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A b s t r a c t 

We constructed a Modular Connectionist Architec-
tur e whic h consist s o f  mein y differen t  type s o f  3  laye r 

feed-forwar d P D P networ k module s (auto-associativ e 

recurrent ,  hetero-associativ e recurrent ,  an d hetero -

associative )  i n orde r  t o d o script-base d stor y un -

derstanding .  Ou r  system ,  calle d D Y N A S TY (DY -

NAmic script-base d STor y understandin g sYstem ) 

has th e followin g 3  majo r  functions :  (1 )  D Y N A S TY 

can lear n distribute d representation s o f  concept s an d 

event s i n everyda y scripta l  experiences ,  (2 )  DY -

N A S TY ca n d o script-base d causa l  chai n completio n 

inference s accordin g t o th e acquire d sequentia l  knowl -

edge,  an d (3 )  D Y N A S TY perform s scrip t  rol e as -

sociatio n an d retrieva l  whil e performin g scrip t  ap -

plication .  Ou r  purpos e i n constructin g thi s sys -

te m i s t o sho w tha t  th e learne d interna l  represen -

tations ,  usin g simpl e encoder-typ e networks ,  ca n b e 

used i n higher-leve l  module s t o develo p connection -

is t  architecture s fo r  fairl y  comple x cognitiv e tasks , 

suc h a s scrip t  processing .  Unlik e othe r  neurall y 

inspire d scrip t  processin g models ,  D Y N A S TY ca n 

lear n it s ow n similanty-hase d distribute d representa -

tion s fro m inpu t  scrip t  dat a usin g A R P D P (Auto -

associativ e Recurren t  P D P )  architectures .  Moreove r 

DYNASTY 'S rol e associatio n networ k handle s bot h 

scrip t  role s an d fillers  a s full-fledge d concepts ^  s o tha t 

i t  ca n lear n th e generalize d associativ e knowledg e be -

twee n severa l  scrip t  role s an d fillers. 

1 Background and Issues 

A script is a knowledge structure of stereotypic 

actio n sequence s [27] .  Accordin g t o psychologica l 

experiments[l] ,  peopl e us e script s t o understan d an d 

remember  narrativ e texts .  Bu t  propose d symboli c 

AI  model s o f  scrip t  processin g (e.g .  S A M [2,26] ) 

hav e man y unresolve d problems :  (1 )  The y ar e to o 

rigidl y defined ,  s o the y ca n no t  handl e scrip t  devia ^ 

tion s properly .  (2 )  I t  i s  difficul t  t o invok e th e righ t 

scrip t  fo r  th e inpu t  stor y fragments .  Propose d scrip t 

headers[2 ]  ar e unnatura l  an d fragile . 

A numbe r  o f  neurall y inspire d connectionis t  scrip t 

processin g model s hav e bee n propose d t o overcom e 

weaknesse s i n th e symboli c model s [3,4,5] ,  bu t  non e o f 

the m ha s th e semantic s neede d fo r  representin g con -

stituenc y o f  concept s an d events .  Dola n an d Dye r  [6 ] 

ar e th e first  t o conside r  micro-featur e base d underly -

in g representation s i n connectionis t  scrip t  processin g 

t o mak e thei r  representation s hav e similarit y prop -

erties :  simila r  concept s hav e simila r  representations . 

But  a s note d i n [7 ]  micro-feature s ar e unnatura l  an d 

akw2ird . 

Thi s pape r  propose s a  modula r  distribute d con -

nectionis t  architectur e calle d D Y N A S TY (DYNAmi c 

script-base d STor y understandin g sYstem )  base d o n 

automaticall y ledmt d distribute d semanti c represen -

tations .  D Y N A S TY take s simpl e coheren t  group s o f 

sentence s a s input ,  e.g. : 

John went to Sizzler. John ate steak and 

shrimp .  Joh n lef t  a  tip . 

and produces causally completed groups of sentences 

as output: ^ 

John went to Sizzler. Waiter seated John. 

Joh n looke d a t  th e menu .  Joh n ordere d 

stea k an d shrimp .  Joh n at e stea k an d 

shrimp .  Joh n pai d th e bill .  Joh n lef t  a  tip . 

Joh n lef t  Sizzle r  fo r  home . 

There are three major tasks that DYNASTY must 

solv e i n orde r  t o handl e thi s example :  (1 )  DY -

N A S TY mus t  lear n distribute d semanti c representa ^ 

tion s (DSR )  fo r  bot h concept s an d event s automati -

call y fro m it s inpu t  scrip t  data .  (2 )  D Y N A S TY mus t 

lear n sequentia l  knowledg e t o d o causal-chai n com -

pletio n inference .  (3 )  D Y N A S TY mus t  lear n associ -

ation s betwee n scrip t  role s an d thei r  fillers  fo r  late r 

retrieva l  o f  rol e bindings . 

^The event *  i n thi s outpu t  wer e mentione d b y 5 5 -  75 % o f 
th e huma n subject s i n a  psychologica l  experimen t  [1] . 
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Figur e 1 :  ARPDP,  HRPDP,  an d HPDP modules . 

2 DYNASTY System Archi-

tecture 

DYNASTY has three diflferent PDP (Parallel Dis-

tribute d Processing )  module s i n it s syste m architec -

ture :  A R P D P (Auto-associativ e Recurren t  PDP) , 

H R P DP (Hetero-associativ e Recurren t  PDP )  an d 

H P DP (Hetero-associativ e P D P )  modules .  Figur e 1 

shows th e thre e differen t  module s i n th e system .  Eac h 
modul e i s no t  a n entirel y ne w architecture .  Fo r  exam -

ple ,  Pollac k [8 ]  use d a n A R P D P architecture ^  t o gen -

erat e recursiv e distribute d representation s o f  stack s 

and pars e trees .  H R P DP architectur e ha s bee n use d 

by man y researchers ,  e.g .  Elma n [9] ,  Alle n [10] ,  Han -

son [11 ]  an d Joh n [12 ]  fo r  severa l  applications :  natu -

ra l  languag e question-answering[10] ,  parsing[ll ]  an d 

sentenc e comprehension[12] .  H P D P architectur e i s 

an ordinar y thre e laye r  P D P architecture .  Bu t  wha t 

i s ne w i s tha t  D Y N A S TY use s al l  thes e differen t  P D P 

sub-architecture s a s modula r  component s fo r  a  coher -

ent  syste m architecture ,  namely ,  a  syste m fo r  scrip t 

application . 

Figur e 2  show s th e overal l  D Y N A S TY architec -

ture .  D Y N A S TY module s communicat e throug h a 

globa l  dictionar y [7 ]  whic h ha s distribute d represen -

tation s o f  concept s an d events .  Th e A R P D P ova l  con -

sist s  o f  tw o A R P D P modules ,  an d thei r  function s ar e 

t o develo p distribute d semanti c representation s fo r 

concept s an d event s i n a n inpu t  script-base d story . 

I n th e sam e way ,  th e H R P DP ova l  consist s o f  tw o 

H R P DP modules ,  an d thei r  function s ar e t o lear n se -

quentia l  knowledg e i n th e scrip t  an d produc e entir e 

scrip t  event s sequentially .  Finally ,  th e H P D P ova l 

consist s o f  on e H P D P modul e wit h thre e symboli c 

buffers :  event-match-list ,  script-instance-buffer ,  an d 

script-buffer .  Thei r  function s ar e t o lear n th e scrip t 

*He use d &  differen t  niune ,  i.e. ,  RAA M (Recursiv e Aut o 
Associativ e Memory) . 

case-analyze d 
(parser ) 

Figur e 2 :  D Y N A S TY syste m architecture .  Th e 

oval s represen t  P D P modules ,  whil e th e boxe s rep -

resen t  symboli c stores .  Th e line s designat e uni-/bi -

directiona l  dat a flow.  Module s marke d wit h *  ar e no t 

develope d yet . 

role and filler associations. The internal architectures 

and thei r  function s wil l  b e describe d i n detail . 

3 Learning Distributed Se-

m a n t i c R e p r e s e n t a t i o n s 

3.1 Criteria for a Distributed Seman-

ti c Representatio n 

A distributed representation able to represent con-

ceptua l  knowledg e m u s t  hav e fiv e features : 

l.AutomaticH y -  T h e representatio n m u s t  b e ac -

quire d throug h s o m e automati c learnin g procedure , 

rathe r  tha n se t  b y hand .  Fo r  instance ,  th e hand -

code d microfeatur e base d representation[l5 ]  doe s no t 

meet  thi s criterion . 

2.Portability -  T h e representatio n shoul d b e globa l 

rathe r  tha n locall y confine d t o it s  trainin g en -

vironment .  T h a t  is ,  th e representatio n learne d 

i n on e trainin g environmen t  shoul d hav e struc -

tural/semanti c invarian t  propertie s s o tha t  i t  ca n b e 

applie d i n anothe r  tas k environment .  Fo r  example , 

th e representatio n i n Hinton' s famil y tre e example[19 ] 

ca n b e sai d t o mee t  th e automaticit y criterion ,  bu t 

no t  th e portabilit y  criterion ,  sinc e i t  canno t  b e use d 

i n an y othe r  task . 

S.Structur e Encodin g -  Feldman[20 ]  ha s argue d 

tha t  an y conceptua l  representatio n m u s t  suppor t  an -

swerin g question s abou t  structura l  aspect s o f  th e 

concept .  Fo r  example ,  par t  o f  th e mean in g o f  "ir -

responsible "  i s  tha t  ther e w a s a n obligatio n estab -

lishe d t o perfor m a n actio n an d th e obligatio n w a s 

violated .  T o answe r  a  questio n abou t  th e m e a n -

in g o f  "irresponsible "  require s accessin g thes e con -

stituen t  structures .  A n y conceptua l  representatio n 

m u st  hav e structura l  informatio n i n th e represen -

tatio n itsel f  abou t  th e constituent s o f  th e concep t 
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and purel y holographi c representation s d o no t  mee t 

thi s criterion .  Thi s structure-encodin g criterio n im -

plie s systematicity ,  compositionality ,  an d inferen -

tia l  coherenc e -  th e thre e propertie s tha t  Fodo r 

and Pylyshyn[18 ]  mentione d whe n criticizin g connec -

tionism .  Th e extende d back-propagatio n method , 
FGREP[7] ,  ca n b e sai d t o mee t  th e first  an d th e 

secon d criteria ,  bu t  th e resultin g E G R E P represen -

tatio n i s purel y holographic .  W e ca n no t  retriev e an y 

structura l  informatio n fro m th e representatio n itself . 

Thus representation s o f  lexica l  entrie s i n th e F G R EP 

lexico n d o no t  allo w u s t o answe r  question s abou t 

th e constituent s o f  an y word' s conceptua l  structure . 

Hand-code d microfeature s ar e a  goo d representatio n 

accordin g t o thi s criterion ,  sinc e a t  leas t  on e ca n in -

terpre t  th e semanti c conten t  o f  eac h microfeatur e i n 

th e representation ,  bu t  the y ar e arbitrary ,  lac k struc -

ture ,  an d creat e a  knowledg e engineerin g bottleneck . 

4.Micro-Semantic s -  Distribute d representation s 

gai n muc h o f  thei r  powe r  b y encodin g statistica l  cor -

relation s fro m th e trainin g set ,  whic h ar e use d t o 

characteriz e th e environment .  Thes e statistica l  corre -

lation s giv e connectionis t  model s th e abilit y  t o gen -

eralize .  T o suppor t  generalization ,  distribute d rep -

resentation s shoul d exhibi t  semanti c conten t  a t  th e 

micr o level ,  i.e .  simila r  concept s shoul d en d u p 

(b y som e metric )  wit h simila r  distribute d representa r 

tions .  Thi s criterio n provide d th e origina l  impetu s fo r 

microfeature-base d encodings ,  sinc e simila r  concept s 

ar e simila r  becaus e the y shar e simila r  microfeatur e 

values . 

5.Convergenc e -  A  basi c operatio n fo r  an y self -

organizin g (possibl y chaotic )  representatio n i s con -

vergenc e t o a  (possibl y chaotic )  attractor .  A t  an y on e 

time ,  th e representatio n shoul d hav e a  stabl e patter n 

of  activatio n ove r  th e ensembl e o f  unit s i n a  stabl e 

environment ,  aji d thi s patter n shoul d converg e t o a n 

attracto r  poin t  i n th e featur e space[14] . 

3.2 Forming Distributed Seman-

ti c Representation s ( D S R s )  o f 

W o r d s 

In this section we show how DSRs may be formed and 
demonstrat e thei r  validit y fo r  th e tas k o f  encodin g 

wor d meanings . 

Ther e ar e tw o alternat e view s o n th e semanti c con -

ten t  o f  words :  (1 )  Th e structura l  vie w define s a  wor d 

meanin g onl y i n term s o f  it s  relationship s t o othe r 

meanings .  (2 )  Th e componentia l  vie w define s mean -

in g a s a  vecto r  o f  propertie s (e.g .  microfeatures) . 

We tak e a n interi m vie w -  tha t  meanin g ca n b e 

define d i n term s o f  a  distribute d representatio n o f 

structural/functiona l  relationships ,  wher e eac h rela -

tionshi p i s encode d a s a  proposition .  Example s o f 

proposition s ar e verba l  description s o f  action-oriente d 

event s i n everyda y experiences . 

3.2.1 Representing DSRs 

The intuition behind DSRs is that people learn the 

meaning s o f  word s throug h example s o f  thei r  rela ^ 

tionship s t o othe r  words .  Fo r  example ,  afte r  residin g 

th e 4  proposition s below ,  th e reade r  begin s t o for m a 

hypothesi s o f  wha t  kin d o f  meanin g th e wor d "foo " 

shoul d have . 

•  Proposition! :  Th e ma n drink s fo o wit h a  straw . 

• Propo8ition2: The company delivers foo in a car-

ton . 

• Propositions: Humans get foo from cows. 

• Proposition4: The man eats bread with foo. 

The meanin g o f  fo o shoul d b e somethin g lik e tha t  o f 

milk .  Th e interestin g fac t  i s  tha t  th e semantic s o f 

'̂ oo "  i s no t  fixed,  rathe r  i t  i s  graduall y refine d a s 

one experience s mor e proposition s i n varyin g envi -

ronments .  T o develo p DSRs base d o n propositions , 

we hav e t o defin e th e structural/functiona l  relation -

ship s betwee n concept s wit h respec t  t o thos e propo -

sitions .  Fo r  action-oriente d event s describin g propo -

sitions ,  w e us e themati c cas e relations ,  originall y de -

velope d b y Fillmore[13] ,  an d extende d i n severa l  nat -

ura l  languag e processin g systems[21] .  W e us e th e fol -

lowin g 8  themati c cas e relation s whic h ar e simila r  t o 

th e one s define d i n Fillmore[13 ]  :  agent ,  object ,  co -

object ,  instrument ,  source ,  goal ,  location ,  an d time . 

For  example ,  th e D S R o f  "milk "  i s  no w define d a s 

th e compositio n o f  relationships ,  e.g .  wit h respec t  t o 

th e 4  proposition s above .  Thes e ar e the n combine d 

as follows : 

*milk *  =  F i  {G e (object ,  *propositionl*) , 

Ge (object ,  *proposition2*) ,  G c (object , 

*proposition3*) ,  G c (co-object ,  *proposi -

tion4*) ,  ) 

wher e *milk *  i s  th e meanin g representatio n o f  "milk" ; 

Fi  i s  som e integratio n functio n an d G c i s som e combi -

natio n functio n o f  structural/functiona l  relationship s 

wit h respec t  t o th e correspondin g propositions .  I n 

th e sam e way ,  eac h propositio n itsel f  i s  define d a s th e 

compositio n o f  th e constituen t  themati c cas e com -

ponent s tha t  ar e themselve s combination s o f  struc -

tural/functiona l  relationship s wit h thei r  correspond -

in g meanin g representation s o f  othe r  words : 

•propositio n 1 *  =  F, -  {G c (agent ,  *man*) ,  G e 

(verb ,  *drink*) ,  G c (object ,  *milk*) ,  G c (in -

strument ,  *straw*) ) 

716 



copy 

copy 

101. . 
loa d 

oncepl-encoding-ne l concept-dictionar y 

r ^ ^  ' 

r  stor e ^ 

lam e 

.V1 
D6R 
bio.. . 

event-encoding-ne t 
banKI  bank 2 bank 3 
(m-bit )  (n-bit )  (m-bit ) 

event-dictionar y 

Figur e 3 :  A R P D P Networ k Architectur e fo r  Learnin g 

DSR5 

3.2.2 Learning DSRs 

We have developed ARPDP (auto-associative recur-

ren t  P D P )  network s fo r  automaticall y learnin g DSRs . 

The basi c ide a i s t o recirculat e th e developin g inter -

nal  representatio n (hidde n laye r  o f  th e network )  bac k 

out  t o th e environmen t  (inpu t  an d outpu t  layer s o f 

th e network). ^  Figur e 3  show s ou r  A R P D P airchitec -

ture .  Th e learnin g portio n o f  th e A R P D P architec -

tur e contain s tw o symboli c memorie s (concep t  dictio -

nar y an d even t  dictionary )  an d tw o 3-laye r  A R P D P 

networks .  Th e inpu t  an d outpu t  layer s o f  eac h net -
wor k ha s 3  bank s o f  units :  bankl ,  bank2 ,  bankS .  Af -

te r  eac h o f  th e 3  bank s i s properl y loade d wit h th e 

element s o f  a  proposition ,  th e D S R emerge s i n bank l 

by unsupervise d auto-associativ e B E P (Backwar d Er -

ro r  Propagation)[16] . 

The D S R learnin g proces s consist s o f  tw o alter -

natin g cycles :  Concep t  Encodin g an d Propositio n 

(Event )  Encoding .  Belo w w e informall y describ e eac h 

cycle .  I n each ,  al l  concep t  an d propositio n represen -

tation s star t  wit h a  don' t  car e pattern ,  e.g .  0.5 ,  whe n 

th e activatio n valu e rang e o f  eac h uni t  i n networ k 

i s 0. 0 t o 1.0 .  Th e structural/functiona l  relationshi p 

representatio n i s fixed,  usin g orthogona l  bi t  pattern s 

(fo r  minimizin g interference) . 

Concept Encoding Cycle: 

1. Pick one concept to be represented, say CONl. 

2. Select all relevant triples for CONl. In the 

*milk *  example ,  the y shoul d b e triple s lik e 

(*milk *  objec t  propositionl )  (*milk *  objec t 

proposition2 )  (*milk *  objec t  propositions) ,  etc . 

'  Th e ide a o f  recirculatio n wa s firs t  develope d b y Pollack[ ^ 
iui d Miikkulaine n an d Dyer[7] . 

3.  Fo r  th e firs t  triple ,  loa d th e initia l  represen -

tatio n fo r  C O N l  int o bsuikl ;  loa d th e struc -

tural/function d relationshi p int o bank2 ,  an d 

loa d it s correspondin g propositio n t o bankS .  I n 

th e *milk *  example ,  fo r  th e first  triple ,  bankl , 

bank2 ,  an d bank 3 ar e loade d wit h bi t  pattern s 

fo r  *milk* ,  object ,  an d propositionl ,  respec -

tively . 

4. Run the auto-associative BEP algorithm, where 

th e inpu t  an d outpu t  layer s hav e th e s a m e bi t 

patterns . 

5. Recirculate the developed (hidden layer) repre-

sentatio n int o bank l  o f  bot h th e input/outpu t 

layer s an d perfor m step 3 t o step 5 fo r  anothe r 

tripl e unti l  al l  triple s ar e encoded . 

6. Store the developed DSR into the concept dic-

tionar y an d selec t  anothe r  wor d concep t  t o b e 

represented . 

Proposition (Event) Encoding Cycle: Basically this 

cycl e undergoe s th e s a m e step s a s th e Concep t  En -

codin g Cycl e excep t  that ,  thi s time ,  w e loa d bankl , 

bank2 ,  an d bank S wit h (respectively )  th e propositio n 

(event )  t o b e represented ,  structural/functiona l  rela ^ 

tionship ,  an d it s correspondin g concep t  representa -

tio n ( D S R ) .  T h e resul t  o f  th e encodin g i s store d int o 

th e even t  dictionary . 

N o w th e overjil l  D S R learnin g proces s wil l  be : 

1. Perform the entire concept encoding cycle. 

2. Perform the entire proposition (event) encoding 

cycle . 

3. Repeat stepl and step2 until we get stable pat-

tern s fo r  al l  concept s an d events . 

In this process,the composition function Fi is embod-

ie d i n th e dynamic s o f  th e Recursiv e Auto-Associativ e 

Stackin g operation[8 ]  an d th e combinatio n functio n 

Ge i s jus t  a  concatenatio n o f  tw o bi t  patterns .  S o 

what  th e A R P D P architectur e doe s i s for m a  repre -

sentatio n b y compressin g proposition s abou t  a  con -

cep t  int o th e hidde n laye r  an d the n us e thos e com -

pression s i n th e specificatio n o f  proposition s tha t  de -

fine  othe r  concepts ,  an d the n recycl e th e compressio n 

forme d fo r  thi s concep t  bac k int o th e representatio n 

of  th e origina l  concep t  (doin g thi s ove r  an d ove r  unti l 

i t  stabilizes) .  T h u s eac h D S R ha s i n i t  th e propo -

sitiona l  structur e tha t  relate s i t  t o othe r  concepts , 

wher e eac h o f  thos e ar e als o D S R s .  Thi s metho d 

produce s wha t  m a y b e viewe d a s generalization s o f 
Hinton' s "reduce d descriptions "  [28] . 
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The decoding process is the reverse process of en-

coding :  W e loa d th e concep t  representatio n i n th e 

hidde n laye r  o f  th e A R P D P concep t  encodin g net -

wor k an d perfor m relaxatio n unti l  w e ge t  th e de -

sire d relationshi p i n bank 2 an d propositio n (event ) 

i n baoik S o f  th e outpu t  layer .  Next ,  w e loa d th e re -

sultin g propositio n (event )  i n th e hidde n laye r  o f  th e 

propositio n encodin g networ k an d ge t  bac k th e con -

stituen t  relationship s an d concep t  representations . 

Accordin g t o th e evaluatio n cin d experiment s re -

ported  elsewhere[17] ,  th e resultin g D S R s mee t  al l 

th e 5  criteria :  automaticity ,  portability ,  structure -

encoding ,  micro-semantics ,  an d convergence . 

4 Learning Sequentiality of 

E v e n t s 

Event sequences are encoded in two HRPDP net-
works ,  namely ,  a  sequenc e encodin g networ k an d a 
sequenc e decodin g network .  Figur e 4  show s thi s por -

tio n o f  th e syste m architecture .  T h e sequenc e encod -

in g networ k ha s 2  bank s i n th e inpu t  layer ,  namely , 

a contex t  ban k an d a n even t  bank ,  an d ha s 1  scrip t 

ban k i n th e outpu t  layer .  Similarly ,  th e sequenc e de -

codin g networ k ha s 2  banks :  a  contex t  ban k an d a 

scrip t  ban k i n it s inpu t  laye r  an d 1  even t  ban k i n it s 

outpu t  layer . 

Durin g th e trainin g phase ,  th e syste m repeat s th e 

sequenc e encodin g an d decodin g procedure s fo r  al l 

th e script s define d i n th e system .  Fo r  on e script ,  th e 

seqenc e encodin g procedur e is : 

1. Select all relevant script instances (specific and 

incomplet e even t  sequence s wit h scrip t  role s al -

read y filled )  an d choos e on e instance . 

2. Load script bank with the fixed orthogonal script 

representation . 

3.  Loa d contex t  ban k wit h don H ca n pattern s an d 

even t  ban k wit h th e firs t  even t  representatio n i n 

th e chose n scrip t  instanc e fro m th e even t  dictio -

nary . 

4. Do hetero-associative BEP. 

5. Copy the developed hidden layer into the context 

bank an d loa d th e even t  ban k wit h th e nex t  even t 

representation . 

6. Repeat step 4 to step 5 with all the event repre-

sentation s i n th e chose n scrip t  instance . 

7. Choose another script instance and repeat step 

2 t o ste p 6  unti l  al l  th e selecte d scrip t  instance s 

ar e encoded . 

In this procedure, the weight vectors along with the 

contex t  ban k lear n th e correc t  encodin g o f  th e se -

quence s fo r  eac h scrip t  instance .  Fo r  th e sam e script , 

th e sequenc e decodin g procedur e is : 

1. Load the context bank with don't care patterns 

an d loa d th e scrip t  ban k wit h th e fixed  orthogo -

nal  scrip t  representation . 

2. Load the event bank with the first event rep-

resentation s o f  th e chose n script .  I n thi s case , 

th e generi c even t  wit h th e scrip t  role s unfille d i s 

used . 

3. Do hetero-associative BEP. 

4. Copy the developed hidden layer into the context 

bank an d loa d th e even t  ban k wit h th e nex t  even t 

representation . 

5. Repeat step 3 to step 4 with adi the event repre-

sentation s i n th e script . 

In the same way, the weight vectors along with the 

contex t  ban k lear n th e correc t  decodin g o f  th e se -

quence s fo r  th e script . 

I n th e performanc e phase ,  th e syste m ca n d o th e 

causa l  chai n completio n inference s b y usin g learne d 

sequentia l  knowledge .  I n thi s phase ,  th e contex t  ban k 

i s loade d wit h th e don' t  car e pattern s an d th e even t 

ban k i s  loade d wit h th e even t  representation s fro m 

th e inpu t  story .  Afte r  a  serie s o f  relaxation s an d 

cop y actions ,  th e scrip t  representatio n emerge s i n th e 

scrip t  ban k o f  th e sequenc e encodin g network .  Thi s 

i s simila r  t o th e scrip t  recognitio n proces s i n symboli c 

AI  models .  Bu t  her e w e don' t  nee d t o worr y abou t 

th e scrip t  heade r  problems :  Al l  th e event s i n th e in -

put  stor y cooperat e t o invok e on e scrip t  representa -

tion .  W e loa d thi s scrip t  patter n int o th e scrip t  h&a k 

of  th e sequenc e decodin g networ k an d th e sam e serie s 

of  relaxation s an d cop y action s mak e th e complete d 

even t  sequenc e emerg e i n th e even t  bank .  Sinc e thes e 
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Figur e 5 :  H P D P architectur e fo r  scrip t  rol e associa -

tion . 

events are role stripped, we need to fill the roles with 

fillers  usin g a  rol e associato r  network(Figur e 5 ) .  Afte r 

role s ar e filled,  th e outpu t  even t  sequence s for m th e 

causa l  chain ,  i.e .  th e complete d stor y output .  Thi s 

rol e bindin g operatio n wil l  b e addresse d i n th e nex t 

section . 

R o l e Associat io n a n d 

trieva l  i n D Y N A S T Y 

R e -

Rol e bindin g i s no t  eas y i n a  syste m usin g distribute d 

representation s sinc e i t  i s impossibl e t o hav e context -

fre e rol e variables .  Wi t h similarity-base d distribute d 

representations ,  a  solutio n usin g bindin g units ,  lik e 

i n [22] ,  wil l  no t  scal e up .  I n Smolensky' s tenso r  ap -

proac h [23] ,  th e superpositio n o f  severa l  (schem a rol e 

filler)  triple s i n on e cub e make s unorthogona l  pattern s 

har d t o b e retrieve d correctly . 

We tak e a  differen t  approac h t o scrip t  rol e bind -

in g problems ,  namely ,  w e conside r  bot h scrip t  role s 

an d fillers  a s full-fledge d concepts .  S o scrip t  role s ar e 

associate d wit h thei r  fillers  rathe r  tha n boun d i n th e 

symboli c sense .  Thi s approac h i s i n th e sam e spiri t  a s 

Wilensky' s [24 ]  frame/slo t  (o r  node/link )  distinction s 

i n hi s C R T (Cognitiv e Representatio n Theory) ,  an d 

as Touretzk y an d Gev a [25] ,  w h o use d diffus e pat -

tern s fo r  bot h slo t  name s an d fillers  i n thei r  D U C S 

(Dynamicall y Updatabl e Concep t  Structures )  archi -

tecture . 

Figur e 5  show s th e rol e association/retrieva l  archi -

tectur e i n D Y N A S T Y.  Whil e th e H R P D P architec -

tur e i s  doin g sequenc e encodin g an d decoding ,  th e 

correspondin g event s i n th e inpu t  an d outpu t  stor y 

ar e kep t  i n th e event-match-list .  Th e even t  pair s ar e 

decode d usin g th e A R P D P propositio n (event )  en -

codin g networ k (se e Figur e 3 )  an d store d int o th e 

script-instance-buffe r  cin d script-buffe r  respectively . 

Th e decode d result s fo r  th e event s i n th e inpu t  stor y 

(fro m th e script-instance-buffer )  ar e loade d int o th e 

filler  bank ,  whil e th e result s fo r  th e event s i n th e 

oupu t  stor y (from  th e script-buffer )  ar e loade d int o 

th e rol e ban k i n th e rol e associato r  network .  Th e 

scrip t  ban k i n th e sam e networ k i s  loade d wit h th e 

pattern s i n th e scrip t  ban k i n th e sequenc e encode r 

network .  Afte r  B E P training ,  th e weigh t  vector s 

lear n th e generalize d feature s fo r  scrip t  rol e an d filler 

association s wit h th e correspondin g scrip t  represen -

tations .  The n th b rol e associato r  networ k i s use d t o 

retriev e correc t  role s whe n th e scrip t  an d fillers  ar e 

given .  Thi s i s a  ne w approac h t o th e scrip t  rol e bind -

in g problem :  B y accumulatin g th e associativ e knowl -

edg e betwee n severa l  role s an d fillers  whil e processin g 

severa l  scripts ,  th e rol e associato r  networ k learn s th e 

genera l  role-fille r  associativ e features ,  no t  individua l 

role-fille r  bindings . 

6 Experiment Results 

We selected 4 scripts: going to a restaurant, attend-

in g a  lecture ,  grocer y shopping ,  an d visitin g a  doc -

to r  fro m [1 ]  an d m a d e 8  variation s o f  eac h script . 

Fro m th e resultin g 3 2 scripts ,  w e extracte d 12 2 event s 

(propositions )  t o trai n ou r  A R P D P modules .  Figur e 

6 show s part s o f  ou r  learne d D S R s fo r  th e concept s 

an d events . 

I n concep t  representation s ( C O N - N A M E i n Fig -

ur e 6) ,  th e first  grou p designate s scrip t  rol e concepts , 

whil e th e secon d grou p designate s thei r  filler  con -

cepts .  T h e fillet  concept s (e.g .  John ,  Jack )  fo r  th e 

same rol e (e.g .  customer )  develo p simila r  representa -
tions .  Th e thir d grou p designate s som e o f  th e ver b 

representations .  S o m e o f  th e concept s develope d ex -

actl y th e sam e representations ,  whic h i s du e t o th e 

limite d numbe r  o f  proposition s provided .  T h e mor e 

proposition s use d i n th e training ,  th e mor e refine d 

ar e th e representations. ^ 

I n even t  representation s ( E V E N T - N A M E i n Fig -

ur e 6) ,  th e first  grou p designate s event s i n th e restau -

ran t  script ,  whil e th e secon d grou p designate s th e 

same event s i n a  specifi c  instanc e (wit h scrip t  role s 

filled  b y prope r  filler  concepts) .  T h e correspondin g 

event s i n th e secon d grou p als o develo p simila r  rej v 

resentations . 

Next ,  w e m a d e u p inpu t  storie s (no t  causall y com -

plete d ones )  an d fe d the m t o ou r  H R P D P an d H P D P 

module s t o ge t  th e causall y complete d storie s wit h 

th e correc t  rol e associations . 

Figur e 7  show s ou r  result s fo r  th e restauran t  scrip t 

when th e syste m i s fe d wit h th e inpu t  stor y "Joh n 

went  t o Sizzler .  Joh n at e steak-and-shrimp .  Joh n 

lef t  a  tip. "  I n eac h representation ,  th e first  ro w des -

ignate s syste m output ,  an d th e secon d ro w show s th e 

correc t  value s fo r  th e comparison . 

*12 2 proposition s ar e obviousl y insufficien t  i n numbe r  t o 
lear n 7 0 concepts .  W e postulat e tha t  a  chil d mus t  experienc e a 
grea t  numbe r  o f  proposition s t o lear n a  singl e concep t  correctly . 
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Figur e 6 :  Learne d DSRs o f  concept s (Nouns/Verbs ) 
and events .  Th e experimen t  i s don e usin g momen-
tu m accelerate d back-propagation .  Leanin g rat e = 
0.07,momentu m facto r  =  0.5 ,  3 0 epoch s fo r  eac h con -

cep t  an d event ;  on e epoc h =  10 0 cycle s o f  auto-

associativ e backprop .  Th e valu e rang e i s 0. 0 -  1. 0 

continuou s whic h i s show n b y th e degre e o f  bo x fill-

up . 

As can be seen, the system is excellent at causal 

completio n inferenc e an d scrip t  rol e retrieval . 

7 Future Directions and Con-

clusion 

A modular connectionist architecture with recursive, 

compositiona l  distribute d representation s (th e D S R s 

i n D Y N A S T Y)  open s a  ne w wa y t o buildin g practi -

cal  connectionis t  system s tha t  ca n d o fairl y high-leve l 

cognitiv e tasks .  Thi s typ e o f  neurall y inspire d cog -

nitiv e architectur e ca n bridg e th e ga p betwee n sym -

boli c A I  an d th e mor e numerica l  (statistical )  neura l 

networ k field .  Usuall y symboli c A I  system s lac k i n 

expandibilit y  sinc e the y ar e brittl e an d brea k easil y 

wit h larg e practica l  data .  Bu t  ou r  D Y N A S T Y ex -

hibit s th e revers e property :  Th e mor e dat a th e syste m 

t s fed ,  th e mor e robus t  an d refine d it s  performance . 

Th e nex t  ste p i s t o exten d thi s typ e o f  architectur e 

fro m th e prototyp e leve l  t o th e practica l  leve l  includ -

in g parsing ,  generatio n an d question-answerin g mod -

ules . 

We hav e designe d D Y N A S T Y,  a  modula r  connec -

tionis t  architectur e fo r  scrip t  processing .  D Y N A S T Y 
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Figur e 7 :  Causall y complete d outpu t  stor y wit h cor -

rec t  role-filler s retrieved . 

ca n (1 )  automaticall y for m distribute d represente e 

tion s o f  th e concept s (words )  an d event s i n th e do -

mai n o f  script-base d stor y understanding ,  (2 )  gener -

at e complete d scrip t  even t  sequence s fro m fragmen -

tar y input ,  an d (3 )  successfull y bin d th e role s i n th e 

scrip t  fo r  th e unstate d event s i n th e input .  Moreove r 

th e representation s forme d contau n constituen t  struc -

tur e tha t  ca n b e extracte d an d events ,  roles ,  concept s 

wit h simila r  semantic s en d u p wit h simila r  represen -

tations ,  i.e. ,  the y satisf y th e 5  criteri a fo r  a  DSR[17] . 
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