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Abstrac t 
H ow ar e knowledg e intensiv e tex t  comprehensio n 
processe s computed ? Specifically ,  ho w ar e 1 )  explici t 
proposition s remembere d correctly ,  2 )  pronoun s resolved , 
3)  coherenc e an d predictio n inference s drawn ,  4 )  on-goin g 
interpretation s revise d a s mor e informatio n become s 
available ,  an d 5 )  ho w i s  informatio n learne d i n specifi c 
context s generalize d t o nove l  texts ? Th e Stor y Gestal t 
model ,  whic h use s a  constrain t  satisfactio n proces s t o 
comput e thes e processes ,  i s successfu l  becaus e eac h o f  th e 
abov e processe s ca n b e see n a s example s o f  th e sam e 
proces s o f  constrain t  satisfaction ,  constraint s ca n hav e 
strength s t o represen t  th e degree s o f  correlatio n amon g 
information ,  an d th e indepjendenc e o f  constraint s provide s 
insigh t  int o generalization .  I n th e model ,  proposition s 
describin g a  simpl e event ,  suc h a s goin g t o th e beac h o r  a 
restaurant ,  ar e sequentiall y  presente d t o a  recurren t  P D P 
network .  Th e mode l  i s  traine d t o proces s th e text s b y 
requirin g i t  t o answe r  question s abou t  th e texts .  Eac h 
questio n i s th e bar e predicat e fro m a  propositio n i n th e 
tex t  o r  a  propositio n tha t  i s  inferrabl e from  th e text .  Th e 
model  answer s th e questio n b y completin g th e propositio n 
t o whic h th e predicat e belongs .  Th e mode l  accomplishe s 
th e fiv e processin g task s liste d abov e an d provide s 
insigh t  int o ho w a  constrain t  satisfactio n mode l  ca n 
comput e knowledg e intensiv e processe s i n tex t 
comprehension . 

How do readers comprehend text? How do they 
buil d a  representatio n o f  th e even t  t o whic h th e tex t 
refers ? H o w d o the y infe r  importan t  causa l 
informatio n tha t  th e tex t  doe s no t  explicitl y  mention , 
and h o w i s  informatio n fro m differen t  pas t  experience s 
combine d an d modifie d t o fit a  n e w curren t  context ? 
For  example ,  h o w d o reader s comprehend ,  "Jolen e race d 
down th e trac k ahea d o f  he r  rivals .  A t  th e finish  line , 
th e judg e hande d he r  th e trophy, "  an d infe r  tha t  Jolene 
w on th e race ? I n general ,  h o w ar e knowledg e intensiv e 
tex t  comprehensio n processe s computed ? 

I n Chamiak' s (1983 )  mode l  o f  tex t  comprehension , 
a sentenc e i s  processe d int o a  proposition ,  the n a 
semanti c networ k i s  traverse d t o find  a  pat h connectin g 
th e propositio n t o previou s propositions .  Concept s 
alon g th e connectin g pat h constitut e inference s draw n 
t o m a k e a  coheren t  interpretation .  Alternately ,  a s i n 
Schank' s (1981 )  model ,  a  detaile d scrip t  i s  retrieve d 
fro m m e m o r y an d th e tex t  i s mappe d ont o it . 

Thes e model s ar e problemati c i n severa l  ways . 
First ,  i n bot h o f  thes e approaches ,  processin g th e 
explici t  text ,  resolvin g pronouns ,  an d drawin g 

inference s wori c separately .  Second ,  informatio n i s 
represente d i n a n all-or-non e fashio n tha t  doe s no t 
reflec t  th e gradednes s o f  informatio n i n th e rea l 
world .  Fo r  example ,  th e likelihoo d o f  a  causa l 
relationshi p i s  no t  represented .  Third ,  revisio n i s 
difficul t  becaus e change s t o a n all-or-non e 
representatio n ar e necessaril y  drastic .  Consequently , 
thes e system s ar e conservativ e an d rarel y m a k e 
prediction s o r  othe r  risk y inference s tha t  migh t  requir e 
revision . 

A mor e workabl e approac h t o comprehensio n 
processe s i s  offere d b y th e ide a o f  wea k constrain t 
satisfactio n (Rumelhart ,  Smolensky ,  McClelland ,  & 
Hinton ,  1986) .  Th e explici t  tex t  place s constraint s o n 
an interpretation ,  an d th e constrain t  satisfactio n proces s 
compute s th e interpretatio n tha t  bes t  satisfie s thes e 
constraints .  Accordin g t o thi s approach ,  representin g 
th e explici t  text ,  resolvin g pronouns ,  an d drawin g 
inference s ar e par t  an d parce l  o f  th e sam e proces s o f 
constrain t  satisfaction .  Second ,  becaus e constraint s ca n 
be graded ,  degree s o f  likelihoo d an d strength s o f 
relationship s ca n b e represente d an d used .  Third ,  th e 
gradednes s o f  th e representatio n make s revisio n easie r 
an d predictio n inference s les s risky . 

Constrain t  satisfactio n ha s onl y recentl y bee n 
applie d t o highe r  level s o f  tex t  comprehensio n (Allen , 
1987 ;  Dola n &  Dyer ,  1989 ;  Kintsch ,  1988 ; 
Miikkulaine n &  Dyer ,  1989) .  T h e mos t  comprehensive , 
bot h i n processin g an d learning ,  i s  th e Miikkulaine n & 
Dyer  model .  O n e portio n o f  thei r  mode l  combine s 
proposition s int o a  schem a representation .  T h e mode l 
represent s th e proposition s a s vector s o f  activatio n 
acros s a n inpu t  layer ,  sequentiall y  integrate s thes e 
proposition s int o a  schem a representation ,  an d learn s 
th e mappin g fro m proposition s t o schema s throug h 
practice .  T h e mode l  i s  abl e t o perfor m a  numbe r  o f 
importan t  knowledg e intensiv e comprehensio n processes . 

O ne shortcomin g o f  th e Miikkulaine n &  Dye r 
model ,  however ,  i s  tha t  i t  doe s no t  lear n it s  schem a 
representatio n throug h training .  O n e advantag e t o 
learnin g i s  tha t  a  mode l  woul d no t  b e restricte d t o an y 
a prior i  schem a representatio n define d b y a 
programmer .  A  secon d advantag e i s  tha t  th e burde n o f 
developin g a  schem a representatio n fall s t o th e mode l 
an d it s  trainin g environment ,  wher e i t  ultimatel y 
belongs . 

Th e goal s o f  thi s pape r  ar e t o describ e a  constrain t 
satisfactio n mode l  o f  tex t  comprehensio n simila r  t o th e 
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Miikkulainen  &  Dye r  model ,  an d t o ti e it s processin g 
mor e closel y t o a  greate r  se t  o f  psychologica l  result s 
concernin g 1 )  representin g th e explici t  text ,  2 ) 
resolvin g pronouns ,  3 )  drawin g coherenc e an d 
predictio n inferences ,  4 )  revisin g on-goin g 

interpretation s a s n e w informatio n become s available , 
and 5 )  sharin g knowledg e learne d i n differen t 
contexts .  Additionally ,  th e mode l  i s designe d t o lear n 
it s o w n schem a representatio n i n a  hidde n layer .  Thi s 
large r  learnin g componen t  i n th e mode l  shoul d enhanc e 
our  understandin g o f  wha t  i s require d fro m a  corpu s o f 
experiences ,  an d from  th e trainin g tas k pose d t o th e 
model ,  t o achiev e goo d performance . 

Comprehension Tasks 

Representin g Multipl e Propositions .  A  basi c 
requiremen t  fo r  tex t  comprehensio n i s th e abilit y  t o 
represen t  mor e tha n on e propositio n a t  a  tim e withou t 
becomin g confuse d abou t  w h o di d wha t  I n som e 
models ,  however ,  thes e rol e assignment s ar e los t  whe n 
causa l  inference s ar e drawn ,  an d expensiv e additiona l 
processin g i s require d t o recove r  the m (Chamiak , 
1983) . 

Resolving Pronouns. Pronouns create substantial 
ambiguit y i n text .  Languag e cues ,  suc h a s focu s an d th e 
gende r  an d numbe r  o f  a  pronou n provid e som e 
constrain t  o n a n interpretatio n (Corbet t  &  Chang , 
1983 ;  Carpente r  &  Just ,  1977) .  Additionally ,  th e 
situatio n itsel f  ca n ofte n provid e som e constrain t 
(Hirs h &  Brill ,  1980) .  Th e comprehensio n proces s 
shoul d b e abl e t o us e ever y availabl e constrain t  t o hel p 
comput e th e referent .  Finally ,  th e referen t  fo r  a 
pronou n m a y remai n ambiguou s fo r  som e time .  Th e 
model  shoul d b e abl e t o tolerat e thi s ambiguit y an d 
the n us e informatio n a s i t  become s availabl e t o resolv e 
th e pronoun . 

Inferring propositions. Inferred propositions can be 
divide d int o tw o categories .  Coherenc e inference s ar e 
draw n t o explai n o r  justif y th e text ,  an d predictio n 
inference s ar e draw n t o predic t  additiona l  information , 
suc h a s futur e actions ,  tha t  fit  th e context . 

Empirica l  evidenc e suggest s tha t  bot h coherenc e an d 
predictio n inference s ar e drawn ,  bu t  tha t  predictio n 
inference s ar e onl y activate d weakl y accordin g t o th e 
amount  o f  suppor t  provide d b y th e tex t  (Graesser , 
1981 ;  M c K o o n &  Ratcliff ,  1986 ;  bu t  se e Potts ,  Keenan , 
& Golding ,  1988) .  Coherenc e inferences ,  o n th e othe r 
hand ,  ar e full y  activate d becaus e o f  thei r  stronge r 
suppor t  from  th e text .  Model s o f  tex t  comprehensio n 
shoul d consequentl y incorporat e a  mechanis m tha t  use s 
th e degre e o f  suppor t  provide d b y th e tex t  t o determin e 
th e activatio n leve l  o f  inferences . 

Revising an on-going interpretation. Readers revise 
thei r  interpretation s whe n n e w informatio n make s thei r 
initia l  interpretation s unlikel y (Rumelhart ,  1981) .  Th e 

ide a i s tha t  reader s immediatel y updatin g thei r 
interpretation s a s eac h ne w piec e o f  informatio n i s 
processe d (Carpente r  &  Just ,  1977) ,  an d tha t  carefull y 
writte n "garde n path "  text s ca n precipitat e mor e 

dramati c revisions . 

Knowledge sharing and generalization. A critical 
questio n fo r  an y syste m tha t  learn s i s ho w i t  fare s o n 
nove l  examples .  Specificall y i n tex t  comprehension , 
we ca n as k whethe r  knowledg e abou t  peopl e an d event s 
learne d i n specifi c  situation s remain s tie d t o thos e 
situations ,  o r  whethe r  tha t  knowledg e ca n b e share d 
among al l  situations ? Wil l  th e mode l  b e abl e t o 
represen t  an d remembe r  nove l  text s compose d o f 
familia r  pieces ,  o r  wil l  i t  forge t  o r  eve n regulariz e 
nove l  text s t o loo k mor e lik e familia r  texts ? Bartlct t 
(1932) ,  fo r  example ,  presente d Englis h colleg e 
student s wit h highl y unusua l  Native-America n fol k 
tales .  Th e student s forgo t  bizarr e events ,  reorganize d 
sequence s o f  actions ,  an d invente d informatio n tha t  fit 
thei r  interpretations .  O n th e othe r  hand ,  unusua l 
storie s ofte n spu r  ou r  memories .  I t  i s  no t  clea r  whe n 
peopl e represen t  ne w text s correctl y an d whe n the y 
regularize .  A  goo d possibilit y  i s  tha t  forgettin g an d 
regularizatio n increas e wit h th e unusualnes s o f  th e tex t 
sinc e unusua l  storie s depar t  mor e fro m th e reader' s 
repertoir e o f  schemas .  Th e comprehensio n mode l 
shoul d demonstrat e thi s effect . 

Simulation Method 

The model' s tas k i s t o tak e a  tex t  a s inpu t  an d 
understan d th e tex t  s o tha t  th e mode l  ca n answe r 
questions .  A  tex t  ma y leav e ou t  informatio n o r 
contai n pronoun s whic h th e mode l  mus t  resolv e t o 
answe r  question s correctly .  Th e mode l  learn s t o 
comprehen d text s throug h experienc e comprehendin g 
exampl e texts .  Onc e trained ,  th e model' s performanc e 
on eac h tas k ca n b e evaluate d b y usin g exampl e text s 
fro m th e corpu s o r  b y usin g nove l  texts . 

Corpus. The corpus consists of a large number of texts 
tha t  describ e event s i n si x differen t  contexts :  goin g t o 
di e beach ,  restaurant ,  bar ,  park ,  airport ,  o r  race .  Eac h 
tex t  i s  represented  i n th e inpu t  a s a  sequenc e o f 
proposition s tha t  describ e action s o r  attribute s o f  a 
characte r  o r  o f  th e situation . 

A propositio n i s represente d a s a  se t  o f  themati c 
roles :  agent ,  predicate ,  patien t  o r  theme ,  recipien t  o r 
destination ,  location ,  manner ,  an d attribute .  Fo r 
example ,  th e propositio n tha t  convey s th e fac t  tha t  th e 
judg e gav e th e troph y t o Jolene ,  woul d b e 
(agent=judge ,  predicate=gave ,  patient=trophy , 
recipient=Jolene) . 

A propositio n i s represente d i n th e networ k a s a 
vecto r  o f  activatio n values .  Th e concept s ar e 
represente d locally .  Ther e ar e 1 9 unit s t o represen t 
eac h o f  th e 1 9 agents ,  3 4 differen t  unit s t o represen t 
eac h o f  th e 3 4 patients ,  an d s o on .  I t  i s  importan t  t o 
understan d tha t  th e localis t  representatio n pertain s 
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onl y t o th e inpu t  an d outpu t  layers .  Th e interna l 
hidde n layer s ar e free  l o develo p distribute d 
representations . 

The corpu s o f  text s i s generate d fro m a  se t  o f  si x 
scripts ,  on e fo r  eac h contex t  Proposition s i n eac h 
scrip t  ar e chose n probabilisticall y t o b e include d i n a 
particula r  text . 

Acros s th e si x scripts ,  th e tota l  numbe r  o f  differen t 
event s i s 28,480 .  Fo r  example ,  i n th e restauran t  script , 
ther e ar e 2 0 differen t  sequence s o f  event s involvin g tw o 
of  te n possibl e character s an d on e o f  fou r  possibl e 
vehicle s fo r  a  tota l  o f  720 0 restauran t  event s (2 0 *  1 0 * 
9 * 4 ) .  Th e numbe r  o f  possibl e inpu t  text s i s muc h 
highe r  becaus e o f  pronoun s an d missin g propositions . 

Architecture and Training Regime. The architecture 
i s simila r  t o tha t  o f  St .  Joh n &  McClelland' s (1990 ) 
sentenc e processin g mode l  an d Miikkulaine n &  Dyer' s 
(1989 )  tex t  processor .  Th e mode l  processe s 
proposition s on e a t  a  tim e t o iterativel y buil d an d 
refin e a  representatio n o f  th e whol e text .  Th e networ k 
i s traine d t o perfor m thi s tas k b y receivin g feedbac k o n 
comprehensio n questions .  Th e question s provid e a 
predicat e fro m a  propositio n i n th e even t  an d th e 
networ k  i s require d t o complet e th e whol e proposition . 

The networ k ca n b e divide d int o tw o part s accordin g 
t o thei r  functions .  Par t  A  o f  th e networ k (se e Figur e 
1)  sequentiall y  processe s proposition s t o refin e it s 
interpretatio n o f  th e text .  Th e inpu t  consist s o f  th e 
curren t  propositio n an d a  cop y o f  th e activation s o f  th e 
unit s i n th e stor y gestal t  laye r  o n th e previou s cycle . 
At  th e beginnin g o f  eac h text ,  th e activation s i n th e 
previou s stor y gestal t  laye r  ar e 0.0 .  Activatio n feed s 
forwar d t o produc e a  ne w stor y gestal t  tha t  represent s 
what  i s know n abou t  th e tex t  interpretatio n a t  tha t 
poin t  i n processing .  O n eac h ne w cycle ,  th e nex t 
propositio n i n th e tex t  replace s th e last ,  an d th e stor y 
gestal t  activation s ar e copie d t o th e previou s stor y 
gestal t  layer . 

Par t  B  o f  th e networ k perform s th e questio n 
answerin g computation .  A  questio n i s create d b y 
removin g everythin g excep t  th e predicat e fro m a 
proposition .  Activatio n fro m th e questio n an d th e 
stor y gestal t  fee d forwar d t o th e complet e propositio n 
layer . 

curren t 
ropositio n 

mter -
medi a 

C previou s " s 
stor y ges ta l t x 

Ther e ar e 13 6 unit s i n th e curren t  propositio n layer , 
100 unit s i n th e stor y gestal t  an d previou s stor y gestal t 
layers ,  10 0 unit s i n th e intermediat e layers ,  3 4 unit s i n 
th e questio n layer ,  an d 13 6 unit s i n th e complet e 
propositio n layer . 

Afte r  a  propositio n i s presented ,  th e mode l  i s 
traine d o n th e par t  o f  a  tex t  tha t  ha s bee n presente d i n 
th e inpu t  u p t o tha t  point .  Afte r  th e first  proposition , 
th e mode l  i s aske d onl y abou t  th e firs t  proposition . 
Afte r  th e secon d propositio n i s presented ,  th e mode l  i s 
aske d abou t  bot h th e first  an d secon d propositions . 
Proposition s tha t  ar e missin g fro m th e inpu t  ar e onl y 
aske d abou t  afte r  the y hav e bee n skippe d i n th e input . 
For  example ,  i f  th e thir d propositio n wer e missing ,  th e 
model  woul d onl y b e aske d abou t  i t  afte r  th e fourt h 
propositio n wer e presented . 

Befor e trainin g o n th e corpu s began ,  th e mode l  wa s 
traine d o n single ,  rando m propositions .  Th e 
proposition s wer e generate d b y randoml y activatin g on e 
uni t  i n eac h themati c role ,  an d th e mode l  wa s require d 
t o reproduc e tha t  propositio n i n th e output .  Th e 
purpos e o f  thi s trainin g wa s t o hel p th e mode l  lea m t o 
remember  th e proposition s actuall y presente d b y 
learnin g t o m a p singl e proposition s fro m th e inpu t  t o 
th e output .  Onc e thi s mappin g wa s bee n learned ,  th e 
model  wa s traine d o n whol e texts .  S o tha t  th e mode l 
woul d no t  immediatel y los e th e mappin g i t  learne d i n 
th e pretraining ,  th e random ,  singl e propositio n trainin g 
continue d o n 2 0 % o f  th e trainin g uials . 

Simulation Results 

Th e mode l  wa s pretraine d o n th e singl e proposition s 
unti l  th e tota l  su m square d erro r  acros s th e outpu t  fel l 
belo w .05 .  Thi s trainin g itsel f  require d 145,00 0 
trainin g trial s wit h a  learnin g rat e o f  .001 .  Th e mode l 
was the n traine d o n text s fo r  160,00 0 trial s wit h mor e 
singl e proposition s mixe d i n betwee n trials .  Th e 
learnin g rat e wa s .0001 ,  an d th e m o m e n t u m wa s .9 . 
Finally ,  20,00 0 mor e text s wer e traine d usin g a 
m o m e n t u m o f  0 .  Th e model' s performanc e wa s the n 
evaluated . 

Pronoun resolution and inference. The model's 
performanc e her e i s describe d b y example .  A  tex t 
abou t  visitin g a  restauran t  i s presente d t o th e mode l 

C questio n ^ 

^̂:*̂»*•x•.x•»:|:•̂̂̂̂̂.••̂>̂;•:•:•:•:•:•:•:•̂: • cop y 

o n y 
complet e 

propositio n mter -
media t 

stor y gestal t 

»:->x-w»:-;«'.'>»>>:->x->x-:''::--:': -

Figur e 1 .  T h e architectur e o f  th e Stor y Gestal t  network .  Th e boxe s highligh t  th e functiona l  parts :  Are a A 
proces s th e proposition s int o th e stor y gestalt .  Are a B  processe s th e stor y gestal t  int o th e outpu t  proposition s 
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tha t  contain s a  pronou n an d tha t  skip s severa l 

propositions . 
T h e restauran t  scrip t  contain s a  numbe r  o f 

regularities ,  tha t  i f  learned ,  ca n b e use d t o hel p 
perfor m thes e tasks .  O n e suc h regularit y i s tha t  th e 
characte r  w h o order s als o pay s th e bil l  an d receive s 
bac k hi s credit-card .  Give n whic h characte r  performe d 
an y o f  thes e tasks ,  th e mode l  ca n infe r  w h o performe d 
th e othe r  two .  A s th e exampl e belo w shows ,  give n 
tha t  Clemen t  pai d th e bill ,  th e mode l  i s abl e t o infe r 
tha t  h e als o ordered ,  an d tha t  h e wa s returne d hi s credit -
card .  I n effect ,  th e mode l  ha s assigne d Clemen t  t o th e 
"payer "  scrip t  rol e an d ha s instantiate d th e characte r  i n 
eac h relevan t  propositio n t o b e Clement . 

Input Text 
Alber t  an d Clement ,  decide d t o go ,  restauran t 
restaurant ,  quality ,  expensiv e 
Clement ,  paid ,  bill ,  restauran t 
H e,  tipped ,  waiter ,  restaurant ,  smal l 

S o me Missin g bu t  Inferre d Proposition s 
restaurant ,  distance ,  fa r 
Clement ,  ordered ,  chea p win e 
waiter ,  returned ,  Clement ,  credit-car d 

Another regularity is that, in the corpus, expensive 
restaurant s ar e alway s fa r  awa y an d chea p restaurant s 
ar e alway s nearby .  I f  th e mode l  ha s learne d thi s 
regularity,  i t  ca n us e th e explici t  informatio n tha t  th e 
restauran t  i s expensiv e t o infe r  tha t  i t  i s  fa r  away .  A s 
th e exampl e shows ,  th e mode l  draw s thi s conditiona l 
inference . 

Finally ,  th e mode l  ca n dra w inference s base d o n a 
previou s experienc e wit h particula r  characters .  T h e 
model  use s previou s experienc e wit h Clemen t  t o infe r 
tha t  h e wi U orde r  chea p wine . 

Not e tha t  th e mode l  draw s bot h coherenc e an d 
predictio n inferences .  Bot h inferenc e type s ar e draw n 
by th e sam e mechanism .  Constraint s fro m informatio n 
explici t  i n th e storie s activate s correlate d informatio n 
regardless  o f  whethe r  tha t  informatio n involve s pas t  o r 
futur e events .  T h e onl y limi t  o n drawin g inference s i s 
th e degre e o f  correlation :  a s th e correlation s diminish , 
so d o th e activatio n o f  inferences . 

Revision. Next, the model's ability to revise it's on-
goin g interpretatio n o f  a  tex t  wa s teste d (Se e Tabl e 
1.) .  I n th e ba r  text ,  th e secon d an d thir d proposition s 
predic t  th e fourth .  Befor e eithe r  propositio n i s 
presented ,  rubbe d lipstic k an d rubbe d chee k ar e equall y 
likely :  5 0 % .  T h e secon d propositio n predict s th e fourt h 
propositio n probabilistically .  A  polit e pas s predict s 
rubbe d lipstic k 7 0 % an d rubbe d chee k 3 0 % ,  whil e a n 
obnoxiou s pas s predict s rubbe d lipstic k 3 0 % an d rubbe d 
chee k 7 0 % .  Th e thir d propositio n predict s th e fourt h 
propositio n absolutely :  kisse d predict s rubbe d lipstic k 
1 0 0 % an d slappe d predict s rubbe d chee k 1 0 0 % .  Thes e 
probabiUtie s deriv e fro m th e frequenc y o f  trainin g o f 
th e variou s scenarios . 

Tabl e 1  show s th e activation s o f  lipstic k versu s 
chee k i n th e fourt h propositio n average d acros s thre e 
tes t  case s pe r  cell .  Th e mode l  revise s it s activation s a s 
evidenc e accumulate s roughl y i n accor d wit h th e 
probabilities . 

Th e contradictor y case s (polite-slappe d an d 
obnoxious-kissed )  sho w tha t  th e mode l  assign s greate r 
weigh t  t o th e mor e reliabl e thir d propositio n an d 
reverse s it s prediction s accordingly .  Th e conflic t  i n th e 
evidence ,  however ,  i s  visibl e i n th e moderat e activatio n 

values . 

Tabl e 1 
Successiv e Revisio n i n th e Ba r  Scrip t 

Andrew decided to go to a bar. 
He m a d e a  polite/obnoxiou s pas s a t  Roxanne . 
Roxann e kissed/slappe d him . 
Andre w rubbe d lipstick/cheek . 

Proposition s 
2n d 
3r d 

non e 
non e 

polit e 
non e 

polit e 
kisse d 

polit e 
slappe d 

Activation s 
lipstic k . 7 (.5) * 
chee k . 2 (.5 ) 

. 6 (.7 ) 

. 2 (.3 ) 
. 7 (.9 ) 

. 1 (.0 ) 

• 2 (.0 ) 
. 5 (.9 ) 

Proposition s 
2n d 
3r d 

non e 
non e 

obnoxiou s obnoxiou s obnoxiou s 
non e slappe d kisse d 

Activation s 
lipstic k 
chee k 

. 7 (.5 ) 

. 2 (.5 ) 
. 3 (.3 ) 
. 5 (.7 ) 

. 1 (.0 ) 

. 7 (.9 ) 
• 6 (.9 ) 
.2(.0 ) 

*Probabilitie s ar e i n parentheses . 

Nove l  texts .  Finally ,  h o w migh t  nove l  storie s b e 
understood ? Unde r  th e constrain t  satisfactio n view , 
th e comprehensio n o f  nove l  storie s simpl y consist s o f 
combinin g nove l  set s o f  constraint s t o produc e a n 
interpretatio n o f  a  nove l  tex t  T h e constraint s o n a 
tex t  interpretatio n ca n b e divide d int o tw o categories : 
direc t  constraint s an d associativ e constraints .  Direc t 
constraint s represen t  th e correlation s o f  informatio n 
wit h itself ,  an d the y ar e responsibl e fo r  th e recal l  o f 
th e informatio n explicitl y  mentione d i n a  text . 
Associativ e constraint s represen t  th e correlation s 
betwee n piece s o f  information ,  an d the y ar e responsibl e 
fo r  inference s an d pronou n resolution . 

For  nove l  stories ,  direc t  constraint s fro m eac h par t 
of  th e tex t  ar e use d t o activat e part s o f  th e stor y 
gestal L T h e difficult y fo r  nove l  storie s i s tha t  eac h 
explici t  proposition ,  throug h it s associativ e 
constraints ,  actuall y constrain s m a n y part s o f  th e tex t 
i n contex t  specifi c  ways .  W h e n proposition s ar e place d 
i n n e w combinations ,  m a n y o f  thes e correlate d part s o f 
th e tex t  interpretatio n wil l  contradic t  eac h other .  Th e 
difficulty ,  then ,  i s keepin g th e associativ e constraints , 
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tha t  activat e th e correlate d parts ,  fro m overridin g th e 
direc t  constraints . 

Thes e idea s wer e teste d i n a  n e w corpu s pare d dow n 
t o th e essentia ]  details .  First ,  a  corpu s wa s designe d t o 
demonstrat e th e abilit y  o f  stron g associativ e 
constraint s t o overrid e informatio n i n nove l  stories . 
Thi s corpu s containe d onl y tw o stories :  on e abou t  a n 
expensiv e restauran t  an d on e abou t  a  chea p restaurant . 
Th e storie s wer e fou r  proposition s long .  Eac h 
propositio n containe d a  rol e tha t  coul d tak e o n on e o f 
tw o values .  Th e chea p restauran t  ha d th e value s cheap , 
near ,  change ,  an d small .  T h e expensiv e restauran t  ha d 
th e value s expensive ,  far ,  credit-card ,  an d large . 

Organization of the New Restaurant Stories 
restaurant ,  quality ,  {cheap ,  expensive ) 
restaurant ,  distance ,  (near ,  far ) 
Andrew ,  paid ,  bill ,  restaurant ,  {change ,  credit-card ) 
Andrew ,  tipped ,  restaurant ,  {small ,  large ) 

Once trained, the model was tested with stories 
containin g combination s o f  rol e value s th e mode l  ha d 
not  seen :  e.g .  a n expensiv e restauran t  wher e Andre w 
pay s wit h change .  Th e mode l  strongl y override s chang e 
and activate s credit-card .  Th e associativ e constraint s d o 
not  allo w th e irregula r  rol e valu e t o b e activate d b y 
th e m u c h weake r  direc t  constrain t  from  change . 

A fres h mode l  wa s the n traine d o n a n expande d 
corpus .  T h e expande d corpu s agai n containe d th e tw o 
restauran t  stories .  I n addition ,  i t  containe d storie s i n 
fou r  othe r  locations .  Eac h o f  thes e storie s agai n 
consiste d o f  th e sam e fou r  propositions ,  excep t  tha t  th e 
contex t  wa s change d t o th e ne w location .  I n eac h o f 
thes e fou r  n e w locations ,  al l  1 6 o f  th e possibl e 

combination s o f  rol e value s ( 2 )  wer e trained .  Wit h 
thi s ne w corpus ,  th e mode l  canno t  rel y o n associativ e 
constraint s t o predic t  on e par t  o f  a  tex t  from  th e 
other s becaus e ther e ar e n o correlation s betwee n rol e 
values .  Instead ,  th e mode l  mus t  lear n stron g direc t 
constraint s t o b e abl e t o comprehen d thes e stories .  Th e 
hop e i s tha t  th e stronge r  direc t  constraint s wil l 
overrid e th e associativ e constraint s i n th e restauran t 
context ,  an d allo w th e nove l  restauran t  storie s t o b e 
recalle d accurately . 

Once trained ,  th e mode l  wa s agai n teste d wit h th e 
expensive-restaurant-chang e text .  Th e mode l  n o w ca n 
represen t  th e tex t  despit e neve r  havin g see n tha t 
combinatio n o f  rol e value s before ,  an d despit e th e 
stron g regularitie s i n th e restauran t  contex t  fighting 
agains t  tha t  combination .  Th e direc t  constraint s win , 
but  th e activatio n o f  chang e i s reduce d du e t o th e 
competitio n fro m th e associativ e constraints . 
Interestingly ,  i f  th e propositio n abou t  payin g i s 
missing ,  th e associativ e constraint s ar e applied ,  an d th e 
model  infer s credit-card ,  th e regula r  value . 

What  th e mode l  ha s learne d fro m thi s corpus ,  then , 
i s somethin g lik e a  variabl e slo t  tha t  ha s a  defaul t 
value .  Th e mode l  wil l  recal l  th e actua l  input ,  bu t  i f 
th e inpu t  i s missing ,  i t  wil l  infe r  th e default . 

However ,  th e defaul t  i s  fel t  eve n whe n a  valu e i s 
provide d i n th e input .  Thes e "grade d slots "  occu r  wher e 
constraint s compet e accordin g t o thei r  strengths . 

Of  cours e sharin g knowledg e run s i n bot h 
directions .  Whil e th e restauran t  contex t  gain s th e us e 
of  th e direc t  constraints ,  th e othe r  context s gai n th e 
constraint s a m o n g rol e values .  W h e n a  valu e i s missin g 
i n on e o f  thes e contexts ,  th e script-appropriat e defaul t 
valu e from  th e restauran t  contex t  i s  inferred .  So ,  i n a n 
expensiv e beaut y salo n wher e th e ti p wa s large ,  th e 
model  wil l  infe r  tha t  a  credit-car d w a s used . 

Conclusions: Limitations and Abilities 

Th e mode l  successfull y perform s a  numbe r  o f 
knowledg e intensiv e comprehensio n processes ,  bu t 
severa l  o f  th e model' s specifi c  feature s ar e 
problematic .  O n e proble m i s tha t  th e propositiona l 
representatio n i s clums y an d wil l  no t  scale .  First ,  eac h 
tex t  ca n us e a  jarticula r  predicat e onl y onc e becaus e th e 
predicate s mus t  b e use d a s unambiguou s question s fo r 
training .  Second ,  th e seve n themati c role s i n th e 
proposition s ar e bot h arbitrar y an d confining .  Ideally , 
th e mode l  woul d lear n it s o w n representatio n fo r 
proposition s jus t  a s i t  learn s it s o w n representatio n fo r 
whol e texts . 

Anothe r  proble m i s tha t  learnin g i s ver y slo w due , 
i n part ,  t o th e dept h an d siz e o f  th e network .  Th e erro r 
must  b e passe d bac k throug h severa l  layer s o f  weights , 
and eac h laye r  contain s a  larg e numbe r  o f  weights ,  s o 
credi t  assignmen t  i s difficult . 

A large r  issu e her e i s tha t  th e mode l  ha s n o intrinsi c 
understandin g abou t  wha t  ca n an d canno t  occu r  togethe r 
i n a  text .  I t  doe s no t  intrinsicall y k n o w tha t  yo u 
canno t  b e a t  a  beac h an d a n airpor t  a t  th e sam e time . 
Th e mode l  ca n acquir e thi s knowledg e onl y fro m th e 
fac t  tha t  i t  neve r  occur s i n it s trainin g corpus . 

I n spit e o f  thes e difficulties ,  th e mode l  perform s 
wel l  o n th e comprehensio n task s an d demonstrate s th e 
utilit y  o f  a  constrain t  satisfactio n approac h fo r  tex t 
comprehensio n generally ,  an d fo r  modelin g 
psychologica l  processe s specifically .  W e a k constrain t 
satisfactio n bring s severa l  n e w idea s t o ou r 
understandin g o f  tex t  comprehension .  Th e mos t  basi c 
ide a i s tha t  th e interpretatio n o f  th e tex t  i s  supporte d 
by constraint s fro m th e tex t  rathe r  tha n buil d fro m i t 
by appendin g successiv e proposition s t o s o m e 
structure .  Th e constrain t  vie w carrie s wit h i t  th e ide a 
tha t  resolvin g pronouns ,  drawin g inferences ,  an d 
representin g th e explici t  tex t  resul t  fro m th e sam e 
process :  th e constrainin g o f  a n interpretation .  Eac h 
constrain t  support s o r  inhibit s feature s o f  th e stor y 
gestal t  i t  constrain s wha t  th e gestal t  wil l  represent . 
Th e gestal t  tha t  result s fro m applyin g al l  o f  th e 
constraint s i s th e on e tha t  satisfie s thes e constraint s th e 
best .  Inference s an d pronou n resolutio n occu r  whe n on e 
par t  o f  th e tex t  provide s constraint s o n othe r  part s tha t 
wer e missin g fro m th e text .  Thi s proces s i s mor e 
sophisticate d tha n simpl e patter n completio n sinc e i t  i s 
capabl e o f  bindin g character s t o thei r  role s i n a  script . 
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A secon d ide a i s tha t  thes e constraint s ca n b e graded , 
and thei r  suppor t  o f  a n interpretatio n ca n b e graded . 
Piece s o f  tex t  ofte n ma y b e onl y partiall y  reliabl e a s 
constraint s o n a n interpretation .  A  polit e o r  obnoxiou s 
pass ,  fo r  instance ,  i s onl y partiall y  reliabl e a t 
predictin g th e outcom e i n th e ba r  texts .  Allowin g 
constraint s t o tak e o n strengt h value s accordin g t o thei r 

reliability ,  therefore ,  allow s th e mode l  t o utiliz e eve n 
partiall y  reliabl e information . 

The constrain t  vie w als o carrie s wit h i t  th e ide a tha t 
eac h constrain t  make s it s o w n contributio n t o th e 
interpretation .  Eac h ne w constrain t  add s it s ow n 
suppor t  t o th e evolvin g interpretation .  Thi s 
independenc e o f  constraint s allow s th e mode l  t o updat e 
it s interpretatio n a s eac h ne w constrain t  i s  processed . 

The ide a o f  independen t  constraint s als o show s ho w 
nove l  storie s ca n b e understood .  Th e direc t  constraint s 
from  eac h par t  o f  th e inpu t  ad d thei r  o w n suppor t  an d 
influenc e t o th e interpretation .  Th e associativ e 
constraint s fro m eac h par t  ad d extr a information ,  bu t 
the y ma y suppor t  conflictin g information . 
Misrememberin g a  tex t  t o bette r  fit  prio r  experienc e 
ca n b e on e resul t  o f  conflictin g associativ e constraints , 
as Bartlett' s  (1932 )  stud y demonstrates . 

The questio n a s t o whethe r  a  syste m shoul d 
remember  o r  misremembe r  depends ,  i n ^ e model ,  o n 
th e relativ e strength s o f  th e direc t  an d associativ e 
constraints .  Stronge r  associativ e constfaint s produc e 
regularizations .  Th e corpu s o f  trainin g example s ha s a 
stron g influenc e o n th e constraint s tha t  ar e learned .  A 
wid e rang e o f  example s i s importan t  fo r  weakenin g 
associativ e constraint s an d strengthenin g direc t 
constraints ,  a s th e simulatio n experiment s wit h th e 
restauran t  storie s showed . 

Finally ,  th e grade d strength s o f  constraint s allow s 
the m t o b e learne d incrementall y wit h experience .  Th e 
model  doe s no t  hav e t o decid e all-or-non e whethe r  a 
constrain t  i s  valuable .  I t  simpl y assign s a  strengt h t o 
tha t  constrain t  commensurat e wit h it s reliabilit y  fo r 
comprehension . 

To su m up ,  wea k constrain t  satisfactio n i s a  usefu l 
approac h t o knowledg e intensiv e processe s i n tex t 
comprehension .  S o m e o f  th e difficultie s foun d i n othe r 
model s o f  tex t  comprehensio n ar e ameliorate d b y th e 
quaUtie s o f  thi s approach .  Ther e i s muc h t o tex t 
comprehensio n tha t  th e mode l  doe s no t  ye t  do ,  an d th e 
model  face s som e difficultie s i n learnin g spee d an d 
architecture ,  bu t  th e fundamenta l  characteristic s o f  th e 
approac h ar e successfu l  an d promising . 
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