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Abstrac t 

An optimal control theory of story comprehension and re-
cal l  i s  propose d withi n th e framework  o f  a  "situation "  stal e 
space .  A  poin t  i n situatio n stat e spac e i s  specifie d b y a 
collectio n o f  proposition s eac h o f  whic h ca n hav e th e val -
ues o f  eithe r  "present "  o r  "absent" .  Stor y comprehensio n i s 
viewe d a s finding  a  temporally-ordere d sequenc e o f  situa -
tion s o r  "trajectory "  whic h i s consisten t  wit h story-impose d 
constraints .  Stor y recal l  i s  viewe d a s finding  a  trajector y 
consisten t  wit h episodi c memor y constraints .  A  multi -
stat e probabilisti c  (MSP )  machin e representationa l  schem e 
i s the n introduce d fo r  compactl y an d formall y assignin g a 
"degre e o f  belie f  (i.e. ,  a  probabilit y  value )  t o eac h tra -
jector y i n th e slat e space .  A  conneclionis l  mode l  i s  als o 
introduce d whic h searche s fo r  trajectorie s whic h ar c highl y 
probabl e wit h respec t  l o a  se t  o f  constraint s an d a n M S P 
machin e representation .  Lik e huma n subjects ,  th e mode l 
(i )  recall s proposition s wit h greate r  causa l  connectivit y a s 
retentio n interva l  i s  increased ,  an d (ii )  demonstrate s ho w 
misordere d proposition s ten d t o "drift "  mor e toward s thei r 
canonica l  positio n i n a  tex t  a s retentio n interva l  i s  increased . 

General Theory 

We hav e currentl y bee n approachin g th e proble m 

of  stor y comprehensio n an d recal l  withi n th e frame -

wor k o f  a  specia l  hig h dimensiona l  stat e spac e whic h 

i s calle d th e "situation "  stat e space .  A  poin t  i n sit -

uatio n stat e spac e consist s o f  a  collectio n o f  d  fact s 

abou t  th e world ,  eac h o f  whic h ca n b e classifie d a s be -

in g eithe r  "present "  o r  "absent. "  T h e reader' s curren t 

menta l  stat e i s  therefor e modelle d a s a  singl e poin t 

i n a  d-dimcnsiona l  situatio n stat e space .  A t  s o m e 

late r  poin t  i n time ,  th e reader' s menta l  stat e woul d b e 

modelle d a s anothe r  poin t  i n the  sam e d-dimensiona l 

situatio n slat e space .  I t  wil l  b e convenient ,  therefore . 

Thi s researc h wa s supporte d i n par t  b y Nationa l 

Institut e o f  Healt h post-doctora l  fellowshi p H D 0 6 9 4 3 

t o th e firs t  autho r  whil e h e wa s a t  Stanfor d University , 
an d th e Progra m i n Cognitio n an d Neuroscienc e a t  th e 

Universit y o f  Texa s a t  Dalla s wher e th e first  autho r  i s 

currentl y located . 

t o orde r  thes e point s accordin g t o a  tim e index .  Thus , 

th e "unfolding "  o r  "evolution "  o f  th e reader' s menta l 

stat e a s a  functio n o f  time ,  m a y b e represente d a s a n 

ordere d sequenc e o f  point s o r  trajector y i n situatio n 

stal e space . 

S o me trajectorie s i n situatio n stal e spac e wil l 

be mor e likel y t o occu r  tha n others .  Fo r  exam -

ple ,  a  u-ajector y i n a  four-dimensiona l  situatio n stat e 

spac e migh t  b e specifie d b y the  sequenc e o f  thre e 

four-dimensiona l  situatio n stat e vector s depicte d i n 

Tabl e 1 .  Worl d knowledg e i s  represente d b y a  belie f 

functio n whic h assign s a  specifi c  "degre e o f  belie f 

t o differen t  trajectorie s i n th e situatio n stal e space .  I n 

particular ,  trajectorie s whic h ar e m o r e likel y ar e as -

signe d value s clos e t o one ,  whil e trajectorie s whic h 

ar e les s likel y are  assigne d value s clos e t o zero . 

A stor y i s  a  se t  o f  constraint s upo n th e clas s 

of  possibl e trajectorie s i n situatio n stal e space .  T h e 

feature s possessin g th e valu e "present "  alon g th e tra -

jector y are  fixed  i n value .  T h e remainin g feature s 

possessin g th e valu e "absent "  m a y hav e thei r  value s 

modified . 

T h e proble m o f  stor y comprehensio n i s n o w for -

mall y define d a s finding  a  trajector y i n situatio n stat e 

spac e whic h i s  mos t  probabl e wit h respec t  t o s o m e 

probabilisti c  belie f  functio n (fo r  s o m e closel y relate d 

idea s se e Rumelhart ,  1977) .  W e sugges t  tha t  reader s 

m ay find  highl y probabl e trajectorie s b y "running " 

thei r  probabilisti c  menta l  model s forward s an d back -

ward s i n time .  T h e resultin g trajector y i s  the n use d 

t o updat e th e parameter s o f  the  belie f  functio n vi a 

s o me learnin g process ,  an d the n a  reconstructe d stor y 

trajector y i s  recalle d fro m m e m o r y b y usin g anothe r 

partiall y specifie d u-ajector y (perhap s th e titl e o f  th e 

story )  a s a  retrieva l  cue ,  an d "rerunning "  th e prob -

abilisti c  menta l  model .  Not e tha t  onc e a  trajector y 

has bee n constructe d followin g th e comprehensio n 

proces s o r  reconstructe d followin g th e recal l  process , 

th e resultin g representatio n m a y b e use d b y othe r  sys -

tem s t o answe r  question s abou t  th e story ,  summariz e 

th e story ,  o r  recal l  th e origina l  story . 

mailto:golden@utdallas.edu
mailto:der@psych.stanford.edu


Stor y Featur e 

Hear  (M ,  I C Music ) 

Desir e (M,Eat(M,IC ) 

Eat  (M ,  IC ) 

Slee p (M ) 

t= l 

1 

0 

0 

0 

t= 2 

1 

1 

0 

0 

t= 3 

0 

0 

1 

0 

Tabl e 1 .  A  situatio n stat e spac e trajectory .  M=Mary . 

IC=Ice-Cream .  1  =  Featur e Present .  0=Featur e 

Absent . 

Representation and Model 

Multi-state probabilistic machines. 

Gabrielia n an d hi s colleague s (fo r  a  revie w se e 

Gabrielia n an d Iyer ,  1991 )  hav e bee n developin g th e 

theoretica l  foundation s o f  a  ne w clas s fo r  machine s 

known a s hierarchica l  multi-stat e machine s fo r  speci -

fyin g th e performanc e requirement s o f  comple x high -

dimensiona l  systems .  We hav e foun d tha t  a  proba -

bilisti c  extensio n o f  th e multi-stat e machine s studie d 

by Gabrielia n an d hi s colleague s provide s a  usefu l 

way o f  implicitly ,  ye t  precisely ,  representin g comple x 

belie f  function s tha t  assig n degree s o f  belie f  t o spe -

cifi c  trajectorie s i n situatio n stat e space .  We wil l  cal l 

thi s specia l  notatio n fo r  representin g comple x proba -

bilisti c  knowledg e structure s a  M S P (multi-stat e prob -

abilistic )  machine . 

A M S P machin e consist s o f  thre e distinc t  type s 

of  entities :  loca l  stales ,  transitions ,  an d controls .  Th e 

loca l  state s o f  th e M S P machin e correspon d t o th e 

set  o f  d  feature s require d t o specif y a  poin t  i n a  d -

dimensiona l  situatio n slat e space .  Th e se t  o f  al l  state s 

of  th e M S P machin e i s sometime s referre d t o a s a 

globa l  stat e o f  th e machine .  A  markin g o f  th e M S P 

machin e indicate s th e value s o f  loca l  state s o f  th e 

machin e a t  a n instan t  i n time .  Thus ,  a  markin g o f 

th e machin e identifie s a  poin t  i n th e d-dimensiona l 

situatio n stat e space .  Th e transition s an d th e control s 

of  th e M S P machin e specif y ho w th e globa l  stat e o f 

th e machin e evolve s fro m on e instan t  o f  tim e t o th e 

nex t 

Tabl e 2  an d Figur e 1  sho w a  mor e complicate d 

exampl e wher e th e multi-stat e probabilisti c  machin e 

notatio n i s use d t o represen t  th e causa l  knowledg e 

structur e underlyin g a n actua l  story .  Th e stor y wa s 

parse d int o proposition s followin g Trabasso ,  Secco , 

and Va n De n Broc k (1984) .  Al l  probabilisti c  transi -

tion s ar e designe d t o "fire "  wit h probabilit y 0.9 .  Clos e 

inspectio n o f  Figur e 3  reveal s a  ver y compac t  nota -

tio n fo r  specifyin g comple x causa l  relations  ove r  time . 

Lik e th e notatio n o f  Trabass o an d hi s colleagues ,  th e 

link s i n thi s representatio n ar e derive d fro m a  combi -

natio n o f  intuitiv e consideration s supporte d b y coun -

tcrfactua l  arguments .  Thi s notatio n ha s th e advan -

tage ,  however ,  o f  permittin g multipl e loca l  stale s t o 

be simultaneousl y active ,  an d permittin g multipl e lo -

cal  transition s t o simultaneousl y fire.  W e als o exploi t 

a Marko v rando m field  framewor k t o formall y lin k 

th e firing  o f  th e "loca l  probabilistic "  transitions ,  wit h 

th e globa l  subjectiv e probabilit y  functio n whic h as -

sign s a  probabilit y  t o eac h trajector y i n th e system . 

Thus ,  onc e th e probabilisti c  causa l  chai n representa -

tio n ha s bee n constructed ,  i t  i s  possibl e to  implicitl y 

assig n a  degre e o f  belie f  to  al l  possibl e trajectorie s i n 

situatio n stat e spac e throug h th e us e o f  interpretabl e 

loca l  probabilit y  distributions . 

The parallel distributed processing model. 

The theor y o f  stor y comprehensio n an d recal l  w e 

have bee n describin g i s base d o n a  two-ste p process . 

First ,  a  highl y probabl e (believable )  trajector y i s com -

pute d b y th e reade r  whic h i s consisten t  wit h th e con -

straint s o f  th e story .  Thi s stor y trajector y i s th e 

reader' s menta l  mode l  o f  th e story .  Th e reade r  the n 

learn s th e constructe d menta l  model .  Durin g th e re -

cal l  process ,  th e reader  i s give n th e initia l  portio n o f 

th e trajector y (story )  a s a  retrieva l  cue ,  an d th e re -

mainde r  o f  th e stor y i s retrieved . 

Network Architecture. We have devised a re-

curren t  paralle l  distribute d processin g mode l  whic h 

searche s fo r  highl y probabl e trajectorie s wher e th e 

probabilit y  o f  a  trajector y i s formall y define d wit h re -

spec t  t o a  M S P representatio n consistin g o f  d  loca l 

state s o r  propositions. .  Figur e 1  show s a  convenien t 

way o f  thinkin g abou t  thi s system .  Instea d o f  try -

in g t o visualiz e th e comple x tempora l  dynamic s o f  a 

d-uni t  system ,  a  syste m o f  d M unit s i s considere d 

wher e th e uni t  i n th e il h ro w an d ;t h colum n o f  th e 

arra y correspond s to  th e valu e (absen t  o r  present )  o f 

th e il h featur e a t  tim e ; .  Thus ,  th e eac h colum n o f 

th e arra y represent s a  poin t  i n th e d-dimensiona l  sit -

uatio n stat e space ,  an d th e M column s o f  th e arra y 

correspon d t o a n ordere d sequenc e o f  A /  point s i n sit -

uatio n stat e space . 



Featur e 

1. 

2. 

3. 

4. 

5. 

6. 

7. 

8. 

9. 

10. 

11. 

12. 

13. 

14. 

15. 

16. 

17. 

18. 

19. 

20. 

21. 

22. 

Sentenc e Fragmen t  associate d wit h Stor y 

Featur e 

Once ther e wa s a  littl e bo y 

w ho live d i n a  ho t  country . 

O ne da y hi s mothe r  tol d hi m t o tak e 

some cak e t o hi s grandmother . 

She warne d hi m t o hol d i t  carefull y 

so i t  wouldn' t  brea k int o crumbs . 

The littl e bo y pu t  th e cak e i n a  lea f 

unde r  hi s ar m 

and carrie d i t  t o hi s grandmother's . 

W h en h e go t  ther e 

th e cak e ha d crumble d int o tin y pieces . 

Hi s grandmothe r  tol d hi m h e wa s a  sill y 

bo y 

and tha t  h e shoul d hav e carrie d th e cak e 

on lo p o f  hi s hea d 

so i t  wouldn' t  break . 

The n sh e gav e hi m a  pa t  o f  butte r  t o 

tak e bac k t o hi s mother . 

The littl e bo y wante d t o b e ver y carefu l 

wit h th e butte r 

so h e pu t  i t  o n to p o f  hi s hea d 

and carrie d i t  home . 

The su n wa s shinin g har d 

and whe n h e go t  h o m e 

th e butte r  ha d al l  melted . 

Hi s mothe r  tol d hi m tha t  h e wa s a  sill y 

bo y 

and tha t  h e shoul d hav e pu t  th e butte r  i n 

a lea f 

so tha t  i t  woul d hav e gotte n hom e saf e 

and sound . 

Tabl e 2 .  Situatio n Stat e Spac e Representatio n o f 

Epaminonda s Stor y 

Figur e 1 .  Epaminonda s Causa l  Chai n Representa -

tion .  Th e numbere d state s refe r  t o proposition s i n 

Tabl e 2 . 

time= l  timc= 2 tiiiie= 3 time= 4 lime= S 

Figur e 2  A n "expanded "  versio n o f  a  recurren t  P D F 

network .  Th e recurren t  networ k ma y b e visualize d a s 

a matri x o f  unit s wher e th e patter n o f  connectivit y 

fro m on e tim e instan t  t o th e nex t  i s identical .  I n 

thi s example ,  a  fou r  uni t  recurren t  networ k ha s bee n 

rewritte n a s a  sequentia l  2 0 uni t  networ k whic h ca n 

reconstruc t  stat e spac e trajectorie s o f  lengt h five  o r 

less . 



Notic e tha t  th e connectivit y patter n betwee n unit s 

at  adjacen t  tim e interval s i s identica l  becaus e thi s two -

dimensiona l  arra y i s intende d t o mode l  a  two-laye r  re -

curren t  network .  Th e networ k share s importan t  sim -

ilaritie s wit h recurren t  back-propagatio n (Rumclhart , 

Hinton ,  an d Williams ,  1986 )  an d th e brain-state-in-a -

bo x mode l  (Anderso n e t  al ,  1977 ;  Golden ,  1986) . 

Golde n (submitted )  ha s foun d a  discrete-tim e Lia -

puno v functio n fo r  thi s algorith m whic h explicitl y 

state s whe n al l  trajectorie s wil l  converg e t o th e se t 

of  syste m equilibriu m points . 

Comprehens io n Process .  T h e comprehensio n 

proces s i s modelle d b y beginnin g wit h a  stor y whic h 

has akead y bee n parse d int o a  situatio n stal e spac e tra -

jector y a s i n Tabl e 1 .  I f  situatio n featur e i  a t  t ime ;  i s 

equa l  t o on e (indicatin g featur e i  a t  tim e j  i s  present) , 

the n th e activatio n valu e o f  th e uni t  i n th e /t h ro w an d 

yl h colum n o f  th e arra y i n Figur e 4  i s clampe d t o th e 

valu e o f  on e durin g th e comprehensio n process .  Th e 

ter m clampe d refer s t o th e cas e wher e th e activatio n 

of  a  uni t  i s  no t  permitte d t o change .  Th e undampe d 

uni t  representin g situatio n featur e /  a t  time ;  the n com -

pute s a  weighte d su m o f  th e activation s o f  th e unit s a t 

time;- /  an d t ime;+7 ,  an d use s thi s weighte d su m t o 

incremen t  o r  decremen t  th e u n d a m p e d unit' s  activa -

tio n value .  Th e u n d a m p e d unit' s  activatio n valu e i s 

als o decremente d b y a n amoun t  inversel y proportiona l 

t o p  s o tha t  th e syste m searche s th e high-dimensiona l 

trajector y spac e i n a  regio n nea r  th e origina l  stor y 

trajectory .  Finally ,  th e activation s o f  al l  unit s i n th e 

syste m ar e constraine d t o h e i n th e rang e o f  zer o t o 

one .  W h e n th e activation s o f  th e undampe d unit s 

ar e update d i n thi s manner ,  the n th e networ k m a y b e 

formall y viewe d a s seekin g a  trajector y i n situatio n 

stat e spac e whic h i s highl y probabl e wit h respec t  t o 

a probabilit y  (beUe O function .  Th e syste m update s 

th e activation s o f  th e unit s fo r  som e pre-dctcrmine d 

m a x i m u m numbe r  o f  iterations ,  o r  unti l  th e syste m 

stabilizes .  Th e resultin g palle m o f  activatio n ove r 

th e d M unit s i s th e constructe d stor y u-ajectory ,  an d 

represent s th e system' s "understanding "  o f  th e story . 

Learnin g an d Recal l  Processes .  I t  i s  assume d 

tha t  peopl e lear n th e stor y u-ajector y (menta l  model ) 

whic h the y constructe d durin g th e comprehensio n 

process .  Rathe r  tha n attemp t  t o mode l  th e detail s 

of  thi s learnin g process ,  w e ar e currentl y conten t  t o 

model  th e en d result s o f  tha t  process .  I n particular ,  i t 

i s  assume d tha t  whe n peopl e ar e aske d t o recal l  a  stor y 

fro m memory ,  a n episodi c m e m o r y trac e o f  th e stor y 

trajector y i s availabl e t o guid e th e recal l  process .  I n 

th e model ,  th e strengt h o f  thi s episodi c m e m o r y u-ac e 

i s th e p  parameter .  Larg e value s o f  p  correspon d t o 

lon g retentio n interval s s o th e strengt h o f  th e episodi c 

m e m o ry trac e o f  th e stor y trajector y i s strong .  Smal l 

value s o f  p  correspon d t o shor t  retentio n interval s s o 

th e strengt h o f  th e episodi c m e m o r y trac e o f  th e stor y 

trajector y i s weak . 

Th e recal l  proces s i s the n simila r  t o th e compre -

hensio n process ,  excep t  tha t  onl y th e first  fe w feature s 

of  th e stor y i n th e first  thre e tim e step s o f  th e trajec -

tor y ar e clampe d a s a  retrieva l  cue .  Th e networ k 

must  the n reconstruc t  th e remainde r  o f  th e trajectory . 

Althoug h thi s i s a  ver y hig h dimensiona l  paramete r 

estimatio n problem ,  th e inu-oductio n o f  th e learnin g 

constrain t  help s b y restrictin g th e searc h t o trajecto -

rie s clos e i n a n Euclidea n distanc e sens e t o th e orig -

ina l  stor y trajectory .  I n particular ,  eac h uni t  a t  tim e 

t  use s a  weighte d su m o f  th e activation s o f  th e unit s 

at  time s t- l  an d i+ l  t o updat e it s activatio n value , 

but  eac h uni t  a t  tim e t  als o ha s it s activatio n valu e 

modifie d b y th e episodi c m e m o r y u-ac e o f  th e stor y 

weighte d b y th e p  parameter . 

Th e reconstructe d recal l  trajector y i s the n use d 

t o generat e th e model' s fre e recal l  responses .  I n 

particular ,  th e "mos t  active "  uni t  i n eac h situatio n i s 

assume d t o b e th e model' s summar y o f  tha t  situation . 

Moreover ,  sinc e th e situatio n vector s ar e ordere d i n 

th e recal l  trajectory ,  th e response s o f  th e mode l  wil l 

be ordere d a s well .  I f  th e maximall y activ e unit' s 

valu e wa s les s tha n 0.5 ,  th e mode l  doe s no t  recal l  a 

situatio n featur e summarizin g tha t  situation .  I f  severa l 

unit s i n a  situatio n ar e maximall y active ,  the n exactl y 

on e o f  th e unit s i s randoml y chose n t o summariz e th e 

situation . 

Simulation Experiments 

H u m an m e m o r y fo r  simpl e causall y coheren t  sto -

rie s i s characterize d b y a t  leas t  fou r  fundamenta l  phe -

nomena (Trabasso ,  Secco ,  &  Va n D e n Broek ,  1984 ; 

Van D e n Broe k &  Trabasso ,  1985) .  First ,  proposi -

tion s wit h mor e causa l  connection s ar e mor e likel y 

t o b e o n th e mai n causa l  chai n o f  th e stor y an d ar e 

mor e likel y t o b e recalled .  Second ,  a s th e retentio n 

interva l  betwee n readin g an d recallin g th e stor y i s in -

creased ,  th e percentag e o f  proposition s recalle d de -

crease s bu t  thos e proposition s wil l  b e mor e likel y 

t o li e o n th e mai n causa l  chai n o f  th e story .  A n d 

third ,  mor e proposition s wil l  b e recalle d fro m storie s 

whic h ar e mor e causall y coheren t  (i.e. ,  storie s pos -

sessin g mor e proposition s o n th e mai n causa l  chai n 

of  th e story) .  I n thi s first  se t  o f  simulations ,  w e wer e 

intereste d i n whethe r  th e propose d mode l  woul d ex -

hibi t  som e o f  thes e qualitativ e phenomena.Th e av -

erag e causa l  connectivit y o f  a  grou p o f  proposition s 

10 



was compute d b y countin g th e numbe r  o f  forwar d atu l 

backwar d connection s i n th e M S P representatio n eac h 

statemen t  i n th e grou p possessed ,  an d the n averagin g 

ove r  th e grou p o f  propositions . 

Each of the four stories were individually "com-

prehended "  b y th e model ,  "learned "  b y th e model ,  an d 

"recalled "  b y th e mode l  a s previousl y described .  Th e 

p paramete r  durin g th e recal l  proces s wa s varied ,  an d 

too k o n th e values:/ )  =  0.1 ,  / ? =  0.2 ,  an d p  =  0. 3 

correspondin g t o short ,  medium ,  an d lon g retentio n 

interval s respectively . 

Effects of causal connectivity. 

Figur e 3  show s h o w variatio n o f  th e retentio n 

interva l  paramete r  o f  th e mode l  affect s whic h propo -

sition s ar e recalle d b y th e mode l  from  memory .  Th e 

dependen t  measur e wa s relativ e causa l  connectivit y 

whic h wa s define d a s th e averag e numbe r  o f  causa l 
connection s pe r  propositio n i n a  stor y subtracte d fro m 

th e averag e numbe r  o f  causa l  connection s pe r  propo -

sitio n i n th e se t  o f  proposition s recalle d b y th e sub -

jects .  Lik e huma n subject s (e.g. ,  Trabass o e t  al. , 

1984 ;  Va n De n Broe k &  Trabasso ,  1985) ,  proposi -

tion s wit h greate r  causa l  connectivit y (greate r  causa l 

cohesiveness )  ar e mor e likel y t o b e recalle d a s reten -

tio n interva l  increases .  W e woul d expec t  t o se e thes e 

effect s i n th e mode l  sinc e th e algorith m i s minimiz -

in g a n energ y functio n whic h become s mor e closel y 

relate d t o th e relativ e causa l  connectivit y a s th e reten -

tio n interva l  paramete r  p  i s increase d (Golden ,  sub -

mitted) . 

An analysi s o f  varianc e o f  th e dat a usin g a  stor y 

by retentio n interva l  desig n wher e th e stor y facto r  wa s 

treate d a s random ,  however ,  di d no t  suppor t  th e hy -

pothesi s tha t  statement s wit h greate r  causa l  connectiv -

it y ar e mor e likel y t o b e recalle d a s retentio n interva l 

increase s althoug h th e effec t  wa s marginall y signifi -

can t  (F(2,6 )  =  4.2 ,  p  <  0.10) .  O n th e othe r  hand ,  th e 

averag e relativ e causa l  connectivit y wa s significantl y 

greate r  tha n zer o (/(ll )  =  2.4 ,  p  <  0.05) ,  indicatin g 

statement s wit h greate r  causa l  connectivit y ar e mor e 

likel y t o b e recalle d (e.g. ,  Trabass o e t  al. ,  1984 ;  Tra -

bass o an d Va n D e n Broek ,  1986 )  wa s replicate d b y 

th e model . 

Migration of misordered propositions. 

Anothe r  importan t  aspec t  o f  huma n memor y 

fo r  storie s wit h a  stron g causa l  structur e i s tha t  i f 

proposition s i n suc h storie s ar e "displaced, "  the y wil l 

"migrate "  bac k toward s thei r  canonica l  position s i n 

th e tex t  (Bischofshausen ,  1985 ;  Bower ,  Black ,  an d 

Turner ,  1979 ;  Mandler ,  1978) .  Moreover ,  th e magni -

tud e o f  thes e effect s ten d t o increas e a s retentio n in -

terva l  i s increase d (Bischofshausen ,  1985) .  W e woul d 

expec t  t o se e thes e effect s i n th e mode l  a s wel l  sinc e 

as th e retentio n interva l  facto r  i s decreased ,  th e loca l 

probabilit y  o f  predictin g a  featur e a t  th e nex t  instan t 

of  tim e become s les s dependen t  upo n th e episodi c 

m e m o ry trac e o f  th e stor y forme d durin g th e compre -

hensio n process . 

To model these phenomena, the simulations de-

scribe d abov e wer e repeate d usin g exactl y th e sam e 

fou r  causa l  knowledg e structure s (i.e. ,  set s o f  con -

nection s a m o n g th e units) ,  bu t  usin g storie s whic h 

wer e sligh t  distortion s o f  th e origina l  fou r  stories .  Fo r 

example ,  a  "distorted "  stor y wa s generate d fro m th e 

origina l  Fo x an d Bea r  stor y b y switchin g statemen t  # 8 

wit h statemen t  #21 .  Thre e distorte d storie s fo r  eac h 

of  th e origina l  fou r  storie s wer e generate d i n thi s man -

ner ,  an d th e recal l  o f  th e mode l  fo r  eac h o f  th e twelv e 

storie s wa s recorded .  Becaus e th e retentio n interva l 

facto r  wa s varie d i n thi s experimen t  a s well ,  thirt y si x 

independen t  simulatio n run s o f  th e mode l  wer e done . 

Th e numbe r  o f  step s alon g th e recalle d trajector y a 

misordere d statemen t  "drifted "  toward s it s canonica l 

positio n wa s use d a s a  dependen t  measure.Th e result s 

of  thes e experiment s ar e show n i n Figur e 4 . 

An analysis of variance of the data using a story 

by retentio n interva l  desig n wher e th e stor y facto r  wa s 

treate d a s rando m supporte d th e hypothesi s tha t  a s 

retentio n interva l  increased ,  th e magnitud e o f  th e drif t 

increase d a s wel l  {F{2,6 )  =  15.6 ,  p  <  0.01) .  Als o th e 

drif t  measur e wa s significantl y greate r  tha n zer o (r( l  1 ) 

= 6.1 ,  p  <  0.01 )  indicatin g tha t  misordere d statement s 

di d indee d "drift "  toward s thei r  canonica l  position s i n 

th e tex t  rathe r  tha n i n th e opposit e direction . 

References 

Anderson, J. A., Silverstein, J. W., Ritz, S. A., and 

Jones ,  R .  S .  1977 .  Distinctiv e features ,  categori -

cal  perception ,  an d probabilit y  learning :  S o m e ap -

plication s o f  a  neura l  model .  Psychologica l  Review , 

84:413^51 . 

Bischofshausen, S. 1985. Developmental differ-

ence s i n schem a dependenc y fo r  temporall y ordere d 

stor y events .  Journa l  o f  Psycholinguisti c Research , 

14:543-556 . 

Bower, G. H., Black, J. B., & Turner, T. J. 1979. 

Script s i n memor y fo r  text .  Cognitiv e Psychology,\\ \ 

177-220 . 

11 



Gabrielian ,  A .  an d Iyer ,  R .  1991 .  Integratin g au -

tomat a an d tempora l  logic :  A  framewor k fo r  spec -

ificatio n o f  real-tim e system s an d software .  I n C.M.I . 

Rattra y an d R .  G .  Clark ,  editors ,  Th e Unifie d C o m -

pulatio n Laboratory ,  Institut e o f  Mathematic s an d it s 

Applications .  Oxfor d Universit y Press ,  Stirling ,  Scot -

land .  Forthcoming . 

Golden ,  R .  M .  Stabilit y an d optimizatio n analyse s o f 

th e generalize d brain-state-in-a-bo x neura l  networ k 

model .  Submitted . 

Golden ,  R .  M .  1986 .  T h e brain-state-in-a-bo x neura l 

model  i s  a  gradien t  descen t  algorithm .  Journa l  o f 

Mathematica l  Psychology ,  30 :  73-80 . 

Mandler ,  J .  1978 .  A  cod e i n th e node :  Th e us e o f 

a stor y schem a i n retrieval .  Discours e Processes,! : 

14-35 . 

Rumelhan ,  D 
0. 8 

•^  0. 6 -
o 
a> 
c 
c 
o 
O 

(0 
u 
« 
O 
> 
(S 

0.4 -

0.2 -

0.0 -

-0. 2 

E.1977 .  Understandin g an d summari z 

>« Epaminonda s 

A Judy s Birthda y 

•  Tiger s Whiske r 

O Fo x an d Bea r 

in g brie f  stories .  I n D .  LaBerg e an d S .  J .  Samuels , 

editors ,  Basi c processe s i n reading :  Perceptio n an d 

comprehension ,  Hillsdale :  NJ . 

Rumelhan, D. E., Hinton, G., and Williams, R. 1986. 

Learnin g interna l  representation s b y erro r  propaga -

tion .  I n D .  E .  Rumelhar t  an d J .  L .  McClelland , 

editors .  Paralle l  distribute d processing .  Volum e 1 : 

Foundations ,  page s 318-362 .  M I T Press ,  Cambridge , 

MA. 

Trabasso ,  T. ,  Secco ,  T. ,  an d Va n D e n Broek ,  P . 

1984 .  Causa l  cohesio n an d stor y coherence .  I n H . 

Mand l ,  N .  L .  Stein ,  an d T .  Trabasso ,  editors ,  Learnin g 

an d comprehensio n o f  text ,  page s 83-111 .  Lawrenc e 

Erlbaum ,  Hillsdale ,  NJ . 

Trabasso ,  T. ,  an d Va n D e n Broek ,  P .  1985 .  Causa l 

thinkin g an d th e representatio n o f  narrativ e events . 

Journa l  o f  M e m o r y an d Language ,  24 :  612-630 . 

t  '  1  1  — —I  1 
0. 1 0. 2 0. 3 
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Figur e 3  Relativ e causa l  connectivit y a s a  functio n o f  th e retentio n interva l  paramete r  p . 
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Figur e 4  N u m b e r  o f  step s a  misordere d statemen t  "drifted "  toward s it s canonica l  positio n a s a  functio n o f  th e retentio n 

interva l  paramete r  p . 
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