
Integratin g M a r k e r  Passin g a n d Connect ionis m fo r 

Hand l in g Conceptua l  a n d Structura l  Ambiguit ies * 

Ronald A. Sumida 
Michae l  G .  Dye r 
Margot  Flower s 

AI Lab/Computer Science Dept. 
Universit y o f  California ,  Lo s Angeles ,  C  A ,  9002 4 

Abstract 

This paper discusses the problem of selecting the correct knowledge structures in parsing natural 

languag e text s whic h ar e conceptuall y an d structurall y ambiguou s an d requir e dynami c rein -

terpretation .  A n approac h t o thi s proble m i s p-esente d whic h represent s al l  knowledg e struc -
ture s i n a  unifor m manne r  an d whic h use s a  constraine d marke r  passin g mechanis m augmente d 

wit h element s o f  connectionis t  models .  Thi s approac h i s show n t o hav e th e advantag e o f  com -
pletel y integratin g al l  parsin g processes ,  whil e maintainin g a  simple ,  domain-independen t  pro -
cessin g mechanism . 

1. Introduction 

A major problem in parsing natural language texts is the selection of the correct knowledge structures from the 

larg e numbe r  o f  inappropriat e one s i n memory .  Thi s proble m i s especiall y difficul t  i n th e cas e o f  text s whic h ar e 

highl y ambiguou s an d whic h requir e th e reade r  t o cwrec t  a n initiall y  mistake n interpretation ,  sinc e structure s 

whic h ar e onl y potentiall y  relevan t  mus t  als o b e found .  Consider ,  fo r  example ,  th e followin g sentence :  SI .  Joh n 

pu t  th e po t  o n th e stove .  Thi s seem s t o indicat e tha t  Joh n i s preparin g t o us e a  containe r  fo r  cookin g o n a  stove . 

However ,  afte r  readin g th e nex t  sentence :  S2 .  H e picke d i t  u p an d smoke d it ,  i t  appear s tha t  Joh n wa s actuall y 

usin g th e stov e a s a  supporte r  (o r  lighter )  fo r  a  marijuan a cigarett e (no t  a  cookin g pot) .  I n additio n not e tha t  S I  an d 

S2 ar e potentiall y  ambiguou s a t  th e structura l  level ,  e.g .  < X picke d i t  up > coul d mea n < X learne d ne w informa -
tion> ,  whil e < X pu t  objec t  on > coul d mea n < X wea r  object> . 

Previous approaches to parsing natural language texts have largely been unsuccessful at handling ambiguous sen-

tence s suc h a s thos e presente d above .  Thes e approache s ca n generall y b e divide d int o fou r  groups :  (1 ) 

Expectation-base d conceptua l  analyzer s (CAs) ,  suc h a s [Dyer,1983] ,  associat e eac h wor d wit h on e o r  mor e 

knowledg e structures ,  whic h hav e rule s attache d indicatin g h o w the y ca n b e connecte d t o othe r  structures .  Thi s 

approac h ha s bee n successfu l  fo r  parsin g larg e piece s o f  connecte d text .  However ,  th e processin g mechanis m i s 

overl y complex ,  sinc e eac h typ e o f  knowledg e structur e generall y require s it s o w n se t  o f  rules .  Parsin g highl y am -

biguou s sentence s suc h a s S I  an d 8 2 abov e i s particularl y problemati c sinc e sophisticate d back-u p an d recover y 

rule s ar e needed .  (2 )  PDF/Connectionis t  systems ,  example s o f  whic h includ e [Walt z an d Pollack ,  1985] ,  [Cottrel l 

and Small,1985] ,  [McClellan d an d Kawamoto,1986] ,  hav e emerge d a s a n alternativ e t o suc h rule-base d ap -

proaches .  Thes e system s us e onl y simpl e rule s fo r  spreadin g an d combinin g activatio n (an d i n som e case s inhibi -

tion) .  Sinc e the y ar e highl y paralle l  an d emplo y scala r  activations ,  complicate d backtrackin g rule s ar e no t  needed . 

Unfortunately ,  thes e model s currentl y lac k operation s whic h ar e fundamenta l  i n highe r  leve l  N L P systems , 

specifically :  variables ,  rol e bindings ,  instantiations ,  an d inheritance .  (3 )  Ma rke r  passin g system s [Char -

niak,1986] ,  [Grange r  et .  al ,  1986 ]  an d [Norvig ,  1987] ,  whic h find  connection s betwee n concept s b y propagatin g 

marker s ove r  a  loca l  semanti c network ,  ar e a  simila r  approac h whic h provide s thes e high-leve l  operations .  Suc h 

system s however ,  generat e to o man y inappropriat e connection s an d typicall y emplo y a  filter  mechanis m wit h it s 

o wn se t  o f  inferenc e rule s t o wee d the m out .  Th e complexit y o f  thi s mechanis m negate s th e simplicit y tha t  i s th e 

*Thi s researc h i s supporte d i n par t  unde r  a  contrac t  t o th e secon d tw o author s b y th e JT F progra m o f  th e D o D , 

monitore d b y JP L an d b y a n IT A Foundatio n gran t  t o th e secon d author . 
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advantage of the marker passing approach. (4) Definite Clause Grammars (DCGs), such as [McCord, 1982], 

unlik e th e abov e approaches ,  focu s primanl y o n th e syntacti c an d structura l  feature s o f  natura l  languag e texts , 

suc h a s conjuncts ,  quantifier s an d agreement .  Thes e system s vie w parsin g a s a  tw o ste p proces s whic h first  con -

struct s a  syntacti c pars e tre e throug h unificatio n an d the n perform s semanti c processing .  Th e strengt h o f  thes e 

system s i s thei r  abilit y  t o analyz e comple x linguisti c constructs .  However ,  the y lac k th e conceptua l  informatio n 

necessar y t o analyz e text s a t  deepe r  conceptua l  levels . 

This paper presents CAIN (Conceptual Analyzer for multiple re-INterpretations), which parses highly ambiguous 

text s whil e avoidin g th e problem s o f  th e abov e approaches .  C A I N overcome s thes e problem s by :  (1 )  representin g 

al l  knowledg e (bot h conceptua l  an d structural )  i n a  unifor m manne r  i n a  loca l  semanti c network ,  (2 )  usin g con -

straine d marke r  passin g fo r  al l  parsin g processes ,  an d (3 )  usin g lin k weights ,  activatio n values ,  an d threshold s 

fro m connectionis t  model s fo r  indicatin g relativ e strength s o f  activation s betwee n concepts .  Rep-esentin g al l 

knowledg e a t  th e symboli c leve l  p-ovide s highe r  leve l  symboli c operation s an d allow s al l  parsin g processe s t o b e 
integrated .  Th e marke r  passin g mechanis m depend s onl y upo n knowledg e o f  th e differen t  lin k an d marke r  type s 
used ,  s o th e processin g mechanis m i s simpl e an d independen t  o f  th e conten t  o f  memory .  Also ,  sinc e onl y certai n 

type s o f  marke r  intersection s ar e considere d importan t  an d sinc e element s o f  connectionis t  model s ar e employed , 
th e proble m o f  spuriou s connection s i s avoided .  C A I N i s implemente d i n T  [Slade ,  1987] ,  a  Scheme-base d dialec t 

of  Lisp ,  an d ca n pars e sentence s S 1 an d S 2 above . 

2. Parsing Using Constrained Marker Passing 

The parsing process can be divided into 4 steps: (1) from the input, mark the lexical items and their associated 

conceptualizations ,  (2 )  find  th e knowledg e structure s whic h connec t  th e marke d node s together ,  (3 )  bin d th e role s 
of  thes e structures ,  an d (4 )  refin e the m t o b e a s specifi c  a s possible . 

The following sections describe how memory is organized and how the above processes are realized using a con-
straine d marke r  passin g an d activatio n mechanism . 

2.1 Memory Organization 

All knowledge in the system, whether conceptual or structural, is represented using a semantic network, such as 

tha t  show n i n figure  1 *  below : 

smoke 

phys-ob ) 

stcr/ t Figur e 1 

*  D u e t o spac e limitations ,  th e figures  i n thi s pape r  h a v e b e e n simplifie d a n d onl y s h o w th e smal l  portio n o f  th e 
ne two r k w h i c h i s activate d b y parsin g S I . 
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This figure shows the representation for putting a cooking container on a stove and for lighting a marijuana 

cigarette .  Is- a links ,  whic h connec t  a  nod e t o it s parents ,  ar e represente d b y th e arrow s i n th e figure,  an d has- a 

links ,  whic h connec t  a  nod e t o it s  roles ,  ar e represente d b y straigh t  hnes .  Fo r  example ,  t o indicat e tha t  lightin g a 

marijuan a cigarett e i s a  sub-ac t  o f  smoking ,  th e nod e fo r  S M O KE i s connecte d b y a  has- a lin k t o th e nod e fo r 

sub-act ,  an d b y a n is- a lin k t o th e nod e representin g th e lightin g action .  Not e tha t  th e component s o f  a  singl e ac t 

ar e represente d i n th e sam e manner .  T o indicat e tha t  th e objec t  o f  th e transpor t  actio n i s a  physica l  object , 

T R A N S P O R T - O B J E CT i s connecte d b y a  has- a lin k t o it s objec t  role ,  whic h i s i n tur n connecte d b y a n is- a lin k t o 

P H Y S - O B J.  Structura l  informatio n i s represente d i n th e sam e manne r  an d usin g th e sam e lin k types ,  a s illustrate d 

i n Figur e 2* ,  whic h show s th e representatio n fo r  th e phras e cperso n pu t  O B J 1  o n 0BJ2> ,  use d i n parsin g SI : 

(̂ p-phf̂ ^ 

direa-ob j 
locaov e 

ammaiej  C  phys-ob j 

human 
name-np 

siov e 

Figur e 2 

The arrows labeled M (for meaning) in the figure indicate the link between structural and conceptual information. 

2.2 Marking the Input Concepts 

As the input is read, the occurence of each word and its conceptualizations is indicated by placing an activation 

marke r  ( A M )  o n th e appropriat e node .  Fo r  example ,  i n figure  2 ,  readin g th e wor d "pot "  result s i n th e placemen t  o f 

A Ms o n th e lexica l  nod e "pot "  an d o n th e node s representin g th e concept s cook-container ,  plant-containe r  an d 

marijuana .  Markin g th e occurenc e o f  a  concep t  als o result s i n th e markin g o f  it s ancestors ,  t o indicat e thei r  impli -

ci t  occurence .  Th e A M whic h i s place d o n C O O K - C O N T A I N E R,  fo r  example ,  i s  als o place d o n th e node s fo r 

containe r  an d phys-obj .  Th e rule s fo r  markin g concept s fro m th e inpu t  ar e therefore : 

R-1: When a word is read, an AM is placed on its corresponding lexical node. 

R-2 :  W h e n a  lexica l  o r  phrasa l  nod e receive s a n A M o f  sufficien t  strength ,  a n 

A M i s passe d acros s a n M lin k t o it s associate d conceptualizations . 

R-3 :  W h e n a  nod e receive s a n A M ,  a n A M i s passe d t o it s parents . 

Thi s representatio n i s base d primaril y upo n [Gasser ,  1988 ]  an d [Jacobs ,  1985] . 
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AMs which are passed to ancestor nodes contain information indicating the descendant that was the source of the 

marker .  I n addition ,  A M s fro m lexica l  node s als o maintai n informatio n indicatin g thei r  meaning(s) .  Thi s infor -

matio n wil l  late r  b e use d t o perfor m rol e bindings .  Th e reaso n fo r  th e strengt h constrain t  o n rul e R- 2 wil l  becom e 

clea r  i n subsequen t  sections . 

2 J Connecting the Input Concepts 

How can the correct knowledge structures, connecting the input concepts, be selected? Each node which was ac-

tivate d (receive d a n A M )  fro m th e inpu t  suggest s potentiall y  relevan t  structure s base d o n th e variou s role s tha t  i t 
plays .  Thi s i s tru e fo r  bot h syntacti c an d semanti c information .  Fo r  example ,  sinc e a  stov e play s th e rol e o f  a n in -

strumen t  i n th e cookin g schema ,  activatin g S T O V E suggest s tha t  C O O K m a y b e applicable .  Similiarly ,  activatin g 

th e nod e fo r  determine r  indicate s tha t  B A S I C - N P m a y b e appropriate .  Searc h Marker s (SMs )  ar e use d t o indicat e 

knowledg e structure s whic h ar e suggeste d i n thi s fashion .  S M s ar e propagate d accordin g t o th e followin g rule : 

R-4: SMs are passed from an activated node, down is-a links to all of its descendants 

tha t  ar e rol e nodes ,  an d acros s has- a link s t o th e owner s o f  th e roles . 

Applying the above rule will result in the marking of the correct knowledge structures. However, a large number 
of  inappropriat e structure s wil l  als o receiv e S M s .  Fo r  example ,  whe n th e lexica l  nod e fo r  "put "  i s  activate d i n sen -

tenc e SI ,  th e abov e rul e wil l  mar k th e node s fcf f  othe r  phrase s involvin g "put" ,  suc h a s <person-put-up-with -
person > an d <person-put-on-clothing> ,  i n additio n t o markin g th e nod e fo r  th e desire d put-phras e show n i n figure 

2.  Th e solutio n t o thi s proble m i s t o utiliz e element s o f  connectionis t  models ,  specificall y lin k weights ,  activatio n 

value s an d thresholds .  Eac h S M i s assigne d a  strengt h valu e whic h depend s upo n th e weight s o f  th e link s ove r 
whic h i t  i s  propagated .  I n general ,  node s representin g mor e specifi c  concept s wil l  pas s stronge r  S M s tha n thei r 
ancestors .  Thus ,  th e S M tha t  C O O K - C O N T A I N ER passe s t o P T R A N S - T O - S T O VE i n figure  1  wil l  b e muc h 
stronge r  tha n th e S M tha t  P H Y S - O B J passe s t o T R A N S P O R T - O B . r E C T.  W h e n a n S M i s propagate d t o a  nod e 

representin g a  knowledg e structure ,  it s  strengt h valu e i s adde d t o tha t  o f  th e othe r  S M s o n th e node .  I f  thei r  com -

bine d strength s excee d th e node' s threshol d level ,  the n ther e i s stron g evidenc e tha t  th e structur e i s applicable ,  an d 
i t  therefor e attempt s t o bin d it s  roles .  Usin g activatio n value s an d threshold s allow s a  larg e numbe r  o f  structure s 

t o b e suggested ,  whil e onl y a  fe w ar e activel y pursued . 

2.4 Role Binding 

Binding a role of a structure involves determining whether its filler is activated. If so, then the concept which ac-

tivate d th e filler  i s  boun d t o th e role .  T o bin d th e subjec t  rol e o f  P U T - P H R A S E i n figure  2 ,  fo r  example ,  th e N P 

nod e i s checke d t o determine  whethe r  i t  wa s previousl y activated .  I f  i t  was ,  th e descendan t  whic h activate d i t  i s 
the n boun d t o th e subjec t  role.  Th e chec k fo r  whethe r  th e filler  ha s a n A M i s mad e usin g a  Rol e marke r  ( R M ) , 

whic h i s propagate d accordin g t o th e followin g rule : 

R-5: When a node's threshold is exceeded, RMs are passed across has-a links to 

eac h o f  it s  roles ,  an d u p is- a link s t o th e fillers  o f  thos e role s 

Note that RMs may be used to indicate roles which should aheady have been filled or which are expected to be-

come filled.  I n th e latte r  sense ,  R M s ar e ver y simila r  t o th e predictio n marke r  use d i n D M A P [Riesbec k an d Mar -

tin ,  1986] .  Rol e bindin g i s performe d b y th e rule : 

R-6: When an AM and an RM of sufficient strength intersect"*, 

an A M i s place d o n th e rol e nod e 

*  I f  i t  i s  possibl e t o bin d mor e tha n on e rol e o f  a  structur e t o a  singl e concept ,  the n sequencin g information , 
indicatin g th e orde r  i n whic h th e role s normall y occur ,  i s  use d t o determin e whic h bindin g i s appropriate . 
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Since an AM maintains information indicating the descendant that was its source, merely placing it on the role has 

th e effec t  o f  bindin g it . 

Our confidence in a structure's relevance to the input increases as its roles are bound. For example, as sentence SI 
i s rea d an d eac h c o m p o n e n t  o f  th e put-jphras e i n figure  2  i s  recognized ,  i t  b e c o m e s apparen t  tha t  i t  correctl y 
represent s th e inpu t  T h u s ,  bindin g th e subjec t  rol e shoul d activat e th e put-phras e node ,  bindin g th e hea d rol e in -

crease s it s activatio n level ,  an d similarl y fo r  th e remainin g roles .  T h e a m o u n t  o f  th e increas e depend s upo n h o w 

importan t  th e rol e i s  t o th e structure .  Rol e importanc e i s reflecte d i n th e strengt h o f  th e connectio n betwee n th e 

structur e an d it s role s an d therefor e i n th e strengt h o f  th e R M whic h i s passe d b y rul e R-5 .  T h e rul e fo r  activatin g 
a structur e is : 

R-7: When an RM and an AM intersect, activate the source of the RM 

b y placin g o n i t  a  n e w A M i f  on e (representin g thi s instance )  i s no t  alread y present , 

o r  b y increasin g th e activatio n leve l  o f  th e A M whic h i s alread y ther e 

Syntacti c informatio n ca n b e use d t o hel p bin d role s i n semanti c structure s usin g rul e R-2 .  Fo r  example ,  w h e n 

P U T - P H R A SE i s  sufficientl y activate d b y rul e R - 7 .  th e acto r  rol e o f  T R A N S P O R T - O B J E CT receive s a n A M 

(whic h ha s Joh n a s it s mean ing )  firom  S U B J E C T .  Figur e 3  s h o w s th e A M s wh ic h ar e place d o n th e structure s 

s h o w n i n figure  2 ,  a s a  resul t  o f  readin g S i . 

<j«-piBMr ^ 

AM 
90uru : 

tnnspoit-objec t 

AM 
meaning : 

John 

AM 
meaning : 

3 'poc'meaning s 

AM 
meaning : 

siov e 

pul-ptm e 

dmct-ob j 

aouxx :  p u 

subje a 
AM 
source :  name-n p 
meaning :  Joh n 

A M 
source :  banc-n p 
meaning : 

3 "poi "  meaning s 

A M 
source : 

on-phras e 
meaning : 

stov e 

A M 
source :  name-n p 
meaning : 

Joh n 

A MI  A M 2 
source :  basc-n p souite :  lasic-ii p 
meaning :  meaning :  ]U>v e 

3 'poi'meaning s 

C 5 > 
AM 
source :  "John " 
meanuig : 

Joh n 

A MI  A M 2 
source :  "the "  source :  "the " 

AM 
source :  on-phns e 
meaning :  stov e 

A MI  A M 2 
source :  "pol "  so«« :  "stove " 
meaning :  meaning :  stov e 

3 'pot *  meaning s 
Figures 

AM 
source :  "on " 

on-np j 
AM 
source :  basic-n p 
meaning : 

stov e 

2 S Concep t  Refinemen t 

The most specific structures possible must be found in order for the input to be completely parsed. A node which 

i s activate d b y rule s R- 2 o r  R- 7 ma y nee d t o b e refine d t o a  mor e specifi c on e usin g contextua l  infcHtnatio n sup -

plie d fro m th e input .  Refinemen t  involve s searchin g fo r  a  descendan t  whos e equivalen t  role s hav e mor e specific , 

activate d fillers.  Fo r  example ,  whe n th e put-phras e i s recognize d an d T R A N S P O R T - O B J E CT i s activate d b y R-2 , 

i t  ca n b e refine d t o P T R A N S - T O - S T O VE a s show n i n figure  1 .  Th e searc h proces s i s performe d usin g a  descen -

dant  marke r  ( D M )  whic h i s sprea d b y th e rule : 

DM-1: When a node is sufficiently activated by rules R-2 or R-7, a DM is passed down 

is- a link s t o eac h o f  it s descendant s 
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How is a descendant with mwe specific fillers found? Recall thai each concept which was activated from the in-

put  supplie s contextua l  informatio n i n th e for m o f  SMs ,  whos e strength s ar e combine d whe n the y intersect .  A 

descendan t  whos e fillers  ar e mor e specifi c  wil l  hav e SMs wit h a  stronge r  combine d strength .  Fo r  example , 

PTRANS-TO-STOVE i n figure  1  wUl  receiv e SMs fro m H U M A N,  COOK-CONTAINER,  an d S T O V E whil e 

TRANSPORT-OBJECT wi U receiv e SMs from  ANIMATE ,  PHYS-OBJ ,  an d PHYS-OBJ .  Sinc e th e connectio n 

fro m th e roles  o f  PTRANS-TO-STOVE wil l  b e muc h stronge r  tha n fo r  TRANSPORT-OBJECT,  th e forme r  wil l 

have a  muc h greate r  S M strength .  Thus ,  TRANSPORT-OBJECT shoul d b e refine d t o PTRANS-TO-STOVE.  Th e 

rul e whic h implement s concep t  refinement ,  then ,  is : 

DM-2: When a DM is placed on a node whose combined SM level is greater than that 

of  th e sourc e o f  th e D M,  the n bin d it s role s usin g th e procedur e describe d 

i n sectio n 2. 4 

Note that after reading SI, TRANSPORT-OBJECT in figure 1 can be refined to either PTRANS-TO-STOVE or 
LIGHT,  s o bot h wil l  b e activated .  However ,  sinc e th e concep t  stov e suggest s cookin g muc h mor e strongl y tha n 
HEAT-SOURCE suggest s lightin g a  marijuan a cigarette .  PTRANS-TO-STOVE wil l  b e muc h mor e strongl y ac -

tivated .  Therefore ,  i t  represent s th e resul t  o f  th e parse .  When sentenc e S 2 i s read ,  however ,  i t  i s recognize d a s 
anothe r  sub-ac t  o f  S M O K E.  S M O KE wil l  therefor e b e mor e strongl y activate d tha n C O O K,  sinc e i t  receives  SMs 

fro m tw o o f  it s sub-ac t  roles ,  whil e C O OK i s unrelate d t o 82 .  Thi s cause s S I  t o b e reinterf»-ete d a s lightin g a 
marijuan a cigarette . 

2.6 Marker Removal 

As with connectionist systems, markers are removed using a decay process. DMs decay very quickly since they do 

not  hav e t o wai t  fo r  othe r  node s t o becom e activate d an d therefor e d o no t  nee d t o remai n betwee n sentences .  Thi s 
i s  no t  tru e fo r  th e othe r  type s o f  markers ,  s o the y deca y muc h mor e slowly . 

3. Related Work 

The work presented here was inspired by direct memory access parsing, particularly DMAP [Riesbeck and Mar-

tin ,  1986] .  D M AP attempt s t o find  th e mos t  specifi c  knowledg e structure s tha t  connec t  th e inpu t  concepts ,  usin g a 
marke r  passin g algorith m base d o n recognizin g concep t  sequences .  Despit e th e similarit y betwee n DMAP' s 

marker s an d ours ,  ther e ar e majo r  operationa l  differences .  Th e bigges t  differenc e i s tha t  D M AP i s onl y abl e t o 

recogniz e structure s whos e role s ar e encountere d i n th e correc t  sequence ,  beginnin g wit h th e first  item .  Whil e thi s 

work s wel l  fo r  syntacti c structure s whic h ar e typicall y encountere d i n thei r  entiret y an d i n th e correc t  order ,  i t  i s 

not  wel l  suite d t o recognizin g highe r  leve l  conceptua l  structure s suc h a s MOPs [Schank ,  1982] .  Fo r  example , 

D M AP woul d no t  b e abl e t o recogniz e tha t  th e C O OK contex t  i s  appropriat e afte r  parsin g sentenc e SI ,  sinc e th e 
iniia l  act ,  PTRANS-FOOD-TO-CONTAINER,  wa s no t  encountered .  Ou r  wor k als o extend s direc t  memor y ac -

cess parsin g (1 )  t o handl e ambiguities ,  reinterpretations ,  an d role  bindings ,  (2 )  t o includ e mor e informatio n abou t 

syntax ,  an d (3 )  t o represen t  relativ e strength s o f  activation s betwee n concepts . 

We believe that learning (i.e. adding new nodes and links to the network) will be facilitated by the simplicity of 
our  memor y representation .  Thi s contrast s t o approache s whic h simplif y  th e processin g mechanis m b y addin g ex -

tr a lin k type s t o th e networ k (fo r  example ,  D M AP use s a  specia l  concep t  refinemen t  link) .  Ou r  approac h i s t o us e 

onl y thos e lin k type s whic h ar e necessar y fo r  th e representatio n itsel f  an d ad d extr a marker s wher e necessary . 

Sinc e marker s ar e dynamicall y create d durin g processing-an d deca y wit h time ,  addin g ne w one s ha s n o effec t  o n 
th e complexit y o f  th e learnin g mechanism .  Similarly ,  lin k weight s i n ou r  mode l  onl y represen t  relativ e strength s 

of  connection s betwee n concept s an d (unlik e connectionis t  systems )  ar e no t  use d t o contro l  processing . 

This work also bears some similarity to SCISOR [Rau, 1987], a system for conceptual information retrieval. The 

proces s presente d i n sectio n 2. 3 (fo r  finding  th e correc t  structure s i n memor y connecte d t o inpu t  concepts )  i s  simi -
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lar  to the priming rules used in SCISOR. However, SCISOR only addresses the problem of finding episodes in 

memory,  an d use s a  separat e modul e fo r  parsing .  I n ou r  work ,  parsin g an d memor y searc h ar e completel y in -

tegrated .  Thus ,  th e memor y searc h proces s describe d her e i s mor e genera l  sinc e SMs ca n b e use d t o retriev e dif -

feren t  type s o f  knowledg e structure s (suc h a s syntacti c information )  i n additio n t o retrievin g episodes . 

4. Conclusions 

In this paper, we have presented an approach to parsing natural language texts which integrates a constrained 

marke r  passin g mechanis m wit h propertie s o f  connectionis t  systems :  lin k weights ,  activatio n value s an d thres -

holds .  Thi s approac h i s particularl y attractiv e fo r  thre e reasons.  First ,  i t  i s  capabl e o f  parsin g text s whic h hav e 

prove d t o b e difficul t  fo r  previou s parsin g systems ,  specificall y thos e whic h ar e highl y ambiguou s an d requir e th e 

reade r  t o correc t  a n initiall y  mistake n interpretation .  Second ,  i t  use s a  simpl e processin g mechanis m whos e rule s 

ar e independen t  o f  th e actua l  conten t  o f  memory .  Thus ,  ne w knowledg e structure s ca n b e adde d withou t  changin g 

th e processin g mechanism .  Finally ,  i t  completel y integrate s al l  parsin g processes ,  suc h a s memor y search ,  disam -

biguatio n an d inferencing . 
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