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Abstrac t 

The present work combines both process level 

description s an d learne d knowledg e structure s i n a 

simpl e recurren t  connectionis t  networ k t o mode l 

human parsin g judgement s o f  tw o videotape d even t 

sequences .  Th e networ k accomodate s th e comple x 

even t  boundar y judgemen t  time-serie s an d provide s 

insigh t  int o th e activatio n an d developmen t  o f 

schemat a an d thei r  rol e durin g encoding . 

Perceivin g an d Encodin g Event s 

Day to day experience is characterized, remembered, 

and communicate d a s a  serie s o f  events .  W e thin k 

about  drivin g t o work ,  w e remembe r  havin g a n 

argumen t  wit h ou r  spouse ,  an d w e tel l  a  frien d abou t 

our  plan s t o atten d th e theatr e nex t  Saturday . 

Abreviate d phrase s suc h a s drivin g t o wor k ac t  a s a 

typ e o f  shorthan d notatio n fo r  describin g comple x 

actio n sequences .  Thus ,  ou r  abilt y t o communicat e 

sucessfull y wit h other s usin g suc h label s a s drivin g t o 

wor k reflect s a  certai n leve l  o f  familiarit y wit h th e 

reference d activitie s tha t  w e shar e o r  presum e t o shar e 

wit h ou r  intende d audience . 

How common is our knowledge about common 

events ? Empirica l  wor k suggest s tha t  ther e i s 

considerabl e consensu s concernin g th e constituen t 

action s o f  familia r  event s (Bower ,  Black ,  &  Turner , 

1979) .  Bower ,  e t  al .  foun d tha t  subject s showe d 

considerabl e agreemen t  abou t  th e compositio n o f 

c o m m on event s (e.g. ,  goin g t o a  restaurant) ,  man y 

response s bein g offere d b y mor e tha n 7 0 % o f  thei r 

subject s an d ver y fe w bein g unique .  Considerabl e 

agreemen t  abou t  even t  boundarie s extend s t o onlin e 

measure s o f  parsin g a s wel l  (e.g. ,  Nowtson ,  1973 ; 

Hanso n &  Hirst ,  1989 )  suggestin g tha t  familiarit y wit h 

event s m a y provid e th e basi s fo r  understandin g an d 

encodin g ne w information . 

Neisser' s P e r c e p t u a l  C y c l e 

Neisser (1976) has suggested that perception is a 

cyclica l  activit y i n which :  (1 )  m e m o r y i n th e for m o f 

schemat a guide s th e exploratio n o f  th e environment , 

(2 )  exploratio n yield s sample s o f  availabl e 

information ,  an d (3 )  dat a collecte d fro m th e 

exploratio n proces s modifie s th e prevailin g schema . 

By focusin g o n th e interactio n o f  perceptio n an d 

memory,  Neisser' s "perceptua l  cycle "  mode l  offer s a 

particulari y fertil e contex t  fo r  studyin g th e processsin g 

of  even t  information .  However ,  becaus e thi s i s  a 

processin g model ,  rathe r  tha n a  mode l  o f  knowledg e 

representation ,  littl e emphasi s i s  place d o n th e 

structur e o f  schematize d knowledge .  Thus ,  i t  i s no t 

clea r  h o w turnin g ignitio n migh t  b e relate d t o drivin g 

home o r  eve n wha t  rol e th e decompositio n o f  event s 

migh t  pla y i n generatin g th e expectation s purportedl y 

use d t o guid e samplin g o f  availabl e information . 

Germane t o thi s issu e i s anothe r  tha t  arise s i n relatio n 

t o th e propose d modificatio n process .  H o w doe s th e 

prevailin g schem a chang e i n respons e t o th e samplin g 

process ? I n particular ,  wha t  i s  th e basi s fo r  th e 
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similarit y betwee n th e ongoin g situatio n an d th e 

schemat a tha t  ar e subsequentl y activated ? 
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Figur e 1 :  Neisser' s Perceptua l  Cycl e an d Recurren t  Ne t 

T h e P r o b l e m wi t h Script s 

Perhaps the best known attempt to address the kinds of 

question s raise d her e ha s bee n mad e b y Schan k (1982 ) 

withi n a n artificia l  intelligenc e framework .  Schank' s 

approac h t o th e parsin g proble m i s essentiall y  a 

taxonomi c on e i n whic h relativel y abstrac t  knowledg e 

stmcture s (i.e. ,  M O Ps an d TOPs )  ar e posite d t o 

emerg e fro m relativel y specifi c  actio n sequence s (i.e. , 

scripts) .  H e suggest s tha t  comprehensio n emerge s 

from  a  "reminding "  proces s i n whic h w e "pas s throug h 

ol d memorie s whil e processin g a  ne w input "  (p.25) . 

"Reminding "  i s posite d t o occu r  whe n a n onlin e even t 

activate s a n appropriat e knowledg e structur e a s a 

functio n o f  th e similarit y betwee n th e two .  Thus , 

"reminding "  i s a  proces s no t  unlik e tha t  posite d i n 

exempla r  base d categorizatio n model s (e.g. ,  Medi n & 

Schaffer ,  1978 )  o r  th e myria d o f  "neares t  neighbor " 

algorithm s posite d t o accoun t  fo r  patter n recognitio n 

performanc e (Dasarathy ,  1990) .  But ,  definin g 

similarit y remain s a s muc h a  proble m fo r  Schan k a s 

fo r  other s wrestlin g wit h categorizatio n issues . 

Regrettably, similarity is invoked again when 

question s abou t  structur e developmen t  ar e raised . 

Structure s a t  hig h level s i n th e hierarch y ar e posite d t o 

functio n a s prototype s an d t o b e abstracte d from  lowe r 

orde r  structures .  Accordin g t o Schan k (1982) ,  thes e 

ne w hig h leve l  structure s develo p "wher e th e essentia l 

similaritie s betwee n differen t  experience s ar e 

recorded "  (p .  81) . 

I n additio n t o a n inheren t  vaguenes s abou t  th e 

mechanis m underlyin g th e retrieva l  an d developmen t 

of  knowledg e structures ,  anothe r  proble m wit h 

Schank' s (1982 )  approac h i s it s failur e t o dea l  wit h th e 

tempora l  characte r  o f  even t  knowledg e i n an y 

straightforwar d way .  Event s persis t  fo r  a  give n 

duration .  Moreover ,  no t  onl y d o differen t  event s 

persis t  fo r  differen t  durations ,  bu t  th e sani e even t  m a y 

las t  fo r  differen t  period s o f  tim e a s a  functio n o f  an y 

number  o f  factor s suc h a s th e ag e o f  th e actor ,  th e 

experienc e o f  th e actor ,  th e tim e o f  da y whe n th e 

even t  take s place ,  th e locatio n o f  th e event ,  an d s o on . 

An even t  no t  onl y persist s fo r  a  give n duratio n bu t 

derive s it s meanin g fro m th e contex t  i n whic h i t 

occurs ,  tha t  is ,  th e event s tha t  preced e an d follo w it .  I n 

itself ,  orderin g mean s ver y littl e an d orderin g afte r 

eatin g make s littl e sense .  I t  i s  onl y whe n orderin g 

occur s i n it s rightful  plac e amon g sitting ,  eating ,  an d 

leavin g tha t  an y rea l  understandin g ca n occur . 
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Figure 2: The Present Recurrent Net 
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E v e n t  Pars in g 

One way to avoid some of the difficulties that arise 

when a  scrip t  structur e i s implemente d i s t o mode l 

dat a derive d from a  tas k tha t  create s contex t  i n term s 

of  meaningfu l  sequence s o f  actions .  Tha t  is ,  th e 

natur e o f  organizin g schemat a ca n b e abstracte d from 

human judgement s concernin g even t  boundarie s fo r 

everyda y situations .  Dat a fro m a  stud y b y Hanso n an d 

Hirs t  (1989 )  provid e suc h information .  Briefly , 

subject s i n thi s stud y wer e aske d t o watc h videotape s 

of  c o m m o n even t  sequences .  On e videotap e showe d 

tw o peopl e playin g a  gam e o f  Monopol y an d th e othe r 

showe d a  w o m a n i n a  restauran t  w h o drink s coffe e 
and read s a  newspaper . 
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Figur e 3 :  Inpu t  Encodin g Exampl e 

Subject s watche d th e videotape s unde r  variou s 

orientation s an d presse d a  respons e butto n wheneve r 

the y believe d a  ne w even t  wa s beginning .  I n th e 

presen t  study ,  w e use d reponse s mad e whe n subject s 

had bee n oriente d towar d "small "  event s whil e 

viewing  th e tapes .  Thi s orientatio n produce d th e 

greates t  numbe r  o f  perceive d even t  boundarie s an d 

therefor e a  rich  dat a se t  fo r  us e i n trainin g an d transfe r 

simulations . 

represen t  event s an d additionally ,  t o lear n ho w 

memory abou t  event s change s wit h experience .  Thus , 

we hope d t o b e abl e t o she d som e ligh t  o n ho w even t 

knowledg e is :  (a )  acquired ,  (b )  represented ,  an d (c ) 

use d t o guid e parsing .  Ou r  approac h wa s a  direc t  one ; 

we examine d h o w th e representatio n o f  even t 

knowledg e change s wit h experienc e an d observe d th e 

net' s abilit y t o transfe r  it s knowledg e abou t  event s t o 

relate d an d unrelate d actio n sequences . 

R e c u r r e n t  N e t s a n d th e Perceptua l  C y c l e 

A cormectionist simulation provides an opportunity to 

examin e h o w prio r  experienc e affect s th e parsin g o f 

action s int o events .  Recurren t  networics ,  fo r  example , 

inherentl y resembl e Neisser' s perceputa l  cycl e '  (Se e 

Figur e 1) .  A  recurren t  ne t  provide s feedbac k 

informatio n fro m hidde n layer s o r  fro m output s 

creatin g informatio n ftom  eithe r  pas t  action s a t 

variou s moment s i n tim e o r  fro m pas t  judgement s 

abou t  th e presenc e o r  absenc e o f  a n even t  change .  Fo r 

th e net ,  a n inpu t  fram e consistin g o f  a  se t  o f  feature s 

and a n arbtrai y uni t  o f  tim e represent s a n objec t  an d 

moment  o f  tim e i n th e world .  Th e hidde n laye r  o f  th e 

network ,  whic h i s drive n b y th e input ,  als o retrieve s a 

learne d categor y (Neisser' s schema )  whic h cause s 

some moment s i n tim e t o hav e a  certai n similarit y t o 

other s (base d o n features) .  Th e feedbac k t o th e 

hidde n laye r  create s a  stat e (Neisser' s expectancies ) 

tha t  influence s i n a  top-dow n fashio n judgement s 

abou t  th e similarit y o f  th e presen t  moment  t o a n activ e 

schema retrieve d vi a th e hidde n laye r  b y th e inpu t 

frame . 

A second reason for using a connectionist simulation 

i s th e opportunit y i t  afford s t o examin e th e "blac k 

box "  betwee n inpu t  an d output .  B y analyzin g th e 

hidde n unit s o f  th e networ k w e hope d t o gai n som e 

understandin g abou t  th e kin d o f  informatio n neede d t o 

1.  Rumelhai t  firs t  suggeste d thi s connectio n betwee n th e perceptua l 
cycl e an d reccuirent  nets . 

N e t w o r k Structur e a n d Tra in in g 

A simple recurrent network used sources of 

informatio n includin g feature s o f  event s fro m th e 

presen t  moment  i n time ,  pas t  event-momen t  feature s 

and pas t  prediction s o f  a n even t  chang e (se e Figur e 2) . 

I t  i s  know n tha t  simpl e recurren t  network s (Elman , 

1988 ;  Rumelhart ,  Hinto n &  Williams ,  1986 )  ca n 

represen t  a t  leas t  a  finite  stat e machin e (Servan -

Schreiber ,  Qereman s &  McQelland ,  1988 ;  Watrou s 

& Kuhn ,  1991 ;  Gile s e t  al. ,  1991 )  an d thu s ar e goo d 

candidate s fo r  encodin g tempora l  even t  sequences . 

The presen t  recurren t  networ k receive d feedbac k fro m 

hidde n layer s an d output s delaye d b y on e tim e step . 

Inasmuc h a s thes e activatio n value s wer e combine d 

ove r  tim e the y potentiall y ca n represen t  a  complet e 

sequenc e fro m th e star t  o f  th e even t  parsing . 

Input Encoding. As stated before, two kinds of 

videotape d actio n sequence s wer e use d a s data ,  on e 

involvin g tw o peopl e playin g a  Monopol y gam e an d 

anothe r  involvin g tw o peopl e i n a  restauran t  sequence . 

Each tap e wa s transcribe d t o th e resolutio n o f  on e 

second .  Fiv e variable s wer e chose n t o represen t  eac h 

secon d o f  th e even t  sequences .  Thes e variable s 

include d A G E N T,  A C T I O N ,  O B J E C T,  T Y P E o f 

V E RB (transitiv e o r  intransitive )  an d M O V E M E NT 

(whethe r  an y movemen t  occurre d i n tha t  second) .  I n 

Figur e 3  ar e example s o f  a  singl e secon d transcribe d 

fo r  eac h kin d o f  videotape :  Hereafter ,  thi s attribute -

valu e structur e wil l  b e referre d t o a s th e frame-second . 

lli e combine d informatio n fro m bot h tape s include d a 

tota l  o f  4  A G E N T S,  3 3 A C T I O N S an d 4 3 OBJECTS. 

Sixt y percen t  o f  A C T I O N S an d 9 % o f  O B J E C TS 

overlappe d betwee n th e tw o even t  sequences .  Th e 
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networ k wa s provide d a  binar y representation  (1 7 bits ) 

of  thi s inpu t  frame . 

Training. The network's task was to Icam to map the 

curren t  frame-second,  an y pas t  frame-second ,  an d th e 

pas t  even t  chang e probabilit y  t o th e nex t  even t  chang e 

probability .  Even t  chang e probabilit y  wa s compute d 

from  th e numbe r  o f  subject s (ou t  o f  20 )  w h o judge d 

tha t  a n even t  boundar y ha d occurre d (b y pressin g a 

respons e button )  durin g tha t  frame-second.  Show n i n 

Figur e 4  ar e th e even t  chang e probablities ^  fo r  th e 

Monopol y game .  O n th e x-axi s ar e th e 42 0 fram e 

second s correspondin g t o th e transcribe d features . 

The y-axi s show s th e relative  frequenc y o f  butto n 

presse s a t  tha t  second . 

The network was trained by Ist-order gradient descent 

("back-pro p i n time" )  t o produc e th e even t  chang e 

tim e series .  Du e t o th e nois e presen t  i n th e tim e serie s 

othe r  method s suc h a s line-minimizatio n o r  conjugat e 

gradien t  method s (e.g .  B F G S optimization )  fare d 

poorl y i n term s o f  spee d o f  convergenc e an d reliabilit y 

t o th e sam e solutio n a s a  functio n o f  startin g point . 

Simpl e Ist-orde r  back-prop ,  converge d quickl y an d 

reliabl y t o th e sam e solutio n i n spit e o f  th e targe t 

noise . 

Standard Models. The event change probabilities 

wer e no t  modelle d wel l  a s a n A R I M A (Box-Jenkins ) 

time-serie s suggestin g fe w periodicitie s wer e presen t 

i n th e time-serie s independen t  o f  th e frame-seconds. 

A standar d multipl e regression  accounte d fo r  les s tha n 

5 % (Pearso n r  correlatio n o f  .07 )  o f  th e dat a varianc e 
suggestin g tha t  th e mappin g wa s significantl y 

nonlinear . 

Learnin g o f  G a m e an d Restauran t  Tape s 

Using split halfs of the Game and Restaurant tapes the 

recurren t  networ k wa s abl e t o acoun t  fo r  ove r  4 5 % -

5 0 % o f  th e dat a varianc e wit h Pearso n r  correlation s 

of  .7 5 fo r  th e G a m e an d .6 8 fo r  th e Restauran t  tape . 

The differenc e appear s t o b e relate d t o th e difference s 

i n lengt h o f  th e tape s (Game-42 0 seconds , 
Restaurant-28 7 seconds )  an d th e highe r  diversit y o f 

action s i n th e G a m e even t  sequence . 

Transfer .  Th e G a m e tap e learnin g wa s the n 

transferre d t o th e Restauran t  tape^ .  S h o w n i n Figur e 5 

i n th e lef t  pane l  i s  th e resul t  o f  trainin g o n th e G a m e 

tape .  Th e dashe d lin e represent s th e event-chang e 

dat a an d th e soli d lin e i s th e second-by-secon d 

predictio n o f  th e reccurren t  network .  Usin g al l  th e 

dat a fo r  th e G a m e tap e booste d th e varianc e accounte d 

fo r  t o 8 0 % (r=.9) .  Transfe r  t o th e Restauran t  tape , 

was significan t  (40% ,  r=.65 )  i n spit e o f  larg e 

attribute-valu e difference s a t  eac h secon d o f  eac h 

tape .  Hidde n uni t  sensitivit y wa s explore d fo r  5  t o 3 0 

hidde n units .  Varianc e accounte d fo r  o n transfe r  wen t 

up slowly ,  reachin g asymptot e nea r  15-2 0 hidde n 

units . 

^ 
£ 

^ 

u 

> 

O 

S E C O N DS 

Figur e 4 :  Even t  Chang e Judgement s ove r  T im e (seconds ) 

Interna l  Representatio n 

Hidden unit patterns were analyzed (Hanson & Burr, 

1990 )  ove r  eac h secon d i n orde r  t o determin e th e 

similarit y o f  frame-second s tha t  th e reccurren t  ne t 

discovere d t o mak e th e even t  chang e predictions .  A 

hierarchica l  cluste r  analysi s (Centroid ,  an d Farthes t 

Neighbo r  agreement )  wa s performe d o n th e hidde n 

uni t  activation s ove r  th e 42 0 second s an d ove r  th e 28 7 

seconds .  Ver y regula r  dendrogram s wer e produce d 

and a n examinatio n o f  successiv e difference s ove r  th e 

merg e histor y indicate d 10-1 5 cluster s t o b e present . 

Insofa r  a s cluster s represent  group s o f  frame-seconds 

tha t  ar e simila r  fro m th e reccurren t  net' s poin t  o f 

2.  Subsequen t  figure s o f  even t  chang e probabilitie s sho w a 
smoothe d (4-secon d window )  versio n o f  thi s dat a i n orde r  t o 
maic e visua l  comparison s only .  Al l  predictio n value s fro m 
networ k trainin g ar e fo r  th e ra w dat a show n i n Figur e 4 . 

3.  Th e Restauran t  tap e wa s als o tranfeire d t o th e G a m e tape ,  bu t 
wit h les s success ,  probabl y becaus e th e sampl e siz e o f  th e 
restauran t  tap e wa s abou t  7 5 % tha t  o f  th e G a m e tape . 
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Figur e 6 :  Interna l  Representatio n fo r  Monopol y Game 

view ,  eac h cluste r  wa s identifie d a s a  schema ,  an d 

use d t o relabe l  th e sequenc e o f  frame-second s i n eac h 

tape .  Fo r  example ,  th e 42 0 second s o f  th e G a me tap e 

was relabelle d wit h th e 1 1 identifie d cluster s o r 

schemata .  A  grap h o f  th e ne w sequence ,  wit h th e 

schemat a labelle d usin g th e c o m m o n feature s o f  eac h 

ftame  secon d (e.g. ,  i f  P U T S wa s th e onl y c o m m o n 

featur e i n th e cluste r  th e schem a wa s labelle d "PUTS" , 

i f  M A R K T A K E S M O N EY wa s c o m m o n t o ever y 

frame-second  the n th e schem a wa s labelle d " M A R K 

T A K ES M O N E Y " ) ,  i s plotte d i n Figur e 6 . 

The siz e o f  eac h bal l  i s  base d o n th e relativ e 

frequenc y o f  th e schem a i n th e tape ,  an d th e arrow s 

represen t  th e stat e transitio n ( a stat e transitio n woul d 

predic t  a n even t  chang e fo r  th e recurren t  net) .  Not e 

tha t  th e sequenc e o f  Monopol y event s  i s representate d 

i n thi s graph ,  an d tha t  differen t  schem a leve l 

abstraction s hav e resulte d a s a  functio n o f  learnin g th e 

even t  chang e probabilities .  Som e schemat a represen t 

informatio n a t  th e exempla r  leve l  wherea s other s hav e 

generalize d b y droppin g A G E N T o r  A C T I O N o r 

O B J E CT o r  subset s o f  thes e variables .  Finally , 

notwithstandin g th e difference s i n frame-secon d 

conten t  (especiall y i n term s o f  objects )  an d poore r 

predictio n performance ,  a  representatio n wa s 

extracte d tha t  di d correspon d t o actio n sequence s 

consisten t  wit h th e actua l  event s i n th e Restauran t 

sequence . 
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T h e N a t u r e o f  E v e n t  P e r c e p t i o n 

We conclude by providing answers to the questions 

abou t  schemat a pose d earlie r  i n thi s paper .  Base d o n 

th e computatio n o f  th e recurren t  ne t  an d th e interna l 

representation s o f  schemat a extracted ,  severa l  aspect s 

of  even t  perceptio n migh t  b e clarified . 

On what basis are schemata activated? Several 

factor s determin e whethe r  a  schem a i s activate d o r 

not .  One ,  similarit y (i n thi s cas e dot-produc t  t o th e 

hidde n layer )  o f  a  schem a t o a  presen t  frame-secon d 

(i n term s o f  attribut e an d valu e presence )  ca n activat e 

and retriev e ne w schemat a i n a  bottom-u p fashion . 

T w o,  pas t  schemat a wil l  resis t  bottom-u p inpu t  a t  a 

give n frame-secon d an d wil l  ten d t o bloc k th e 

activatio n o f  ne w schemata .  Th e mor e specifi c  a 

schema i s (i n term s o f  attribute s an d values )  th e les s 

likel y transition s t o a  ne w schem a wil l  occur .  Three , 

eac h schem a ha s bee n associate d wit h a n expecte d 

duration .  Th e duratio n o f  a  schem a ca n b e determine d 

by clampin g th e pla n vecto r  wit h a  give n attribut e 

valu e an d startin g inpu t  value s a t  ambiguou s value s 

(.5 )  an d countin g th e numbe r  o f  second s passe d befor e 

th e outpu t  approache s a  valu e betwee n .7 5 an d 1.0 . 

Al l  1 1 schemat a fo r  th e G a m e tap e wer e clocke d i n 

thi s way .  I f  a  schem a i s expecte d t o continu e fo r  a 

lon g time ,  inconsisten t  inpu t  dat a wil l  b e ignore d unti l 

a sufficien t  numbe r  o f  instance s appear .  S o m e 

schemat a occu r  frequentl y havin g brie f  duration s 

whil e other s occu r  rarel y bu t  a t  longe r  durations .  I n 

fact ,  ther e wa s a  significan t  negativ e correlatio n (-.52 ) 

betwee n schem a duratio n an d frequency . 

What role do schemata play during encoding? The 

activ e participatio n o f  schemat a hel p t o selec t  inpu t 

and maintai n resistanc e t o change .  Withi n th e contex t 

of  th e recurren t  nets ,  schemat a creat e expectation s 

abou t  th e leve l  o f  abstractio n tha t  wil l  appea r  i n th e 

inpu t  fram e an d th e specifi c  conten t  tha t  shoul d b e 

found .  Finally ,  onc e a  schem a i s activate d ther e i s a n 

expectatio n abou t  it s duratio n (du e t o th e feedback ) 

and a  searc h fo r  confirmatio n continue s unti l  th e 

schema terminates . 

How do schemata develop? The frequency of events 

and thei r  duratio n withi n th e frame-second s determin e 

ho w schemat a develo p an d wha t  propertie s the y wil l 

possess .  A s state d above ,  ther e i s a n invers e relatio n 

betwee n duratio n o f  schemat a an d thei r  frequenc y i n 

th e G a m e tape .  High-frequency ,  short-duratio n 

schemat a ten d t o b e mor e asbtrac t  o r  general ,  wherea s 

low-frequency ,  long-duratio n schem a ten d t o b e mor e 

specifi c  o r  exempla r  based .  Examinatio n o f  th e 

schemat a a s the y develo p durin g learnin g indicat e tha t 

the y ten d t o evolv e fro m specifi c  exempla r  base d 

cluster s int o mor e abstrac t  base d cluster s b y acceptin g 

increasingl y mor e divers e inpu t  ove r  time . 
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