r  abilit y  t o hel p determin e t o 

whic h bloc k th e speake r  i s referring.  Thus ,  word s 

and synta x ar e learne d t o b e define d i n term s o f 

thei r  communicativ e functions .  Thi s ide a o f 

languag e meanin g a s languag e us e i s develope d muc h 

mor e full y b y Clar k (1985) .  Havin g th e targe t 

actuall y b e som e performe d task ,  a s i s th e cas e i n 

thi s paper ,  make s thi s poin t  especiall y clear . 

Th e thir d obstacl e i s th e nee d t o combin e 

informatio n fi-om  words ,  syntax ,  an d th e tas k t o 

understan d th e c o m m a n d specifie d b y th e speaker . 

Speaker s ofte n rel y o n th e situatio n t o conve y 

importan t  information .  Constrain t  satisfactio n i s a 

powerfu l  mechanis m fo r  performin g thi s process . 

Eac h piec e o f  informatio n fro m an y sourc e i s viewe d 

as a  separat e constrain t  Thes e constraint s ar e 

combine d t o comput e a  single ,  coheren t 

interpretatio n (cf .  S t  John ,  1992) . 

Th e fourt h obstacl e i s th e nee d t o handl e 

th e grammatica l  infcMtnalit y o f  natura l  speech . 

Informa l  construction s suc h a s repetitions,  restarts , 

and ellipse s ar e s o c o m m o n tha t  the y reall y ar e th e 

rul e an d no t  th e exception .  A s such ,  the y mus t  b e 

treate d withi n th e norma l  cours e o f  processing . 

Constrain t  satisfactio n i s wel l  suite d t o thi s task . 

W h en th e languag e i s viewe d a s a  se t  o f  constraints , 

th e importan t  facto r  i s tha t  ther e b e sufficien t 

constraint s t o specif y th e communication ,  no t  tha t 

th e communicatio n correspon d t o a  specifi c 

grammatica l  form . 

Recen t  model s i n th e literatur e tha t  handl e 

informa l  grammatica l  form s (Lehman ,  1990 )  an d 

ellipsi s (Frederkin g 1988 )  first  assum e tha t  inpu t 

languag e wil l  b e grammatical ,  an d onl y whe n th e 

norma l  processe s fai l  d o the y perfor m a  time -

consumin g searc h fo r  correction s o r  addition s tha t 

wil l  produc e grammatica l  an d sensibl e parses .  Th e 

constrain t  satisfactio n alternativ e i s t o us e th e 

availabl e constraint s t o comput e a n interpretatio n 

and onl y concer n itsel f  wit h th e gramma r  t o th e 

exten t  tha t  i t  inform s tha t  computation . 

wmmm 

A B C D E F G H I 
Figur e 1 .  Th e jigsa w puzzle .  Piece s o f  varyin g shapes ,  sizes ,  an d color s ar e plac e o n a n outhne d figure. 
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Tas k 

The tas k t o b e us e her e i s th e simpl e puzzl e tas k 

introduce d above .  Subjects .  U C S D undergraduates , 

wer e aske d t o solv e a  serie s o f  thre e simpl e jigsa w 

puzzles .  Eac h puzzl e consiste d o f  si x  woode n 

block s o f  varyin g shapes ,  sizes ,  an d color s tha t  ha d 

t o b e place d o n a n outline d figure .  Unplace d block s 

wer e arrange d o n tw o mat s abov e th e puzzl e figure 

(se e figure  1) .  Th e tric k wa s tha t  th e subject s wer e 

require d t o si t  o n thei r  hand s an d tel l  th e 

experimente r  wher e t o m o v e th e blocks .  Th e figure 

was labele d wit h Cartesia n coordinate s t o facilitat e 

thi s task .  Subjects '  spoke n command s wer e recwde d 

and transcribed . 

Sinc e ther e i s  considerabl e linguisti c 

complexit y i n jus t  referring  t o whic h bloc k wa s t o 

be moved ,  I  wil l  concentrat e o n jus t  thi s bloc k 

referenc e tas k i n thi s paper . 

Simulation 1 - Artificial Corpus 

Ratho ^  tha n procee d directl y t o th e natura l  corpu s o f 

commands produce d b y subjects ,  I  wil l  begi n wit h a 

corpu s constructe d b y hand .  A n artificia l  copu s i s a 

goo d plac e t o star t  th e investigatio n becaus e feature s 

of  th e languag e ar e easil y controlled .  A s a  furthe r 

simplification ,  thi s corpu s contain s onl y firs t  move s 

i n th e puzzl e tas k rather  tha n whol e serie s o f 

consecutiv e moves .  Thi s restriction  wil l  b e remove d 

i n th e secon d simulation . 

C o m m a n ds wer e compose d from  a  smal l  se t 

of  adjective s (small ,  big ,  square ,  red ,  blue ,  an d 

green) ,  an d phras e types ,  such  a s simpl e nou n 

phrases ,  relativ e clauses ,  an d prepositiona l  phrases . 

The command s als o mad e us e o f  "left" ,  "right" ,  an d 

"middle "  tha t  requir e payin g attentio n t o wor d 

order ,  fo r  example ,  "th e lef t  block, "  "th e right 

bloc k tha t  i s  o n th e lef t  page, "  an d "th e lef t  bloc k 

on th e lef t  page. "  Finally ,  block s coul d b e 

referenced  i n term s o f  othe r  blocks ,  fo r  example , 
"th e bloc k o n th e right  o f  th e bi g blu e block. " 

Al l  together ,  ther e wer e 13 8 commands . 

Severa l  provision s wer e mad e t o insur e tha t  th e 

corpu s wa s combinatori c i n th e sens e tha t  roughl y 

equa l  number s o f  command s referring  t o eac h o f  th e 

si x blocks ,  an d adjective s an d relativ e term s applie d 

t o eac h relevan t  bloc k i n roughl y equa l  numbers .  A 

combinatori c corpu s insure s tha t  th e mode l  wil l 

lear n th e pur e meanin g o f  eac h ter m withou t 

becomin g muddie d b y biase s i n frequency.  O f  cours e 

th e rea l  worl d m a y no t  b e s o kind ,  an d th e secon d 
simulatio n addresse s thi s issue . 

Example Commands 
th e bi g blu e bloc k tha t  i s  o n th e righ t  o f  th e lef t  pag e 
th e bi g bloc k tha t  i s  o n th e righ t  o f  th e lef t  pag e 
th e bi g re d bloc k tha t  i s  o n th e lef t  o f  th e right  pag e 
th e smal l  blu e bloc k 
th e smal l  re d bloc k tha t  i s  o n th e lef t  o f  th e bi g blu e bloc k 

Architecture. The architecture is a simple recurrent 
networ k (Ebna n 1990 )  wherei n th e activatio n i n th e 

interna l  hidde n lay w i s  copie d bac k t o th e inpu t 

laye r  o n eac h consecutiv e step .  A  recurren t  networ k 

i s usefu l  becaus e i t  allow s eac h wor d t o b e processe d 

sequentiall y b y th e sam e se t  o f  weights,  ye t  allow s 

informatio n fro m previou s word s t o b e carrie d 

forward .  Th e mode l  cycle s throug h a  c o m m a n d on e 

wor d a t  a  time ,  wit h activation s fro m th e hidde n 

laye r  bein g copie d bac k t o th e inpu t  o n eac h 

consecutiv e ste p (se e figure  2) .  Th e inpu t  i s  a 

command,  a  representatio n o f  th e block s ye t  t o b e 

place d o n th e puzzle ,  an d th e activation s from  th e 

recurren t  hidde n layer .  O n e uni t  i n th e inpu t  laye r 

was use d t o represen t  eac h possibl e word ,  an d a s th e 

model  worke d throug h a  command ,  th e curren t  wor d 

was activate d i n th e inpu t  laye r  an d th e previou s 

wOTd wa s removed .  Whil e th e inpu t  laye r  i s 

therefw e loca l  i n it s  representatio n o f  individua l 

w w d s,  th e interna l  hidde n laye r  i s  free  t o develo p 

mor e efficien t  distribute d representations . 

The representatio n o f  to-be-place d block s 

was simpl y t o activat e on e uni t  fo r  eac h remainin g 

block .  Ther e wa s n o featur e descriptio n o f  an y 
block .  Becaus e thi s simulatio n deal s onl y wit h th e 

firs t  c o m m a n d i n th e puzzle ,  al l  si x  block s wer e 

activate d fo r  eac h command . 

Th e outpu t  an d targe t  fo r  th e tas k wa s t o 

activat e on e uni t  fo r  th e bloc k referred  t o b y th e 
command.  Th e targe t  i s  specifie d afte r  eac h word . 

Inpu t 

W o i d s / B l o c k s 

Recurren t 

Hidde n Bloc k Outpu t 

Figur e 2 .  Th e architectur e o f  th e network .  Se e tex t  fo r  details . 
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That  is ,  th e mode l  i s  aske d t o produc e th e correc t 

targe t  eve n afte r  jus t  th e first  wor d o f  a  c o m m a n d i s 

presented .  Erro r  betwee n th e targe t  an d th e model' s 

respons e i s  use d t o chang e th e weight s o f  th e 

networ k vi a th e backpropagatio n algorith m 

(Rumelhart .  Hinton .  an d Williams ,  1986) .  Thi s 

trainin g procedur e require s th e mode l  t o extrac t  th e 

most  informatio n fro m eac h incomin g word . 

Ther e wer e 1 7 unit s fo r  word s an d 6  unit s 

fo r  block s i n th e inpu t  layer ,  4 0 unit s i n bot h th e 

recurren t  an d hidde n layers ,  an d 6  unit s fo r  block s i n 

th e outpu t  layer . 

Results and Discussion. The model was trained 

fo r  200 0 epoch s (trip s throug h th e trainin g corpus ) 

wit h a  learnin g rate  o f  .01 .  Th e mode l  mastere d th e 

ccxpu s entirel y b y activatin g onl y th e correc t  bloc k 

fo r  eac h c o m m a n d i n th e corpus . 

Thi s master y demonstrate s a  numbe r  o f 

points .  First ,  th e mode l  i s  abl e t o lear n an d 

correctl y combin e a  numbe r  o f  partia l  constraint s t o 

activat e th e correc t  block .  Fo r  example ,  bot h "big " 

and "red "  refe r  t o tw o blocks ,  bu t  togethe r  the y 

specif y onl y on e block .  Eac h adjectiv e act s a s a 

constrain t  o n th e specificatio n o f  a  block .  Th e 

proces s o f  constrain t  satisfactio n embodie d i n th e 

networ k work s wel l  t o combin e thes e constraints . 

Second ,  th e mode l  learn s t o proces s relativ e 

clauses ,  prepositiona l  phrases ,  an d wor d orde r 

c(HTectly .  C o m m a n ds lik e "th e smal l  bloc k tha t  i s 

o n th e lef t  o f  th e bi g blu e block "  describ e tw o 

blocks ,  ye t  th e mode l  pick s th e correc t  on e a s th e 

referwit .  C o m m a n ds lik e "th e bloc k tha t  i s  o n th e 

lef t  o f  th e righ t  page "  an d "th e bloc k tha t  i s  o n th e 

right  o f  th e lef t  page "  refe r  t o differen t  block s an d 

so requir e handlin g th e o rd w o f  lef t  an d right 

cwrectly . 

EC 

•= C 
• : 

th e n n 
bloc k Q 
tha t 
i s 
on 
th e 
lef t 
of 
th e 
right 
page 

• 2 

13 

S 
S 
I D 
s 

m 

1 2 3 4 5 6 

th e I I  l U I I 
smal l  h M U J J 
blu e •  il l  I I 
bloc k H i n u n 

1 2 3 4 5 6 

th e ra 
bloc k C Q 
tha t  C a 
i s • : 

L I 
L I 

on 
th e 
lef t 
of 
th e 
square ! 
blu e m 
bloc k 

3=D 
a=a 
ai E 
3=a 
u : 
m 

EE 

111 •  I 
1 2 3 4 5 6 

Figur e 3 .  Processin g commands .  Th e outpu t  activa -
tion s (block s 1-6 )  ar e show n afte r  processin g eac h word . 

A simpl e wa y t o observ e wha t  th e networ k 

has learned ,  an d t o confir m tha t  i t  ha s no t  simpl y 

memorize d th e trainin g set ,  i s  t o observ e th e 

activatio n o f  th e outpu t  unit s a s a  c o m m a n d i s 

processed .  I f  th e activation s throughou t  th e 

c o m m a nd reflec t  th e constraint s o n meanin g impose d 

by eac h ne w word ,  w e ca n hav e greate r  confidenc e 

tha t  th e mode l  ha s learne d thos e constraints .  Figur e 

3 provide s thre e examples .  Th e outpu t  activation s 

fo r  th e si x  block s ar e show n i n blac k afte r  eac h 

wor d o f  a  c o m m a n d i s processed . 

Third ,  th e model' s understandin g o f  word s 

derive s fro m th e tas k -  th e word s functio n t o 

differentiat e th e block s an d determin e t o whic h on e 

a c o m m a n d refers.  Th e semantic s o f  th e terms ,  then , 

i s  grounde d i n thei r  function s i n th e puzzl e task . 

Fourth ,  neithe r  th e semantic s no r  an y 

linguistic-theoreti c structure s ha d t o b e specifie d i n 

th e inpu t  o r  target .  Th e inpu t  wa s th e sequenc e o f 

words ,  an d th e targe t  wa s simpl y th e bloc k 

referenced  b y th e command .  T o whateve r  exten t 

cas e roles ,  embedde d propositions ,  o r  tre e structure s 

neede d t o b e compute d fo r  th e task ,  the y wer e 

represented  an d compute d internall y i n th e hidde n 

laye r  o f  th e network . 

Simulation 2 - Natural Corpus 

A fres h networ k wa s traine d o n a  larg e corpu s o f 

commands produce d b y actua l  subject s solvin g th e 

puzzl e task .  Th e result s from  thi s simulatio n ar e 

preliminary ,  bu t  the y demonstrat e importan t  points . 

A natura l  corpu s i s  interestin g i n a  numbe r 

of  ways .  Foremost ,  th e gramma r  use d b y actua l 

subject s i s  highl y informa l  an d th e languag e i s 

frequently  vagu e sinc e subject s ca n rel y t o a  larg e 

exten t  o n th e puzzl e situatio n t o conve y 

information .  Nearl y ever y c o m m a n d containe d 

repetitions  o f  word s o r  phrases ,  restarts ,  o r  ellipses . 

A secon d interestin g aspec t  o f  th e natura l 

corpu s i s  tha t  subject s solve d entir e puzzles ,  an d 

thes e sequence s o f  bloc k command s demonstrate d 

importan t  tas k constraints .  Mos t  importantly , 

thCT e wa s a  roug h standar d orde r  fo r  placin g block s 

on th e puzzles :  essentiall y  from  th e mos t 

constrainin g bloc k t o th e leas t  constrainin g block . 

Ther e wa s substantia l  variabilit y i n th e ordering , 

but  statistically ,  a n orderin g i s  evident .  I f  th e 

comprehensio n syste m ca n utiliz e thes e constraints , 

i t  ca n resolv e otherwis e ambiguou s languag e an d i t 

ca n generall y eas e it s comprehensio n tas k whe n thes e 

constraint s ar e redundan t  wit h th e languag e o f  a 

command.  Fo r  example ,  i f  on e o f  th e tw o re d 

block s ha s alread y bee n placed ,  th e otherwis e 

ambiguou s referenc e "th e re d block "  become s clear . 
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Finally ,  subject s wer e allowe d t o chang e 

th e position s o f  block s an d star t  over .  Therefore , 

consecutiv e referwice s t o th e sam e block s coul d 

occur .  Subject s almos t  invariabl y use d relative 

term s lik e "it "  o r  "thos e blocks. "  Anothe r  relativ e 

ter m i s "th e block  o n th e left. "  Afte r  th e first 

bloc k o n th e lef t  i s  placed ,  th e secon d bloc k become s 

th e ne w bloc k o n th e left .  Th e mode l  mus t  bin d 

thes e relativ e term s t o th e correc t  bloc k o n eac h 

occasion . 

Architecture. The architecture was identical to the 

previou s architectur e excep t  tha t  man y mor e word s 

wer e use d b y subjects ,  613 ,  an d therefor e mor e 

word s wer e represente d i n th e inpu t  layer .  Th e on e 

differenc e i n trainin g wa s tha t  th e representatio n o f 

to-be-place d block s wa s update d fro m c o m m a n d t o 

command throughou t  th e cours e o f  solvin g a 

puzzle .  Betwee n commands ,  th e activatio n o f  th e 

hidde n laye r  wa s copie d t o th e inpu t  layer ,  a s withi n 

commands.  Th e recurren t  laye r  wa s onl y rese t  t o 

zer o activation s betwee n puzzles .  Th e corpu s 

containe d 4 2 speaker s an d a  tota l  o f  149 5 commands . 

Results and Discussion. The model was trained 

fo r  40 0 epoch s wit h a  learnin g rat e tha t  graduall y 

droppe d fi-om  .00 5 t o .002 .  Th e mode l  activate d th e 

correc t  block  mos t  strongl y o n 7 8 % o f  th e 

commands.  Th e traine d mode l  wa s als o teste d o n a 

corpu s o f  3  nove l  subjects .  I t  performe d correctl y 

on 5 3 % o f  th e 13 4 nove l  commands .  Thes e figures 
ar e certainl y no t  great ,  bu t  a n examinatio n o f  th e 
model' s successe s an d failure s i s illuminating . 

First ,  th e mode l  handle s th e informalit y o f 
th e gramma r  ver y well .  Ellipsi s o f  noun s an d entir e 

phrases ,  restarts ,  an d repetition s caus e n o troubl e 

fo r  th e model .  Fo r  example ,  command s lik e "th e 

blue ,  th e bi g blue ,  no ,  yeah ,  th e big "  ar e processe d 

correctly . 

Th e mode l  als o handle s th e relativ e term s 
"it "  an d "left "  correctly ,  an d use s th e tas k 

constraint s t o understan d otherwis e ambiguou s 

reference s lik e "th e re d block "  discusse d above . 
The mode l  acquire s th e roug h standar d orde r 

of  bloc k placement s readily ,  an d eve n to o well . 

That  is ,  o n man y occasions ,  a  subjec t  wil l  violat e 

th e standar d wder .  Dependin g o n th e violation ,  th e 

model  wil l  eithe r  follo w th e languag e o r  follo w 

th e standar d order .  M o r e egregiou s violation s o f 

order ,  fo r  exampl e choosin g th e smallest ,  leas t 

constrainin g block  first,  ar e quit e rar e i n th e 

corpus .  I n thes e cases ,  th e mode l  wil l  overrid e th e 

languag e inpu t  an d activat e th e standar d first  block . 

T o som e exten t  thi s effec t  i s  reasonable . 

thoug h overl y strong .  A  numbe r  o f  researcher s hav e 

foun d tha t  semanti c constraint s ca n overrid e th e 

languag e input .  A  tellin g exampl e i s t o as k subject s 

"ho w man y animal s o f  eac h kin d di d Mose s tak e o n 

th e ark? "  Mos t  subject s respon d "two "  withou t 

noticin g tha t  Mose s i s no t  th e correc t  biblica l  figure 

(Erickso n an d Mattson ,  1981 ;  an d Rede r  an d 

Geeremans .  1990) .  Thi s effec t  ca n b e viewe d i n 

term s o f  constrain t  satisfactio n a s a  cas e wher e 

conflictin g constraint s ar e presen t  T h e tas k 

constraint s representin g th e standar d orde r  ar e 

stronge r  tha n th e language-base d constraints ,  an d th e 

understande r  goe s wit h th e stronge r  se t  o f 

constraints . 

I n fact ,  i t  i s  difficul t  t o reall y k n o w h o w 

ofte n tas k constraint s pla y a n importan t  rol e i n 

everyda y comprehension .  I t  seem s reasonabl e t o 

believ e tha t  the y actuall y pla y a  rathe r  larg e role , 

and tha t  tell-tal e case s o f  conflic t  betwee n tas k 

constraint s an d languag e constraint s ar e jus t  rare . 

Thi s overridin g o f  th e languag e input ,  however ,  i s 

fa r  mor e frequen t  i n th e mode l  tha n fo r  th e 

experimente r  listenin g t o th e subjects .  Fo r  thi s 

reason ,  i t  seem s necessar y t o reduc e th e effec t  o f  th e 

tas k constraints . 

Th e questio n i s wha t  change s t o th e corpu s 

ar e neede d t o switc h th e relativ e strengt h o f  th e tas k 

and languag e constraints ? O n e solutio n i s suggeste d 

by th e artificia l  corpus .  Namely ,  reduc e th e 

strengt h o f  th e tas k constraint s b y makin g th e 

frequenc y o f  differen t  c o m m a n d s similar .  Reducin g 
th e regularitie s an d increasin g th e combinatoric s o f 

th e languag e i n th e corpu s wil l  forc e th e mode l  t o 
lear n stron g languag e constraints .  Thi s solutio n 

strateg y wa s pursue d b y S l  Joh n (1992 )  i n a 
simulatio n stud y o f  tex t  comprehension . 

Anothe r  potentia l  solutio n i s t o provid e th e 
model  wit h a  pre-tiainin g tas k i n whic h ther e ar e n o 

regularitie s asid e fro m th e languag e itself .  Th e 

model  woul d lear n stron g languag e constraint s tha t 
i t  coul d the n transfe r  t o th e puzzl e task . 

I n general ,  a  mor e combinatori c corpu s wit h 
fe w semanti c constraint s produce s essentiall y 
contex t  fre e languag e constraints :  eac h wor d mean s 

what  i t  say s an d littl e more .  E lma n (1992 )  ha s 

suggeste d tha t  th e wid e rang e o f  languag e context s 

provide d t o childre n a s the y lear n thei r  nativ e 

languag e serve s t o decorrelat e th e languag e fro m an y 

specifi c  context .  Thi s conditio n produce s a  virtuall y 

combinatori c corpu s fo r  childre n t o learn ,  an d 

underlie s thei r  abilit y  t o understan d unexpecte d 

languag e inpu t  i n th e fac e o f  possibl e tas k 

constraint s -  jus t  lik e th e experimente r  i n th e 

puzzl e task .  O n th e othe r  hand ,  th e relatively 
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weake r  tas k constraint s availabl e i n an y give n 

contex t  ca n stil l  facilitat e comprehensio n whe n the y 

cooperat e wit h th e languag e constraints . 

Conclusions 

Th e simulatio n o f  th e natura l  corpu s i s preliminar y 

and mor e wor k i s require d t o mak e th e mode l 

effective .  I n particular ,  som e metho d mus t  b e foun d 

t o chang e th e relativ e strengt h o f  th e languag e an d 

tas k constraints .  Th e strengt h o f  th e tas k 

constraint s does ,  however ,  demonstrat e th e 

powerfu l  abilit y  o f  th e mode l  t o acquir e an d the n 

us e tas k constraint s fo r  comprehension . 

Mo r e generally ,  constrain t  satisfactio n 

provide s a  usefu l  framewor k fo r  learnin g an d usin g 

constraint s fro m differen t  sources ,  whethe r  lexical , 

syntactic ,  o r  task-oriented . 

Constrain t  satisfactio n i s als o a  boo n t o 

processin g infmna l  languag e suc h a s natura l  speech . 

Th e mode l  doe s no t  attemp t  t o matc h a n inpu t  t o a 

know n grammatica l  form .  Instead ,  al l  tha t  i s 

require d o f  an y inpu t  i s tha t  i t  contai n sufficien t 

constraint s t o comput e th e correc t  message ,  an d 

thos e constraint s ca n com e eithe r  fro m th e languag e 

or  th e tas k itself . 

Usin g a n easil y represented  tas k a s th e 

targe t  o f  trainin g provide s othe r  importan t 

advantages .  First ,  i t  provide s th e technica l 

advantag e o f  relievin g th e experimente r  o f  th e 

burde n o f  creatin g a  linguisti c theoreti c 

rq)resentatio n o f  themati c cas e roles,  propositions , 

or  th e like .  Th e experiment s need s onl y t o specif y 
th e task ,  an d th e mode l  i s require d t o lear n whateve r 

representatio n i t  need s t o perfor m tha t  task .  Thi s 

ide a ha s th e potentia l  t o significantl y advanc e th e 

scienc e o f  P D P model s o f  languag e comprehension . 

A potentiall y  limitin g conditio n i s th e 

requiremen t  o f  findin g a n adequat e tas k fo r  whateve r 

languag e i s desire d t o b e learned .  I n thi s pape r  th e 

languag e onl y pertaine d t o referencing  woode n 

blocks .  However ,  wit h som e creativity ,  th e rang e 

of  possibl e task s an d languag e m a y expan d 

considoably . 
O ne othe r  advantag e o f  usin g a  tas k a s th e 

targe t  o f  trainin g i s tha t  th e meanin g o f  concept s 

and word s d o no t  hav e t o b e provide d a  prior i  i n 

eithe r  di e inpu t  ot  th e targe t  Th e mode l  acquire s 

exactl y thos e meaning s necessar y t o perfor m th e 

task .  I n thi s wa y th e ssnantic s o f  th e languag e ar e 

grounde d ou t  i n th e tas k itself :  languag e meanin g a s 

languag e use . 
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