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ABSTRACT 

Schema selection involves determining which pre-stored schema best matches the current input. 

Traditiona l  seria l  approache s utiliz e a  match/predic t  cycl e whic h i s heavil y dependen t  upo n back -

tracking .  Thi s pape r  present s a  paralle l  interactiv e mode l  o f  schem a selectio n calle d S A M P A N 

whic h i s mor e flexible  an d adaptive .  S A M P AN i s a  hybri d syste m tha t  combine s marke r  passin g 

wit h connectionis t  spreadin g activatio n t o provid e a  highl y malleabl e an d genera l  representatio n 

fo r  schem a selection .  Thi s wor k i s motivate d b y recen t  succes s i n connectionis t  schem a represen -

tation s an d i n natura l  languag e marke r  passin g systems .  A  connectionis t  schem a representatio n 

provide s m a n y attractiv e feature s ove r  traditiona l  schem a representations .  However ,  a  pur e con -

nectionis t  representatio n lack s generality ;  ne w proposition s canno t  easil y b e represented .  S A M -

P A N get s aroun d thi s proble m b y usin g marke r  passin g t o perfor m variabl e bindin g o n general -

ize d concepts .  T h e S A M P AN syste m i s a  constrain t  satisfactio n networ k wit h node s tha t  perfor m 

simpl e patter n matchin g an d inpu t  summation .  Thi s approac h i s directl y applicabl e t o curren t 

schema-base d systems . 

I. INTRODUCTION 

The most difficult task in schema-driven systems^ is to select a schema that can accurately 

represen t  th e curren t  input .  A  typica l  seria l  approac h t o schem a selectio n firs t  extract s cue s (i n 

th e for m o f  settings ,  participants ,  events ,  etc. )  fro m th e inpu t  an d the n use s thes e cue s t o hel p 

selec t  a n appropriat e schema .  I f  th e selecte d schem a i s late r  show n t o b e incorrect ,  th e syste m 

must  backtrac k an d selec t  anothe r  schema .  Onc e a  schem a i s selected ,  top-dow n expectatio n o r 

predictio n ca n b e use d t o assis t  recognitio n o r  natura l  languag e understanding .  Fo r  example , 

schema o r  scrip t  selectio n i n S A M [SCHA75 ]  involve s matchin g th e inpu t  wit h a  lis t  o f  conceptu -

alization s store d i n eac h script .  I f  th e inpu t  matches ,  thi s scrip t  wil l  b e activated .  S A M use s a 

searc h lis t  tha t  i s  dynamicall y update d t o indicat e whic h script s ar e m o s t  likel y t o occu r  base d o n 

th e conceptualization s o r  object s see n s o far .  F R U M P [ D E J 0 7 9 ] ,  o n th e othe r  hand ,  processe s 

th e firs t  paragrap h t o selec t  a  sketch y script .  Fo r  efficiency ,  sketch y script s ar e ma tche d usin g a 

n-wa y branchin g discriminatio n tree . 

There are several problems with current serial schema selection techniques [HAVE83 . 

W h en a  syste m select s a n incorrec t  schema ,  i t  m u s t  backtrack ,  retr y anothe r  schema ,  an d possi -

bl y reinterpre t  th e inputs .  Fo r  a  syste m wit h a  larg e n u m b e r  o f  schemata ,  thi s computationa l 

overhea d m a y greatl y reduc e it s effectiveness .  I n addition ,  ther e i s a  "chicke n an d eg g problem. " 

T h e syste m canno t  m a k e us e o f  s c h e m a knowledg e whil e interpretin g th e inpu t  t o perfor m 

1.  Throughou t  thi s paper ,  th e term s schemata ,  frame s an d script s ar e use d interchangeabl y t o represen t  knowledg e structure s 
tha t  describ e typica l  situation s o r  objects .  Th e term s massivel y paralle l  network s an d connectionis t  network s ar e als o use d inter -
changeabl y t o represen t  th e notio n o f  larg e paralle l  network s wit h man y simpl e processin g elements . 
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schema selection. On the other hand, the system must hypothesize a correct schema before the 

materia l  i t  i s  tryin g t o explai n i s full y  given .  Ther e i s als o a  "matc h o r  nea r  miss "  problem ,  i n 

whic h th e syste m mus t  decid e whethe r  a n adequat e matc h ha s bee n mad e o r  t o continu e search -

ing .  Althoug h variou s inde x an d searc h strategie s hav e bee n use d t o improv e th e selectio n pro -

cess ,  ther e i s stil l  n o elegan t  approac h tha t  perform s schem a selectio n efficiently .  Thi s overal l 

proces s o f  backtrackin g an d reinterpretin g input s happen s rarel y i n huma n perceptio n an d 

interpretation ,  suggestin g tha t  AI' s heav y dependenc e o n heuristi c searc h migh t  b e inappropriate . 

Recently, several connectionist schema representations have been introduced [RUME86, 

SHAR861 offerin g solution s t o thes e problems .  Th e paralle l  natur e o f  connectionis t  network s 

avoid s th e "matc h o r  nea r  miss "  proble m sinc e al l  schemat a ar e "matched "  simultaneously .  I n 

addition ,  i n [CHUN85 ,  RUME86] ,  bottom-u p schem a activatio n an d top-dow n predictio n genera -

tio n ar e considere d a s continuou s processe s rathe r  tha n discret e match ,  predic t  an d backtrac k 

stages .  Severa l  schemat a ma y b e activ e a t  an y on e tim e t o provid e prediction s wit h varyin g cer -

taint y level .  Hence ,  th e "chicke n an d eg g problem "  disappear s sinc e schem a knowledg e i s con -

tinuousl y availabl e durin g inpu t  interpretation .  Th e connectionis t  spreadin g activatio n als o pro -

vide s a  defaul t  mechanis m tha t  i s multivariat e distribute d [RUME86 ]  i n whic h default s ar e deter -

mine d b y value s fillin g othe r  slots .  Charnia k [CHAR86a ]  indicate d tha t  th e connectionis t  defaul t 

mechanis m avoide d redundanc y foun d i n th e squar e formatio n proble m wher e redundan t  infor -

matio n i s generate d du e t o man y level s o f  generality .  Connectionis t  networ k als o provide s a 

"resonanc e effect "  i n whic h activate d slot s o f  th e sam e schem a reinforc e themselve s an d 

strengthe n th e selectio n o f  tha t  schema . 

However, a pure connectionist representation for schemata lacks generality. For example, 

a syste m ma y hav e a  nod e tha t  represent s " a perso n wen t  home. "  However ,  i n orde r  t o under -

stan d a  particula r  instance ,  suc h a s "Mar y wen t  home, "  th e syste m mus t  als o hav e thi s nod e 

encode d beforehand .  I n othe r  words ,  an y possibl e combinatio n o f  schem a structure s wit h thei r 

instantiate d binding s mus t  b e encode d int o th e networ k structur e befor e th e networ k ca n under -

stan d them .  Severa l  approache s [MCCL86 ,  TOUR85]  hav e bee n propose d t o solv e thi s proble m 

of  representin g ne w proposition s o r  variabl e binding .  Althoug h thes e approache s provid e connec -

tionis t  network s wit h mor e flexibility ,  th e se t  o f  al l  possibl e input s mus t  stil l  b e know n before -

hand .  I n addition ,  the y ten d t o los e th e simpl e structur e o f  connectionis t  network s whic h make s 

the m attractive . 

SAMPAN maintains the elegance and simplicity of distributed connectionist networks yet 

solve s th e variabl e bindin g proble m b y augmentin g th e syste m wit h marke r  passin g capabilitie s 

and node s tha t  represen t  generalize d concepts .  Th e S A M P AN mode l  itself ,  i s  influence d b y th e 

P DP schem a representatio n [RUME86] ,  th e N E X US dictionar y structur e [ALTE85] ,  an d Wimp' s 

marke r  passin g algorith m [CHAR86] .  S A M P AN integrate s feature s foun d i n thes e recen t 

representationa l  paradigm s t o construc t  a  mode l  o f  schem a selectio n tha t  i s highl y flexible ,  gen -

era l  an d dynamic : 

— Connectionist networks are very good at completing patterns from partial information. 

S A M P AN use s thi s representatio n t o encod e genera l  schem a knowledg e a s wel l  a s perfor m 

schema activatio n an d predictio n generation . 

— Marker passing algorithms have proven successful as a method of sharing and locating 

information .  S A M P AN use s a  marke r  passin g algorith m simila r  t o tha t  o f  W i m p 

[CHAR86]  t o bin d variables . 
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— In order to represent general episodic events and concepts, SAMPAN uses nodes which 

ar e conceptua l  template s simila r  t o thos e foun d i n NEXUS' s dictionar y network . 

SAMPAN is relevant to many AI applications, such as natural language understanding 

(expectation-drive n processing) ,  recognitio n (fil l  partia l  pattern s wit h defaults) ,  learnin g (recog -

niz e unexpecte d events) ,  an d run-tim e pla n generatio n (throug h expectation) .  Thi s pape r  concen -

trate s mainl y o n th e proble m o f  schem a selection . 

n .  O V E R V I E W O F S A M P A N 

SAMPAN networks are massively parallel constraint satisfaction networks. Nodes 

represen t  concep t  template s an d link s represen t  association s betwee n concepts .  Communicatio n 

i s i n th e for m o f  marke r  passin g combine d wit h connectionis t  valu e passing .  Informatio n passe d 

consist s o f  purel y loca l  information .  Th e processin g withi n a  S A M P AN networ k i s totall y paral -

le l  withou t  globa l  procedures . 

To demonstrate SAMPAN, a script-driven natural language understanding system is used 

as a n example .  I n thi s paper ,  S A M P AN perform s schem a selectio n an d generate s expectation s 

whic h ca n b e use d b y a  natura l  languag e understandin g system .  I n othe r  words ,  th e S A M P AN 
networ k act s a s a n activ e schem a knowledg e base .  Inpu t  t o S A M P AN consist s o f  pre-parse d 

interna l  representations .  Th e outpu t  o f  S A M P AN i s a  strea m o f  expecte d conceptualizations . 

The stat e o f  th e S A M P AN networ k a t  an y on e tim e represent s a n emergen t  schem a structure . 

Currently ,  S A M P AN i s no t  interface d t o a n actua l  parser .  However ,  th e exampl e ca n stil l  ade -

quatel y illustrat e SAMPAN' s performance ,  sinc e onl y th e pre-parse d inpu t  i s needed .  I n th e 
future ,  w e ar e intereste d i n explorin g a  tighte r  integratio n betwee n th e S A M P AN networ k an d a 
massivel y paralle l  parser . 

The next section introduces the connectionist schema representation in detail. This is fol-
lowe d b y a  descriptio n o f  th e marke r  passin g use d an d computation s involved .  Explanatio n o f 
th e tes t  domai n i s the n given . 

in. DISTRIBUTED SCHEMA REPRESENTATION 

The SAMPAN network, in terms of its connectionist structure, is adapted from the PDP 
distribute d schem a representatio n [RUME86| .  Th e structur e i s a  constrain t  satisfactio n networ k 
of  node s tha t  represent s schem a slots .  A  coalitio n o f  activ e node s represent s a  schema .  I n 

RUME86],  schemat a wer e use d t o represen t  differen t  roo m type s (e.g .  kitchen ,  livin g room ,  etc. ) 

and slot s t o represen t  roo m descriptor s (e.g .  ceiling ,  coffe e cup ,  refrigerator ,  etc.) .  I n S A M P A N, 
schemat a represen t  episodi c event s an d slot s represen t  generalize d concept s (o r  event/stat e con -

cept  [ALTE85 ]  suc h a s " a perso n wen t  t o a  restaurant") .  Th e representatio n i s distribute d sinc e 

each schem a i s represente d no t  a s a  singl e nod e bu t  a s th e activatio n o f  a  collectio n o f  nodes . 

Through this connectionist representation, concepts that usually occur together will tend to 
suppor t  eac h other ,  whil e suppressin g thos e tha t  d o not .  I n othe r  words ,  node s tha t  ar e usuall y 

activ e o r  inactiv e a t  th e sam e tim e wil l  hav e a n activatin g lin k betwee n them .  I n th e opposit e 
case ,  a n inhibitor y lin k wil l  b e found .  I n S A M P A N,  node s ca n b e activate d eithe r  b y th e parse r 

(analogou s t o "clamping" )  o r  b y othe r  node s throug h th e inpu t  links .  Link s ar e bi-directiona l 

and th e weight s ar e symmetrical .  Unlik e marke r  passin g networks ,  th e link s ar e no t  labele d an d 
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are used solely to modify the information passed through them. For simplicity, the weights are 

set  accordin g t o a  Bayesia n probabilit y  measuremen t  [RUME86 ]  (althoug h learnin g rule s ca n b e 

used a s well) : 

P{x.= 0 &  x.=\ )  P(a:.= l  &  x.=0 ) 

w. .  =  -  I n 
^  P{x.= l  &  Xj=l )  P(a;.= 0 &  X j ^ ) 

wher e w ^ 

tha t  th e 

•.  i s  th e weigh t  o f  th e lin k betwee n node s i  an d j ,  P { x ^ ^  &  x  •=! )  i s  th e probabilit y 

activatio n leve l  o f  nod e i  i s  0  an d th e activatio n leve l  o f  nod e j  i s  1 ,  an d s o on . 

The resul t  o f  inpu t  activatio n t o thi s networ k i s a  gradua l  emergenc e o f  a  coalitio n o f 

activ e nodes .  Thi s coalitio n represent s a  schem a structure .  Thi s approac h i s reminiscen t  o f 

even t  concep t  coherenc e presente d b y Alterma n [ALTE85 ]  wher e concept s ar e coheren t  i f  thei r 

position s i n th e ne t  ar e proximal .  I n th e S A M P AN network ,  concept s ar e coheren t  i f  the y ar e 

connecte d b y activatin g link s (link s wit h a  positiv e weight) . 

There are several representational advantages to this distributed model. Traditional 

schema structure s ar e ofte n rigi d an d static ,  lackin g i n flexibilit y  an d generativity .  Although , 

script s ma y hav e track s t o represen t  variation s o r  hav e embedde d script s t o represen t  hierarchi -

cal  structure ,  thi s knowledg e i s stil l  rigidl y defined .  I n a  distribute d connectionis t  representation , 

a schem a i s no t  a n explici t  representationa l  entity ,  bu t  a n emergen t  structur e base d o n th e event s 

seen s o far .  Th e resul t  i s  a  ver y malleabl e representatio n tha t  i s  highl y dynami c an d adaptive . 

SAMPAN networks are used differently from that of the PDP schema representation. 

Instea d o f  "clamping "  al l  th e input s a t  th e sam e time ,  input s t o S A M P AN network s ar e fe d 

sequentially .  Thi s permit s a  natura l  languag e syste m whic h processe s sentence s sequentiall y  t o 

interpre t  eac h sentenc e i n th e contex t  o f  wha t  ha s bee n processe d before .  I n addition ,  instea d o f 

representin g a  schem a a s th e stabl e coalitio n o f  node s (wher e al l  th e node s o f  a  particula r  schem a 

wil l  eventuall y b e full y  activated) ,  S A M P AN allow s node s t o deca y i n th e proces s o f  schem a 

selection .  I n thi s case ,  a  S A M P AN schem a i s a  "dynamic "  coalitio n o f  node s tha t  reflect s recen t 

input s an d th e expectation s generate d fro m them .  Thi s permit s S A M P AN t o continuousl y pro -

ces s inpu t  storie s withou t  havin g t o firs t  clea r  networ k activit y afte r  eac h schema .  Otherwise , 

th e networ k migh t  exhibi t  a  "hea t  death "  phenomeno n wher e to o man y concept s woul d b e 

activate d o r  expected . 

IV. COMPUTATION OF SAMPAN 

This section describes the massively parallel computation involved in schema selection and 

contextua l  expectatio n generation .  First ,  th e interna l  structur e o f  S A M P AN node s i s presented . 

Next ,  th e patter n matchin g procedur e tha t  i s invoke d b y input s i s introduced .  Finally ,  th e relax -

atio n functio n tha t  i s  evaluate d a t  eac h relaxatio n cycl e i s described . 

Node Structure 

In contrast to a connectionist node that contains a memory of its activation level and its 

interna l  parameters ,  a  S A M P AN nod e contain s a  memor y o f  it s  loca l  variabl e binding s aug -

mente d wit h activatio n level s an d a  conceptua l  template .  Eac h nod e i n S A M P AN represent s a 

genera l  concept .  Concep t  template s ar e i n th e form : 
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{Primitive {Rolel Filler 1) {Role2 FillerB) ... ) 

wher e Primitiv e i s a  semanti c primitive ,  Rol e i s a  cas e structur e fo r  Primitiv e an d Fille r  i s  it s 

defaul t  value .  Afte r  eac h filler ,  ther e ma y b e propert y valu e pair s t o describ e th e filler .  I n thi s 

paper ,  th e interna l  representatio n use d fo r  concept s i s base d upo n Schank' s [SCHA77 ]  Conceptua l 

Dependenc y (CD )  theory .  Th e choic e o f  interna l  representatio n i s no t  crucia l  t o th e overal l  SAM-

P AN model ;  othe r  simila r  representation s wil l  als o suffice . 

For example, a node that represents "a person went to a store" will have the following con-

ceptua l  templat e stored : 

(PTRANS (ACTO R TPERSON)  (OBJEC T ?PERSON)  (T O ?STORE) ) 

Thi s wil l  matc h th e inpu t  "Joh n wen t  t o K -MART" : 

(PTRANS (ACTO R JOHN-1 )  (OBJEC T JOHN-1 )  (T O K-MART-1) ) 

Pattern Matching 

Pattern matching occurs whenever a node receives direct input from the natural language 

syste m (a s oppose d t o input s fro m othe r  nodes) .  Whe n th e concep t  templat e matche s a n input , 

th e nod e create s a  mar k i n th e for m o f  a  bindin g list .  A  S A M P AN mar k contain s a  lis t  o f  vari -

abl e binding s augmente d wit h a n activatio n level : 

{Variable l  Value l  Activation! )  {Variable 2 Value2Activation2 )  .. . 

I n th e abov e example ,  th e resultin g mar k wil l  be : 

((PERSON JOHN- 1 1.0 )  (STOR E K-MART- 1 1.0) ) 

Activatio n i s a  rea l  numbe r  rangin g fro m 0  t o 1 .  Thi s ca n b e considere d a s a  measuremen t  o f 

how certai n a  particula r  bindin g is ,  base d upo n th e concept s see n s o far .  Th e activatio n leve l  i s 

set  t o 1. 0 i f  th e mar k i s generate d a s a  resul t  o f  a  direc t  matc h wit h th e natura l  languag e input . 
Lin k wil l  attenuat e thi s activatio n leve l  a s th e mar k i s passe d fro m nod e t o node .  Thi s indicate s 

tha t  node s whic h ar e furthe r  awa y fro m th e matche d concep t  wil l  b e expecte d les s (o r  les s 
coherent )  tha n thos e whic h ar e directl y connected .  Charnia k [CHAR86 ]  use s a  "zorch "  a s a 

roug h measur e o f  th e "strength "  o f  a  mark . 

Type constraint checking is also performed during pattern matching. For example, the 

abov e templat e i s actuall y a  shorthan d notatio n for : 

(PTRANS (ACTO R ? X TYP E PERSON) 

(OBJECT ? X TYP E PERSON) 

(T O ? Y TYP E STORE) ) 

wher e PERSON an d STORE ar e objec t  types .  A n objec t  typ e hierarch y i s neede d s o tha t  a  sub -
clas s wil l  matc h a  typ e constrain t  requirin g it s paren t  class .  Fo r  example ,  a n inpu t  o f  typ e PER-

SON shoul d matc h a n ANIMA.T E constraint .  T o avoi d storin g a  typ e hierarch y i n eac h node ,  a  bi t 
representatio n o f  set s [HILL85 ]  i s used .  Eac h typ e i s represente d a s a  strin g o f  bits .  Fo r  exam -

ple ,  al l  type s (includin g PERSON)  unde r  th e se t  o f  ANIMAT E hav e thei r  firs t  bi t  set .  Whe n th e 
syste m trie s t o matc h ANIMAT E i t  wil l  onl y nee d t o chec k fo r  th e firs t  bit .  Hierarchica l  informa -
tion ,  i n th e for m o f  a  bi t  string ,  i s  thu s passe d wit h th e typ e description .  Throughou t  thi s paper , 

onl y th e simplifie d shorthan d notatio n wil l  b e used . 
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Relaxatio n Computat io n 

Connectionist relaxation involves a weighted summation of the input activations. In SAM-

P A N,  th e relaxatio n i s similar ,  excep t  th e input s ar e i n th e for m o f  activation s tagge d wit h vari -

abl e bindings .  Whe n S A M P AN perform s weighte d summation ,  onl y activation s wit h th e sam e 

variabl e bindin g wil l  b e summed together .  W e cal l  thi s proces s marke r  merging ,  i.e .  mark s wit h 

consisten t  binding s ar e merge d together .  I n thi s way ,  input s ar e merge d wit h th e bindin g lis t 

store d locally .  Th e ne t  resul t  ma y b e on e o r  mor e bindin g list s i f  inconsistencie s ar e found . 

Bein g abl e t o differentiat e inconsisten t  binding s i s a  featur e o f  S A M P AN tha t  permit s multipl e 

instantiatio n o f  th e sam e concep t  template .  Th e followin g exampl e illustrate s thi s relaxatio n 

computation : 

NODE #0018: 

CONCEPT TEMPLATE: 

(POSS (ACTO R ?PERSON)  (OBJEC T ?POBJ) ) 

LOCAL BINDINGS : 

((PERSON MARY- 2 0.2 )  (POB J BOOK- 2 0.1) ) 

DECAY:  0. 2 

INPUT M A R K S: 

((PERSON MARY- 2 0.5) )  INPU T WEIGHT:  0. 1 

((PERSON MARY- 2 0.4 )  (POB J BOOK- 2 0.4 )  (FRO M JOHN- 1 0.2) ) 

INPUT WEIGHT:  0. 2 

((PERSON JOE- 3 0.5 )  (POB J CUP- 3 0.5) )  INPU T WEIGHT:  0. 5 

LOCAL BINDINGS (AFTER RELAXATION): 

((PERSON MARY- 2 0.29 )  (POB J BOOK- 2 0.16) ) 

((PERSON JOE- 3 0.25 )  (POB J CUP- 3 0.25) ) 

In this example, the local binding of NODE #0018 originally contained only one binding list. 

Afte r  relaxatio n o r  marke r  mergin g wit h th e thre e inpu t  marks ,  tw o loca l  bindin g list s results . 

Thi s indicate s tw o instantiatio n o f  th e concep t  template ,  namely : 

(POSS (PERSO N MARY-2 )  (POB J BOOK-2) )  an d 

(POSS (PERSO N JOE-3 )  (POB J CUP-3) ) 

I n addition ,  an y variabl e binding s i n th e inpu t  mark s tha t  ar e no t  neede d fo r  th e loca l  concep t 

templat e wil l  b e removed .  Fo r  exampl e th e bindin g (FRO M JOHN- 1 0.2 )  i n th e abov e exampl e 

was removed .  Thi s keep s th e siz e o f  th e loca l  bindin g list s manageabl e an d reduce s communica -

tio n overhead .  Hence ,  onl y binding s require d fo r  th e loca l  concep t  templat e wil l  b e passe d t o 

othe r  nodes .  Eve n thoug h onl y a  partia l  bindin g lis t  i s  passed ,  thi s shoul d no t  b e problematic , 

sinc e eac h nod e receive s input s fro m man y othe r  nodes ,  th e ne t  binding s receive d collectivel y fil l 

i n th e require d loca l  variables .  Node s wil l  no t  hav e an y output s an d henc e wil l  no t  sprea d mark s 

t o othe r  nodes ,  unles s al l  th e require d loca l  variable s ar e bound . 

In SAMPAN, activated nodes provide contextual expectation. For example, whenever the 

activatio n leve l  withi n a  loca l  bindin g lis t  reache s a  particula r  threshol d value ,  th e instantiate d 

concep t  templat e ca n b e sen t  t o th e natura l  languag e system .  Thes e expecte d concept s assis t  th e 

natura l  languag e syste m i n interpretin g th e inputs .  I n addition ,  th e prediction s provid e defaul t 

value s t o missin g concepts . 
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V. EXAMPLE APPLICATION 

To investigate the use of SAMPAN, a network was constructed to represent five different 

schemata : 

restauran t  schem a — genera l  eatin g ou t  scenari o 

theate r  schem a — movie ,  concert ,  opera ,  etc . 

subway schem a — subwa y transportatio n 

shoppin g schem a — purchasin g o f  merchandis e 

spor t  schem a — spor t  relate d physica l  activit y 

Thes e schemat a wer e chose n t o demonstrat e th e generalit y an d flexibilit y  o f  S A M P AN schem a 

selection ,  sinc e the y shar e man y common concept s (suc h a s goin g out ,  travelling ,  payin g fo r 

something ,  etc.) .  I n addition ,  thes e schemat a ca n exhibi t  man y type s o f  interactions .  Fo r  exam -

ple ,  thes e schemat a ma y occu r  b y themselves ,  embe d wit h anothe r  (e.g .  eatin g i n a  shoppin g 

mall) ,  overla p wit h anothe r  (e.g .  bu y hotdo g whil e leavin g subway) ,  o r  occu r  i n paralle l  wit h 

anothe r  (e.g .  goin g t o a  restauran t  pla y house) . 

The network currently contains 70 concept templates and 4830 links. The templates 
encod e genera l  concept s whic h ma y b e share d b y severa l  schemata .  Th e followin g i s a  sampl e o f 

th e concep t  template s encode d int o th e S A M P AN network : 

A perso n leave s hi s home . 

A perso n sit s o n a  chair . 

A busines s establishmen t  give s a  perso n a n object . 

An employe e take s a  person' s money . 

A perso n pick s u p exercis e equipment . 

A perso n i s hungry . 

A perso n listen s t o music . 

A perso n order s food . 

The SAMPAN network was constructed by gathering five sets of data from each of ten dif-
feren t  huma n subjects .  Eac h subjec t  wa s aske d t o visualiz e a  particula r  scenari o withi n eac h o f 
th e fiv e schemata .  Th e subject s the n checke d th e lis t  o f  concep t  template s an d indicate d thos e 

tha t  wer e relevan t  t o th e scenario .  Finally ,  a  progra m constructe d th e S A M P AN networ k base d 

upon th e collecte d statistics . 

For experimentation, new stories were constructed and feed to the network. SAMPAN 
correctl y matche s concept s i t  know s abou t  i n th e storie s an d generate s th e appropriat e expecta -

tions .  Th e followin g i s a n exampl e stor y processe d b y S A M P A N: 

;  Joh n wa s hungry . 

(I S (ACTO R JOHN-1 )  (STAT E *HUNGER*)  (VA L 0) ) 

;  Joh n lef t  hi s hom e t o g o t o McDonald's . 

(PTRANS (ACTO R JOHN-1 )  (OBJEC T JOHN-1 )  (FRO M HOME-1)  (T O MCDONALDS-1)) 

;  Joh n tol d th e cashie r  h e wante d a  hamburger . 

(MTRANS (ACTO R JOHN-1 )  (OBJEC T HAMBURGER-1)  (T O CASHIER-1) ) 

;  Joh n pai d th e cashier . 

(ATRANS (ACTO R JOHN-1 )  (OBJEC T *MONEY* )  (FRO M JOHN-1 )  (T O CASHIER-1) ) 

;  Th e cashie r  gav e Joh n th e hamburger . 

(ATRANS (ACTO R CASHIER-1 )  (OBJEC T HAMBURGER-1)  (FRO M CASHIER-1 )  (T O JOHN-1) ) 

;  Joh n sa t  down . 
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(PTRANS (ACTOR JOHN-1) (OBJECT JOHN-1) (TO *CHAIR*)) 

;  Joh n at e hi s hamburger . 

(INGES T (ACTO R JOHN-l )  (OBJEC T HAMBURGER-1)) 

;  Joh n wa s happy . 

(I S (ACTO R JOHN-1 )  (STAT E *MENTAL* )  (VA L 10) ) 

;  Joh n thre w awa y som e garbag e int o th e garbag e can . 

(PROPEL (ACTO R JOHN-1 )  (OBJEC T *GARBAGE*)  (T O GARBAGE-CAN-1) ) 

;  Joh n returne d home . 

(PTRANS (ACTO R JOHN-1 )  (OBJEC T JOHN-1 )  (FRO M MCDONALDS-1)  (T O HOME-1) ) 

For each concept in the story, SAMPAN sends the concept to all the seventy nodes in the 

networ k an d relaxe s th e networ k fo r  on e cycle .  Durin g th e relaxation ,  patter n matchin g an d 

marke r  mergin g wa s performed .  Figur e 1  i s a  scree n printou t  fro m a  persona l  compute r  showin g 

th e stat e o f  th e S A M P AN networ k whe n th e abov e stor y wa s processed .  Eac h ro w represent s th e 

networ k activatio n a t  a  particula r  cycle .  Eac h colum n represent s a  particula r  nod e i n th e net -

work .  Th e darknes s o f  th e shadin g i s proportiona l  t o th e activatio n leve l  i n a  node . 

SAMPAN NETWORK OUTPUT 

12 3 4 5 6 7 
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Figur e 1 .  Th e activatio n leve l  o f  th e sevent y node s i n th e exampl e network . 

The figure shows that the network formed coalitions of concepts as it processed the story. 

(Du e t o th e deca y factor ,  som e o f  th e node s graduall y die d out. )  Thes e coalition s represen t  th e 

emergen t  schem a structure .  Fo r  example ,  afte r  S A M P AN processe d th e thir d input : 

;  Joh n tol d th e cashie r  h e wante d a  hamburger . 

(MTRANS (ACTO R JOHN-1 )  (OBJEC T HAMBURGER-1)  (T O CASHIER-1) ) 

activatio n an d binding s wer e sprea d t o th e node s representing :  Joh n havin g t o wait ,  a  cashie r 

givin g Joh n a  hamburger ,  Joh n holdin g a  hamburger ,  Joh n eatin g a  hamburger ,  Joh n leavin g 

McDonald' s t o g o home ,  etc .  Thes e expecte d concept s ca n b e use d b y a n expectation-drive n 

natura l  languag e syste m o r  ca n hel p fil l  i n missin g concept s no t  provide d b y th e input . 

The example network also handles simple pronoun references. For example, if the concept: 

(MTRANS (OBJEC T HAMBURGER-1)  (T O CASHIER-1) ) 

was use d instea d o f  th e origina l  thir d input ,  th e networ k fill s  i n th e A C T OR rol e t o b e JOHN- 1 

throug h relaxation .  However ,  i n complicate d storie s involvin g man y actors ,  inferenc e rule s nee d 

t o b e use d t o resolv e pronou n references .  Thes e inferenc e rule s ca n b e encode d i n th e link s a s 

constraint s o n ho w variable s shoul d b e mappe d a s the y ar e passe d fro m on e nod e t o another . 
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For  example ,  th e A C T OR o f  on e concep t  templat e migh t  b e restricte d t o b e th e OBJECT o f 

another . 

Summarizing, SAMPAN is able to form coalitions of related concepts that represented the 

schema structures .  Th e networ k i s flexibl e enoug h t o accommodat e man y variation s o f  th e sam e 

schema a s wel l  a s nove l  even t  sequences .  Storie s wit h multipl e schemat a (embedde d o r  over -

lapped )  ar e als o processe d withou t  an y difficulty . 

SAMPAN was implemented using the MicroAINET language [CHUN86b] written in Golden 

Common Lisp .  MicroAINE T i s a  languag e t o define ,  construct ,  an d simulat e a  genera l  clas s o f 

massivel y paralle l  networks .  Th e experiment s wer e performe d usin g 386-base d hardware . 

VI. RESEARCH DIRECTIONS 

This paper represents the first step in providing a massively parallel schema representation. 
Onl y th e proble m o f  schem a selectio n ha s bee n discusse d i n detai l  i n thi s paper .  W e ar e 

intereste d i n explorin g othe r  issue s suc h a s th e learnin g o f  ne w structures ,  th e storag e o f  ne w 

schema instances ,  an d th e integratio n wit h existin g memor y structure s [SCHA82] .  Anothe r  issu e 
tha t  need s t o b e addresse d i s th e representatio n o f  tempora l  constraint s an d relationship s (w e 
have alread y don e som e preliminar y wor k i n thi s are a [CHUN86a]) .  W e als o hop e t o integrat e 

S A M P AN wit h a  massivel y paralle l  natura l  languag e understandin g syste m [LI87] .  Th e SAM-

P AN marke r  passin g ha s grea t  potentia l  o f  providin g a n inferenc e mechanis m an d explanatio n 

facilit y  withi n th e networ k (possibl y simila r  t o tha t  o f  W i m p [CHAR86]) . 

Vn. SUMMARY 

This paper presented a massively parallel model of schema selection which solved many 
problem s inheren t  i n seria l  approaches .  Th e selectio n proces s i s mor e flexibl e an d adaptiv e tha n 
presen t  method s used .  I n addition ,  th e resultin g schem a structur e i s mor e malleabl e an d general . 

S A M P AN ha s bee n teste d successfull y i n th e domai n o f  natura l  languag e understanding . 
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