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The connectionist approach to human memory is based upon the idea that knowledge can be 

store d implicitl y  i n th e for m o f  real-value d interconnection s amon g a  se t  o f  simpl e "neuron-like " 

computin g element s (Hinto n &  Anderson ,  1981) .  Th e schem a syste m approac h (Rumelhart , 

1980 ;  Schan k &  Abelson ,  1977 )  consider s h u m a n memor y t o b e organize d i n term s o f  m a n y 

smal l  packet s o f  knowledg e calle d schemata .  I f  a  knowledg e packe t  i s define d a s som e sequenc e 

of  causall y relate d events ,  the n i t  i s  referre d t o a s a  "causa l  schema "  o r  "script. " 

Although these two seemingly different approaches to the problem of modelling human 

memory migh t  see m incompatible ,  the y ar e actuall y intimatel y relate d (Rumelhart ,  Smolensky , 

McClelland ,  &  Hinton ,  1986 ;  als o se e Touretzk y &  Hinton ,  1985) .  I n thi s paper ,  a  connectionis t 

model  o f  ho w causa l  schemat a ar e use d i n th e recal l  o f  action s fro m simpl e storie s i s described . 

The pape r  i s organize d i n th e followin g manner .  First ,  a n explici t  procedur e fo r  representin g 

comple x causa l  schemat a a s "neura l  activatio n patterns "  i s discusse d i n detail .  Next ,  th e 

fundamenta l  neura l  mechanism s tha t  ar e use d t o proces s an d lear n informatio n ar e describe d 

and motivate d fro m a  probabilisti c  viewpoint .  Finally ,  th e resultin g syste m i s use d t o mode l 

some experimenta l  dat a obtaine d b y Bower ,  Black ,  an d Turne r  (1979 )  i n thei r  studie s o f  h u m a n 

memory fo r  writte n text . 

Representational assumptions 

The fundamental entity in this model is called a "causal relationship." A Causal 

Relationshi p (CR )  consist s o f  a n "initia l  situation, "  a n "action, "  an d a  "fina l  situation. "  I f  th e 

"fina l  situation "  o f  on e causa l  relationshi p i s identica l  t o th e "initia l  situation "  o f  anothe r  causa l 

relationship ,  the n th e pai r  o f  causa l  relationship s ar e sai d t o b e "causall y linked. "  A  collectio n o f 

causa l  relationship s tha t  hav e bee n linke d togethe r  i n thi s manne r  i s referre d t o a s a  causa l 

schema .  Fo r  example ,  le t  th e notatio n (S3,A.3,S5 )  indicat e a  causa l  relationshi p forme d fro m a n 

initia l  situatio n S3 ,  a n actio n A 3 ,  an d a  final  situatio n S5 .  Figur e 1  show s tha t  C R (Sl,Al,S3 ) 

i s causall y linke d t o C R (S3,A3,S5 )  which ,  i n turn ,  i s  linke d t o C R (S5,A2,S6) . 

A basic assumption of the model discussed here is that a causal relationship corresponds to 

some uniqu e patter n o f  neura l  activit y i n th e brain .  I n addition ,  simila r  causa l  relationship s ar e 

assume d t o posses s simila r  neura l  codings .  Mor e specifically ,  a  causa l  relationshi p i s 

represente d a s a  160-dimensiona l  stat e vecto r  (i.e. ,  a  lis t  o f  16 0 rea l  numbers )  wher e th e rt h 

elemen t  o f  th e vecto r  specifie s th e firing  rat e o f  th e it h neuro n i n a  neura l  network .  Conside r  th e 

causa l  relationshi p a t  th e to p o f  Figur e 2 .  Th e initia l  situatio n field  o f  thi s C R i s interprete d as : 

"Th e acto r  i s a t  a  restaurant ,  th e acto r  i s hungry ,  an d th e acto r  i s a t  th e table. "  Th e actio n field 

of  th e C R i s interprete d as :  "Th e acto r  order s th e meal. "  Th e final  situatio n field  i s interprete d 

as :  "Th e acto r  i s a t  th e table ,  th e acto r  i s hungry ,  th e foo d i s o n th e table. " 

To encode the initial situation field as a 64-dimensional subvector, the three 64-dimensional 

binar y orthogona l  subvector s correspondin g t o th e states :  "At_restaurant, "  "At_table, "  an d 

"Hungry "  ar e adde d togethe r  t o for m a  composit e 64-dimensiona l  subvector .  I f  a n elemen t  o f 

thi s composit e subvecto r  i s non-negative ,  the n th e valu e o f  tha t  elemen t  i s se t  equa l  t o +  1 , 

otherwis e th e valu e o f  tha t  elemen t  i s se t  equa l  t o -1 .  Th e resultin g modifie d composit e 

subvecto r  represent s th e initia l  situatio n field  o f  th e 160-dimensiona l  causa l  relationshi p stat e 

vector .  Mor e formally ,  th e 4 1 state s i n th e "stat e dictionary "  for m a  psychologica l  basi s se t  tha t 
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Figur e 1 .  A  portio n o f  a  causa l  schema .  Not e tha t  suc h schemat a ma y b e 
represente d a s unordere d collection s o f  causa l  relationships . 
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Figur e 2 .  Representin g a  causa l  relationshi p a s a  stat e vector .  Th e initia l  situatio n 
field  o f  th e C R i s forme d b) '  addin g th e 64-dimensiona l  subvector s i n th e stat e 
dictionar y labelle d "At__restaurant, "  "Hungry, "  an d "A t  table "  togethe r  an d 
assignin g a  +  1  t o th e non-negativ e element s o f  th e resultin g vecto r  an d a  - 1 t o th e 
negativ e vecto r  elements .  Th e actio n field  o f  th e C R i s simpl y looke d u p i n th e actio n 
dictionary .  Th e final  situatio n field  o f  th e C R i s constructe d i n th e sam e manne r  a s 
th e initia l  situatio n field.  Not e tha t  th e symbo l  F  refer s t o a  sequenc e o f  fou r 
positiv e ones ,  whil e th e symbo l  0  refer s t o a  sequenc e o f  fou r  negativ e ones . 
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can represen t  ove r  50,00 0 situation s i n a  64-dimensiona I  stat e vecto r  space . 

The action field of the causal relationship is represented by a 32-dimensionaI binary 
orthogona l  subvecto r  whos e valu e i s obtaine d directl y fro m th e "actio n dictionary, "  Th e encodin g 
procedur e fo r  th e final  situatio n field  o f  th e causa l  relationshi p vecto r  i s  identica l  t o th e 
procedur e use d t o encod e th e initia l  situatio n vecto r field. 

Making "most probable" decisions with a neural model 

The fundamental problem of content-addressable memory may be formulated as follows. 
Give n som e unusua l  o r  "improbable "  vecto r  Xq ,  construc t  a  mor e probabl e interpretation .  Mor e 
formally ,  w e ca n searc h fo r  a  maximu m o f  som e probabiht y densit y functio n P(X )  i n th e vicinit y 
of  Xq .  Thi s densit y functio n indicate s th e relativ e frequenc y o f  occurrenc e o f  a  stimulu s vecto r  X 
with m th e environment .  Withi n thi s framework ,  w e ca n vie w a  broa d clas s o f  neura l  networ k 
model s a s specifi c  gradien t  ascen t  algorithm s tha t  maximiz e P(X) ,  whil e som e popula r  neura l 
networ k learnin g algorithm s ar e viewe d a s procedure s tha t  estimat e th e genera l  for m o f  P(X) . 
I n particular ,  th e learnin g proces s i s viewe d a s a  procedur e tha t  construct s a  P(X )  suc h tha t  P(X ) 
obtain s a  loca l  maximu m fo r  eac h clas s o f  vector s learne d b y th e system . 

Memory Recall is Maximizing a Probability Density Function 

The Brain-State-in-a-Box (BSB) neural model (Anderson, Silverstein, Ritz, & Jones, 1977) is 
an abstrac t  nervou s syste m mode l  tha t  wa s designe d t o stud y variou s psychologica l  phenomena . 
Informatio n i n thi s syste m i s represente d b y a n N-dimensiona l  stat e vecto r  tha t  specifie s a 
particula r  patter n o f  firing  rate s ove r  a  grou p o f  N  neurons .  Th e it h neuro n i n th e syste m i s 
modelle d a s a  simpl e linea r  integrato r  possessin g a  maximu m an d minimu m firing  rate .  Th e 
syste m operate s b y amplifyin g a n incomin g activatio n patter n (stat e vector )  usin g positiv e 
feedbac k unti l  man y o f  th e neuron s i n th e syste m hav e obtaine d thei r  maximu m o r  minimu m 
firing  rates .  Th e assumptio n tha t  neuron s posses s maximu m an d minimu m firing  rate s implie s 
tha t  th e neura l  activatio n patter n ove r  th e se t  o f  N  neuron s i s constraine d t o li e withi n a n 
N-dimensiona l  hypercube .  Mor e formall y th e BS B mode l  i s  define d a s follows : 

Xi(k+1) = S[Xi(k) + I aijXj(k)] (1) 

J 

where Xj(k) is the fth element of the state vector X at discrete time interval k, and a- is a 
synapti c weigh t  representin g th e synapti c efficac y betwee n th e it h an d jt h neuron s i n th e 
system .  Th e linearize d sigmoida l  functio n S[a J i s define d a s follows .  S[a ]  =  +  1  fo r  a  >  +1 , 

S[a ]  =  - 1 fo r  a  <  -1 ,  an d S[a ]  =  a  fo r  - 1 ̂  a  <  +1 . 

Now let Xq be the initial value of the system state vector. Let E(X) be defined as: 

E(X) = (-1/2)X'^AX (2) 

where the ijth element of the matrix A is the synaptic weight ay. Golden (1986) has 
demonstrate d tha t  th e BS B mode l  i s  a n algorith m tha t  transform s X q int o a  ne w vecto r  X , 
locate d i n th e vicinit y o f  Xq ,  suc h tha t  E(X )  <  E(Xq )  unde r  fairl y  genera l  conditions . 

Now define P(X) as the probability of X and let the form of P(X) be given as follows: 

P(X) = ke"^^^^ (3) 

where k is a constant chosen such that / P (X) = 1 and E(X) is defined in (2). The gradient of 
P(X )  wit h respec t  t o X  i s calculate d a s follows : 
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GRAD[P(X) ]  =  -  GRAD[E(X)]P(X) .  (4 ) 

Equation (4) states that an algorithm that moves along the path of steepest descent with 
respec t  t o E(X) ,  i s als o movin g alon g th e pat h o f  steepes t  ascen t  wit h respec t  t o P(X) .  Moreover , 
when th e stat e vecto r  i s "improbable "  (i.e. ,  P(X )  i s small) ,  th e ste p siz e wil l  b e small .  Bu t  whe n 
th e stat e vecto r  i s "probable "  (i.e. ,  P(X )  i s large) ,  th e ste p siz e wil l  b e large .  Finall y not e tha t 
sinc e P(X )  i s a  monotonicall y decreasin g functio n o f  E(X) ,  a  neura J networ k mode l  tha t  minimize s 
E(X)  i s als o maximizin g P(X) .  I n psychologica l  terms ,  th e BS B mode l  i s constructin g a  "mor e 
probable "  interpretatio n o f  th e initia l  stat e vecto r  Xq . 

Learning is Estimating the Form of the Probability Density Function 

In the BSB model, the synaptic weight between the rth and yth neurons in the system is 
specifie d b y a  rea l  number ,  a-: ,  tha t  correspond s t o th e ijt h elemen t  i n th e A  matrix .  Th e se t  o f 
synapti c weight s specif y th e parameter s o f  th e probabilit y  densit y functio n i n (3 )  an d therefor e 
als o specif y th e "knowledg e base "  o f  th e system .  T o obtai n a  se t  o f  synapti c weight s responsiv e 
t o a  particula r  se t  o f  trainin g stimuli ,  th e autoassociativ e Widrow-Hof f  learnin g rul e (Anderson , 
1983J i s used .  Mor e specifically ,  a t  eac h learnin g trial ,  a  stat e vecto r  i s randoml y selecte d fro m 
th e se t  o f  trainin g stimuli .  Next ,  thi s trainin g stimulu s i s use d t o updat e th e curren t  se t  o f 
synapti c weight s accordin g t o th e synapti c weigh t  updatin g rule : 

a.j(k +1) = aij(k) + 7 (^'i -1 ai„,(k)x^)Xj (5) 
m 

where a"(k) is the value of the synaptic weight between the rth and jth neurons in the system at 
learnin g tria l  k ,  X j  i s  th e it h elemen t  o f  th e trainin g stimulu s vector ,  an d 7  i s a  positiv e learnin g 
constant .  Th e on-diagona l  elements ,  a:; ,  ar e no t  updated . 

Let A be a matrix of synaptic weights formed by the coefficients a-. Let X be the random 
vecto r  associate d wit h som e unknow n stationar y probabilit y  distributio n functio n i n th e 
environment .  Th e autoassociativ e Widrow-Hof f  learnin g rul e ca n b e show n t o b e searchin g fo r 
an A  matri x tha t  minimize s th e expecte d valu e o f  th e Euclidea n distanc e betwee n A X an d X 
wher e th e expectatio n i s take n wit h respec t  t o X  (Widrow ,  1971) .  Le t  C  b e a  valu e o f  th e 
rando m vecto r  X .  Golde n (i n preparation )  ha s demonstrate d tha t  i f  C  i s a  hypercub e vertex ,  A 
i s symmetric ,  an d A C i s i n th e sam e quadran t  o f  th e hypercub e a s C ,  the n C  i s a  stric t  loca l 
maximu m o f  th e densit y function .  I n conjunctio n wit h th e observatio n tha t  (2 )  i s a n energ y o r 
Liapuno v function ,  thi s implie s tha t  a  regio n abou t  C  exist s suc h tha t  an y stat e initiate d i n tha t 
regio n mus t  approac h C  a s tim e increases . 

Psychologically, these arguments simply indicate that the autoassociative Widrow-Hoff 
learnin g rul e connect s th e neuron s i n th e syste m suc h tha t  th e neura l  networ k implicitl y  assign s 
hig h probabilitie s t o stimul i  tha t  hav e bee n taugh t  t o th e system .  Thes e neura l  interconnection s 
ar e the n use d b y th e BS B neura l  networ k t o reconstruc t  "mor e probable "  interpretation s o f  les s 
probabl e o r  nove l  stat e vecto r  stimuli . 

The Causal Schema neural network model 

The Causal Schema (CS) neural model is a special type of production system specifically 
designe d t o mode l  causa l  schemata .  Th e mode l  make s specifi c quahtativ e prediction s regardin g 
th e patter n o f  error s mad e b y peopl e i n recalhn g short ,  simpl e storie s fro m memory .  T o 
illustrat e th e operatio n an d behavio r  o f  th e model ,  a n experimen t  performe d b y Bower ,  Black , 
and Turne r  (1979 )  i s describe d an d the n simulate d usin g th e C S neura l  model .  Additiona l  test s 
of  th e mode l  ar e discusse d b y Golde n (i n preparation) . 
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Bower  e t  al .  (1979 )  ha d colleg e student s lear n a  serie s o f  ver y shor t  storie s tha t  wer e 

organize d abou t  routin e even t  sequence s o r  "scripts. "  S o m e o f  th e storie s wer e generate d fro m 

th e sam e scrip t  an d wer e therefor e ver y simila r  t o on e anothe r  (e.g. ,  "visitin g a  doctor "  an d 

"visitin g a  dentist") ,  whil e othe r  storie s studie d b y th e subject s wer e quit e distinctive .  Afte r  a n 

intervenin g task ,  th e subject s wer e give n th e title s o f  th e storie s a s cue s an d requeste d t o recal l 

th e action s tha t  wer e mentione d i n th e story .  Bowe r  e t  al .  foun d tha t  "stated "  scrip t  action s 

(i.e. ,  action s explicitl y  mentione d withi n a  story )  wer e recalle d mor e frequentl y tha n "unstated " 

scrip t  action s (i.e. ,  action s imphcitl y  mentioned) ,  an d "unstated "  scrip t  action s wer e recalle d 

mor e frequentl y tha n "other "  type s o f  scrip t  actions .  I n addition ,  a s th e similarit y betwee n tw o 

storie s learne d b y a  subjec t  wa s increased ,  th e numbe r  o f  "unstated "  scrip t  action s recalle d b y 

th e subject s increase d an d th e numbe r  o f  "stated "  scrip t  action s recalle d b y th e subject s 

decrease d (Tabl e 1) . 

Constructing a Long-term Memory 

The first step to modelling the Bower et al. (1979) experiment is the development of a 

long-ter m m e m o r y fo r  th e C S neura l  model .  Suc h a  m e m o r y wa s constructe d i n th e followin g 

manner .  Fou r  distinc t  causa l  schemat a associate d wit h th e even t  sequence s "goin g t o a 

restaurant, "  "goin g t o a  fas t  foo d restaurant, "  "goin g t o a  lecture, "  an d "goin g t o a  doctor "  wer e 

constructed .  Next ,  tw o variation s upo n eac h o f  thes e fou r  basi c causa l  schemat a wer e 

constructed .  Th e resultin g se t  o f  twelv e schemat a ar e the n completel y specifie d b y a  tota l  o f  10 7 

causa l  relationships .  A  matri x o f  synapti c weight s wa s the n constructe d fro m thi s stimulu s se t 

of  causa l  relationship s b y trainin g th e syste m usin g th e autoassociativ e Widrow-Hof T learnin g 

rul e fo r  100 0 learnin g trials .  Th e resultin g se t  o f  synapti c weight s wa s define d a s th e model' s 

long-ter m memory .  I n th e simulation s describe d here ,  five  suc h matrice s wer e generate d usin g 

differen t  rando m numbe r  seed s i n a n attemp t  t o mode l  th e long-ter m m e m o r y structure s o f  five 

colleg e students . 

Golden (in preparation) describes some computer simulations illustrating how this type of 

long-ter m m e m o r y syste m ca n b e use d t o contro l  behavior .  I n particular ,  a n incomplet e C R 

representin g a n initia l  situatio n (e.g. ,  (Si,0,0) )  i s  presente d t o th e B S B mode l  whic h reconstruct s 

th e actio n field  o f  th e CR .  Th e effec t  o f  thi s actio n upo n th e environmen t  result s i n a  ne w 

situatio n (e.g. ,  (S2,0,0) )  that ,  i n turn ,  ca n b e use d b y th e B S B mode l  t o reconstruc t  th e secon d 

actio n i n som e actio n sequence . 

Modelling the Learning of Short Stories 

After the 1000 learning trials using the "long-term memory" stimulus set of 107 CRs were 

completed ,  th e simulate d "subjects "  wer e traine d wit h 2 4 "stor y sets. "  I n particular ,  eac h 

subjec t  wa s taugh t  a  singl e stor y se t  fo r  a n additiona l  10 0 learnin g trial s an d the n tested .  Eac h 

stor y se t  consiste d o f  tw o simila r  storie s derive d fro m th e sam e causa l  schem a an d on e ver y 

distinctiv e stor y derive d fro m anothe r  causa l  schema .  A  "story "  simpl y consiste d o f  a  collectio n 

of  five  causa l  relationshi p stat e vector s tha t  wer e implicitl y  linke d togethe r  usin g th e causa l 

schem a stat e vecto r  encodin g procedur e tha t  wa s describe d earlier .  Not e tha t  th e system' s 

knowledg e o f  storie s i s store d ove r  th e sam e se t  o f  synapti c weight s a s th e system' s long-ter m 

memory. 

Modelling the Recall Process 

Figure 3 illustrates the main flow of control when the CS neural model is requested to recall 

a stor y fro m memory .  Th e B S B mode l  i s provide d wit h a n initia l  situatio n an d actio n field 

(correspondin g t o th e titl e o f  th e story) ,  an d reconstruct s th e final  situatio n field.  Th e final 

situatio n field  i s the n use d t o for m th e initia l  situatio n field  o f  a  n e w stat e vector .  Th e actio n 

and final  situatio n fields  o f  thi s ne w stat e vecto r  ar e filled  wit h zeroes .  Th e ne w stat e vecto r  i s 
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Figur e 3 .  Flo w o f  contro l  durin g stor y recall .  Th e C R representin g th e storj '  title , 
(S1,A1,0) ,  i s transforme d b y th e BS B mode l  int o (Sl,Al,S2 )  thu s reconstructin g a 
final  situatio n field  fo r  th e partiall y  specifie d (Sl,Al,0) .  Th e final  situatio n o f 
(Sl,Al,S2 )  i s the n use d t o for m (S2,0,0 )  whic h i s presente d t o th e BS B model .  Th e 
BSB mode l  recall s a n action ,  A2 ,  fro m memor y an d thi s actio n i s recorde d b y th e 
experimenter .  C R (S2,A2,0 )  ma y no w b e use d a s a  memor y cu e t o recal l  th e nex t 
actio n i n th e stor y amd th e abov e cycl e i s repeated . 
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the n submitte d t o th e BS B mode l  whic h reconstruct s a  ne w action .  Thi s ne w actio n i s recorde d 
as th e first  actio n recalle d b y th e model ,  an d th e ne w actio n an d ne w initia l  situatio n ar e use d t o 
initiat e th e cycl e onc e agai n t o recal l  th e secon d actio n fro m memory . 

Computer Simulation Results 

Table 2 provides the results of the computer simulations which may be compared with the 
result s obtaine d i n th e Bowe r  e t  al .  (1979 )  study .  Lik e th e huma n dat a i n Tabl e 1 ,  "stated " 
action s ar e recalle d mor e frequentl y tha n "unstated "  action s whic h ar e recalle d mor e frequentl y 
tha n "other "  actions .  I n addition ,  a s th e numbe r  o f  relate d storie s tha t  ar e learne d b y th e 
compute r  subject s increases ,  th e numbe r  o f  state d action s recalle d decrease s an d th e numbe r  o f 
unstate d action s recalle d increases .  Th e interactio n o f  "numbe r  o f  relate d stories "  an d "actio n 
type "  wa s highl y significan t  ( p <  0.01 )  i n th e compute r  simulation s treatin g eithe r  stor y set s o r 
compute r  subject s a s rando m factors . 

Summary 

A connectionist model of causal schemata in human memory has been described that makes 
specifi c  qualitativ e prediction s abou t  experiment s involvin g memor y fo r  writte n text .  A s a n 
example ,  th e performanc e o f  th e mode l  wa s compare d wit h huma n subjects '  performanc e i n a 
specifi c  psychologica l  experiment .  Fo r  thi s particula r  experiment ,  th e C S mode l  successfull y 
capture d th e genera l  qualitativ e characteristic s o f  huma n recal l  memor y fo r  simpl e stories .  I n 
addition ,  a  procedur e fo r  representin g comple x causa l  schemat a a s collection s o f  neura l 
activatio n pattern s (stat e vectors )  an d a  probabilisti c  interpretatio n o f  memor y recal l  an d 
learnin g i n th e BS B mode l  wer e discussed . 
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Tabl e 1 

Average number of actions recalled by human subjects 
(adapte d fro m Bowe r  e t  al. ,  1979 ) 

Number  o f 
state d 
action s 

Number  o f 
unstate d 
action s 

Number  o f 
othe r 
action s 

Number 
of  1 
relate d 2 
storie s 

3.0 3 
2.2 7 

0.8 0 
1.2 6 

0.3 9 
0.3 5 

Tabl e 2 

Average number of actions recalled by the CS neural model 
(Compute r  simulation ) 

Number  o f 
state d 
action s 

Number  o f 
unstate d 
action s 

Number  o f 
othe r 
action s 

Number 
of  1 
relate d 2 
storie s 

2.4 7 
1.6 2 

0.1 0 
0.4 0 

0.0 2 
0.0 0 
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