
C o m p e t i t i o n a n d L e a r n i n g i n a 

Connectionist Deterministic Parser^ 

Stan C. Kwasny 

Kanaan A. Faisal 

Department of Computer Science 
Washingto n Universit y 

ABSTRACT 

Deteirninistic parsing promises to (almost) never backtrack. Neural network technology promises gen-
eralization ,  competition ,  an d learnin g capabilities .  Th e marriag e o f  thes e tw o idea s i s bein g investigate d 

i n a n experimenta l  natura l  languag e parsin g syste m tha t  combine s som e o f  th e bes t  feature s o f  each .  Th e 

resul t  i s a  deterministi c parse r  tha t  learns ,  generalizes ,  an d support s competitio n amon g structure s an d 

lexica l  interpretations . 

The performance of the parser is being evaluated on predicted as well as unpredicted sentence forms. 

Severa l  mildl y ungrammatica l  sentence s hav e bee n successfull y processe d int o structure s judge d reason -

abl e whe n compare d t o thei r  grammatica l  counterparts .  Lexic ^  ambiguitie s ca n creat e problem s fo r  trad -

itiona l  parsers ,  o r  a t  leas t  require  additiona l  backtracking .  Wit h th e us e o f  neura l  netwoilcs ,  ambiguitie s 

ca n b e resolved  throug h th e wide r  syntacti c context .  Th e result s hav e show n th e potentia l  fo r  parsin g 

usin g thi s approach . 

INTRODUCTION 

Any plausible model of language processing should permit alternative linguistic structures to compete 

whil e input s ar e processe d left-to-right .  Compute r  model s base d o n backtrackin g (e.g. .  Augmente d Tran -

sitio n Network s (ATNs )  o r  Definit e Claus e Grammar s (DCGs) )  d o no t  adequatel y captur e th e competitiv e 

natur e o f  sentenc e processing .  Furthermore ,  ther e i s n o evidenc e fro m huma n experiment s tha t  an y cons -

ciou s re-processin g o f  input s i s routinel y performed .  Th e lon e exceptio n i s perhap s for '  'garde n path' ' 

sentences . 

A good example of competition can be found in the TRACE model of speech perception (McClelland & 

Elman ,  1986) .  I n tha t  woric ,  competin g interpretation s o f  th e pseudo-speec h featur e vector s ar e propose d 

and activatio n level s ris e o r  fal l  a s eac h potentia l  interpretatio n i s supporte d o r  contradicted .  Parser s 

shoul d permi t  synta x an d othe r  level s o f  processin g t o ai d i n resolvin g lexica l  ambiguitie s jus t  a s ambigu -

ous phoneme s wer e resolve d i n T R A C E. 

In most neural netwoiic or connectionist parsers, grammar rules are processed into a network of units con-

necte d wit h excitator y an d inhibitor y links .  Th e numbe r  o f  unit s require d t o realize  a  give n gramma r  i s a 

functio n o f  th e max imu m inpu t  sentenc e lengt h an d th e complexit y o f  th e grammar .  Hence ,  a  limitatio n 

i s introduce d o n th e numbe r  o f  element s tha t  ca n b e presen t  i n th e input .  Sentence s ar e processe d withi n 

suc h a  framewor k b y presentin g them ,  possibl y i n a  simulate d left-to-righ t  fashion ,  a t  th e inpu t  sid e o f  th e 

networ k an d activation s ar e permitte d t o sprea d throug h th e networ k (Cottrell ,  1985 ;  Fanty ,  1985 ;  Walt z 

& Pollack ,  1985) .  Alternatively ,  a  stochasti c method ,  suc h a s simulate d annealing ,  i s use d (Selma n & 

Hirst ,  1985) . 

Partia l  suppor t  fo r  thi s wor k wa s receive d from  th e Cente r  fo r  Intelligen t  Compute r  System s a t  Washingto n University . 
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Classically, parsers process inputs itcratively Irom an unbounded stream of input. Neural network parsers 

typicall y d o no t  wor k iterativel y an d hav e limiL s impose d artificiall y  o n th e lengt h o f  th e sentence .  Ther e 

is ,  however ,  wor k underwa y o n neura l  networ k iteratio n mechanism s tha t  coul d b e use d i n parser s o f 

natura l  language .  (Servan-Schreiber ,  Qeeremans ,  &  McQelland ,  1988 ;  William s &  Zipser ,  1988) . 

In classic approaches, natural language processing by computer is performed under the direction of a set 

of  gramma r  rules .  Thes e ar e ofte n execute d a s i f  followin g instruction s i n a  program .  I f  th e inten t  i s t o 

model  huma n sentenc e processing ,  the n thi s metho d i s incorrect .  Rule s shoul d b e permitte d t o pla y a n 

advisor y rol e onl y — tha t  is ,  a s description s o f  typica l  situation s an d no t  a s prescription s fo r  precis e pro -

cessing .  Contro l  i n th e applicatio n o f  a  rul e o r  varian t  o f  a  rul e shoul d b e determine d jointl y a s a  data -

drive n an d expectation-drive n process . 

Symbolic rules are an essential part of most linguistic accounts at virtually all levels of processing, from 

speec h signa l  t o semantics .  Bu t  system s base d literall y o n rule s ten d t o b e brittl e sinc e ther e i s n o direc t 

way t o proces s linguisti c form s tha t  d o no t  strictl y adher e t o th e pre-conceive d rules .  I f  a  complet e se t  o f 

rule s fo r  al l  meaningfu l  Englis h form s existed ,  the n thi s migh t  b e satisfactory .  Bu t  n o suc h se t  o f  rule s 

exists ,  no r  doe s i t  see m desirabl e o r  eve n possibl e t o construc t  suc h a  set .  Furthermore ,  th e rule s woul d 

hav e a  difficul t  tim e capturin g "degree s o f  grammaticalness "  (Chomsky ,  1965)^ . 

Another consequence of a rule-based grammar is that acquisition of new grammar rules often require tedi-

ous re-tunin g o f  existin g rules .  Rarel y ca n a  rul e b e adde d t o th e gramma r  withou t  i t  affectin g an d bein g 

affecte d b y othe r  rule s i n th e grammar .  T o th e credi t  o f  thei r  creators ,  som e grammar s hav e bee n continu -

all y refine d ove r  a  perio d o f  years ,  eve n decades ,  i n a n attemp t  t o mor e accuratel y depic t  th e processin g 

requirement s o f  English .  Th e onl y solutio n t o thi s proble m i n a  practica l  an d realisti c manne r  i s throug h 

learning . 

APPROACH 

Our connectionist parser supports competition among sentence structures and performs sequentially over 

an unbounde d inpu t  stream .  I n additio n t o parsin g well-forme d sentences ,  th e parse r  i s capabl e o f  parsin g 

some type s o f  ill-forme d sentence s an d resolvin g som e lexica l  ambiguitie s usin g syntacti c context .  Ou r 

model  i s base d o n a  multi-leve l  neura l  network ,  traine d throug h backwar d propagatio n (Rumelhart ,  e t  al. , 

1986) .  I t  combine s bot h symboli c an d non-symboli c processin g wit h action s o f  th e rule s carrie d ou t  sym -

bolicall y an d decision-makin g carrie d ou t  non-symbolically .  Rule s o f  th e gramma r  ar e presente d a s train -

in g pattern s o f  processin g strategies ,  no t  a s packet s o f  infallibl e advic e t o b e memorize d an d followe d 

literally .  Ou r  desig n i s base d o n deterministi c parsin g (Marcus ,  1980 )  an d iteratio n i s a n integra l  featur e 

of  th e design . 

Experimentation with a medium-size grammar has produced results which have been encouraging. Once 

trained ,  th e networ k i s quick ,  robust ,  an d permit s competitio n amon g processin g alternatives .  Trainin g 

sequence s ar e derive d fro m tw o sources :  (1 )  th e rule s o f  a  rule-base d deterministi c grammar ;  an d (2 ) 

trace s o f  sentenc e processin g step s fro m actua l  sentences .  Th e forme r  trainin g i s deductiv e whil e th e 

latte r  trainin g i s inductive . 

Deterministic Parsing 

Deterministic ,  o r  "wait-and-see "  parsin g ( W A S P ) ^  require s i n th e wors t  cas e tha t  severa l  ( 3 t o 5 )  consti -

tuent s o f  th e inpu t  sentenc e b e i n vie w befor e decidin g o n th e appropriat e structur e fo r  th e curren t  consti -

tuent .  Onc e thi s decisio n ha s bee n reached ,  i t  canno t  b e reverse d an d onc e structure s hav e bee n con -

structed ,  the y ar e neve r  throw n away .  Deterministi c parser s ar e als o rule-base d i n tha t  thei r  action s ar e 

^  Ther e hav e bee n severa l  expression s o f  thi s ide a i n th e literature .  Severa l  psycholinguisti c studie s hav e attempte d t o 
measur e th e realit y o f  thi s notion ,  bot h from  a  us e a s wel l  a s a n interpretatio n perspective .  C h o m s k y wa s selecte d a s a n importan t 
referenc e an d on e tha t  illustrate s a  classi c viewpoint . 

^ Waltz & Pollack (1985) characterize this option as one based on "delay" as opposed to one based on backtracking. 
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controlle d b y a  collectio n o f  rules .  Th e rule s ar e partitione d int o rul e packet s whic h ai d i n conflic t  resolu -

tion . 

A single processing step in a traditional deterministic parser consists of selecting a rule to be fired from 

th e appropriat e rul e packe t  an d firing  th e rul e t o alte r  th e structur e an d position s o f  constituent s i n th e 

model .  A s wit h mos t  rule-base d systems ,  rule s whos e left-han d side s ar e foun d t o matc h th e stat e o f  th e 

syste m correctl y ar e eligibl e t o b e fired.  Rul e packet s ar e activate d a s a  consequenc e o f  whic h portio n o f 

th e structtir e i s bein g buil t  and ,  withi n th e packet ,  conflict s ar e resolve d throug h a  pre-assigne d numeri c 

priorit y an d fro m th e stati c orderin g o f  rule s withi n eac h priorit y value .  Onc e selected ,  th e rul e i s fired 

and it s action s ar e performed .  Th e actio n effect s change s o n th e stac k an d buffer .  Afte r  a  serie s o f  pro -

cessin g steps ,  a  terminatio n rul e fires,  an d th e final  pars e structur e i s lef t  o n th e to p o f  th e stack'* . 

LEARNING A RULE-BASED GRAMMAR 

Training proceeds by presenting patterns to the network and teaching it to respond with an appropriate 

action .  Th e inpu t  pattern s represent  encoding s o f  th e buffe r  position s an d th e to p o f  th e stack .  Th e outpu t 

leve l  o f  th e networ k contain s a  serie s o f  unit s representing  action s t o b e performe d durin g processin g an d 

judge d i n a  winner-take-al l  fashion .  Th e trainin g dat a ar e derive d a s "rul e templates "  fro m rule s i n a 

deterministi c grammar .  Thes e rul e template s ar e instantiate d onc e i n eac h epx)c h o f  training .  Networ k 

convergenc e i s observe d onc e th e networ k ca n achiev e a  perfec t  scor e o n th e rul e template s themselve s 

and th e erro r  measur e ha s decrease d t o a n acceptabl e leve l  (se t  a s a  parameter) .  Onc e th e networ k i s 

trained ,  th e weight s ar e store d i n a  file  s o tha t  variou s experiment s ca n b e performe d wit h th e network . 

Network Architecture 

Pattern s i n th e pattern/actio n rule s o f  th e gramma r  consist s o f  a  lis t  o f  syntacti c features ,  divide d int o fou r 

group s t o matc h th e thre e buffe r  position s an d th e to p o f  th e stack .  Thes e ar e represented  i n a  localis t 

manner  i n th e networ k wit h eac h syntacti c featur e bein g represented  b y a  unit .  Th e choic e o f  a  localis t 

representation  allow s th e gramma r  t o b e represente d i n a  ver y straightforwar d manne r  an d permit s experi -

mentatio n wit h sentenc e processin g i n a  direc t  way . 

In the set of exp)eriments described here, the network has a three-layer architecture with 37 input units, 20 

hidde n units ,  an d 2 0 outpu t  units .  Th e inpu t  laye r  consist s o f  fou r  pool s o f  inpu t  units ,  th e first  thre e 

pool s represent  th e buffer ,  wit h eac h containin g th e feature s o f  a  buffe r  item ,  an d th e fourt h poo l 

represents  th e to p o f  th e stac k includin g th e curren t  nod e o f  th e pars e tree .  On e hidde n laye r  ha s prove n 

sufficien t  i n al l  o f  ou r  experiments .  Th e outpu t  laye r  represent s th e 2 0 action s tha t  ca n b e performe d o n 

eac h iteratio n o f  processing . 

During sentence processing, the network is presented with encodings of the buffer and the top of the 

stack .  Th e networ k produce s th e actio n t o b e taken .  I f  th e actio n create s a  vacanc y i n th e buffe r  an d i f 

mor e o f  th e sentenc e i s lef t  t o b e processe d the n th e nex t  sentenc e componen t  i s move d int o th e buffer . 

Iteratio n i s achieve d i n thi s fashion . 

Sentences 

The gramma r  use d i s capabl e o f  processin g a  variet y o f  simpl e sentenc e form s whic h en d wit h a  final 

punctuatio n marie .  Simpl e declarativ e sentences ,  yes-n o questions ,  imperativ e sentences ,  an d simpl e pas -

sive s ar e permitte d b y th e grammar .  Wha t  th e mode l  actuall y see s a s inpu t  i s no t  th e ra w sentenc e bu t  a 

canonica l  representation s o f  eac h wor d i n th e sentence ,  i n a  for m tha t  coul d b e produce d b y a  simpl e lexi -

con .  Suc h a  lexico n i s no t  par t  o f  th e mode l  i n it s presen t  form . 

For test purposes, several sentences were coded that would parse correctly by the rules of the determinis-

ti c  parser .  Also ,  severa l  mildl y ungrammatica l  sentence s wer e code d t o determin e i f  th e networ k wa s 

' '  Thi s i s a n over-simplificatio n o f  th e processin g involved ,  bu t  accuratel y reflect s account s i n m a n y texts .  A  mor e accurat e 
view ,  includin g a  discussio n o f  attention-shiftin g (AS )  rules ,  rul e priorities ,  etc. ,  ca n b e obtaine d fro m Alle n (1987) . 
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generalizin g i n an y usefu l  way .  Finally ,  sentence s containin g ambiguousl y code d lexica l  item s wer e 

presente d t o tes t  i f  th e contex t  coul d ai d i n resolvin g suc h ambiguities . 

Coding of Grammar Rules 

I n th e canonica l  inpu t  forma t  o f  a  rul e template ,  wor d form s ar e represente d a s a  lis t  o f  syntacti c features . 

The se t  o f  possibl e feature s wa s chose n a s necessitate d b y th e grammar .  I n genera l  eac h wor d for m i s 

represente d b y a n ordere d featur e vecto r  i n whic h on e o r  mor e value s i s 0N(+1 )  fo r  feature s o f  th e for m 

and al l  othe r  value s ar e eithe r  0FF(-1 )  o r  D O N O T C A R E (?) .  A  rul e templat e i s instantiate d b y ran -

doml y changin g ?  t o + 1 o r  -1 . 

Each grammar rule has the following format: 

{  <Stack > <ls t  ltem > <2n d ltem > <3r d ltem > - > Actio n o n Stack} 

For  example ,  a  rul e fo r  Yes/N o question s woul d b e writte n as : 

{  <  S  nod e >  <  Au x Ver b x N P >  < > - ^  Switc h 1s t  an d 2n d item s ] 

A gramma r  rul e i s code d a s a  trainin g template ,  whic h i s a  lis t  o f  featur e values .  Eac h templat e represent s 

many trainin g patterns .  O n eac h trainin g epoc h ever y templat e i s instantiate d onc e yieldin g a  specifi c 

trainin g case .  Thus ,  eac h trainin g epoc h i s slightl y different .  Furthe r  detail s ar e availabl e i n Kwasn y 

(1988a ;  1988b) . 

Each input pattern consists of three feature vectors from the buffer items and one stack vector. Each vec-

to r  activate s 1 5 inpu t  unit s i n a  patter n vecto r  representin g a  wor d o r  constituen t  o f  th e sentence .  Th e 

stac k vecto r  activate s seve n unit s representin g th e curren t  nod e o n th e stack .  I n ou r  simplifie d versio n o f 

th e grammar ,  onl y tw o item s ar e code d fro m th e buffe r  an d thu s 3 7 inpu t  unit s ar e sufficient . 

Training from Rule Templates 

Trainin g consist s o f  th e presentatio n o f  200,00 0 epoch s o f  2 3 trainin g case s generate d fro m 2 3 gramma r 

ml e templates^ .  Th e template s ar e no t  organize d int o rul e packet s no r  groupe d i n an y wa y a s i n th e deter -

ministi c grammar .  Th e probabilit y  o f  a  ?  becomin g a  + 1 o r  - 1 i s equa l  an d se t  a t  0.5 .  Al l  weight s i n th e 

networ k ar e initialize d t o rando m value s betwee n -0. 3 an d +0.3 .  Afte r  th e presentatio n o f  eac h pattern ,  a n 

erro r  signa l  i s derive d fro m comparin g activatio n o n th e outpu t  laye r  (th e network' s prediction )  wit h th e 

desire d outpu t  pattern .  Tha t  erro r  signa l  i s back-propagate d throug h al l  th e connection s an d th e weight s 

adjuste d befor e presentin g th e nex t  pattem^ . 

Each rule template containing n ?'s can generate up to 2" training cases. Some rule templates have over 

30 ?' s whic h mean s the y represen t  approximatel y 10 ^  uniqu e trainin g cases .  I t  i s obviousl y impossibl e t o 

tes t  th e performanc e o f  al l  thes e cases ,  s o testin g fro m rul e template s involve s substitutin g a  zer o valu e 

fo r  eac h ? .  Zer o i s use d sinc e i t  represent s th e mea n o f  th e rang e o f  value s seen . 

PERFORMANCE 

Each sentence receives a score representing the overall average strength of responses during processing. 

The scor e fo r  eac h processin g ste p i s compute d a s th e reciproca l  o f  th e erro r  fo r  tha t  step .  Th e erro r  i s 

compute d a s th e Euclidea n distanc e betwee n th e actua l  outpu t  an d a n idealize d outpu t  consistin g o f  a  - 1 

valu e fo r  ever y outpu t  uni t  excep t  th e winnin g uni t  whic h ha s a  + 1 value .  Th e error s  fo r  eac h ste p ar e 

summed an d average d ove r  th e numbe r  o f  stepŝ .  Th e averag e strengt h i s th e reciproca l  o f  th e averag e 

^  A  slightl y modifie d versio n o f  th e gramma r  fro m appendi x C  o f  Marcu s (1980 )  wa s use d fo r  al l  experiment s i n thi s paper . 
Thi s appendi x contain s th e lis t  o f  rule s specificall y discusse d i n hi s thesi s an d ca n b e take n t o represen t  illustration s o f  th e basi c 
mechanisms .  Thes e hav e bee n code d int o rul e template s withi n ou r  syste m fo r  training . 

^ A slightly modified version of VICE, a program developed by John Merrill, was used for all simulations reported in this 
paper .  Value s o f  learnin g rat e an d m o m e n t u m (et a an d alph a i n Rumelhart ,  e t  al .  (1986) )  wer e chose n sufficientl y smal l  t o avoi d 
larg e oscillation s an d wer e generall y i n th e rang e o f  0.0 1 t o 0.0 2 fo r  learnin g rat e an d 0. 5 t o 0. 9 fo r  m o m e n t u m ove r  a  rang e o f 
tes t  runs . 

^ This sum is just the total-sum-of-squares (tss) used, for example, in the PDF software (McClelland & Rumelhart, 1988). 
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TABLE 1 :  Grammatica l  Sentence s Use d I n Testin g 

(1 ) 
(2 ) 
(3 ) 
(4 ) 
(5 ) 
(6 ) 
(7 ) 
(8 ) 
(9 ) 

(10 ) 

(11 ) 
(12 ) 

Sentenc e For m 

Joh n shoul d hav e schedule d th e meeting . 

Joh n ha s schedule d th e meeting . 

Has Joh n schedule d th e meeting ? 

Joh n i s schedulin g th e meeting . 

Schedul e th e meeting . 

The bo y di d hi t  Jack . 

Joh n i s kissin g Mary . 

Mar y i s kissed . 

T o m hi t  Mary . 

T o m wil l  hi t  Mary . 

They can(v )  fish(np) . 

They can(aux )  fish(np). 

Averag e 

Strengt h 

283. 3 

240. 8 

132. 2 

294. 4 

236. 2 

298. 2 

294. 4 

276. 1 

485. 0 

547. 5 

485. 0 

598. 2 

erro r  pe r  step . 

Parsing Grammatical Sentences 

Grammatica l  sentences ,  b y ou r  definition ,  ar e thos e whic h pars e correctl y i n th e rule-base d gramma r  fro m 

whic h w e derive d th e trainin g se t  Tabl e 1  show s severa l  example s o f  grammatica l  sentence s whic h ar e 

parse d successfull y alon g wit h thei r  respons e strengths .  Eac h exampl e show s a  relativel y hig h averag e 

strengt h value ,  indicatin g tha t  th e rule s use d i n trainin g hav e bee n learned . 

During parsing, the input sentence is presented in the input buffer from left to right. On each iteration, 

th e networ k i s presente d wit h constituent s fro m th e inpu t  buffe r  an d th e entr y fro m th e to p o f  th e stack . 

The actio n specifie d b y th e networ k i s performe d an d th e buffe r  an d stac k ar e update d a s required .  N e w 

inpu t  item s replac e empt y buffe r  position s a s needed .  Th e proces s the n repeat s unti l  a  sto p actio n i s per -

formed ,  usuall y whe n th e buffe r  become s empty . 

Parsing Ungrammatlcal Sentences 

An imfx)rtan t  tes t  o f  th e system' s generalizatio n capabilitie s i s it s respons e t o ungrammatica l  sentences . 

Thi s i s strictl y dependen t  upo n it s experienc e sinc e n o relaxatio n rule s wer e adde d t o th e origina l  gram -

mar  t o handl e suc h ungrammatica l  cases .  Thi s experimen t  consiste d o f  testin g a  fe w ungrammatica l  sen -

tence s tha t  wer e clos e t o th e trainin g dat a an d withi n th e scop e o f  ou r  encoding .  Tabl e 2  contain s exam -

ple s tha t  hav e produce d reasonabl e structure s whe n presente d t o ou r  system .  Not e tha t  overal l  averag e 

strengt h i s lowe r  fo r  ungrammatica l  sentence s whe n compare d t o simila r  grammatica l  ones . 

In sentence (13), the structure produced resembled that produced while parsing sentence (1). The only 

differenc e wa s tha t  th e tw o auxiliar y verbs ,  hav e an d should ,  wer e i n revers e order .  Sentenc e (14 )  con -

tain s a  disagreemen t  betwee n th e auxiliar y ha s an d th e mai n ver b schedul e an d ye t  th e comparabl e gram -

matica l  sentenc e (3 )  parse d identically ,  bu t  wit h mor e strengt h i n th e network' s responses .  Similarly , 

sentenc e (15 )  i s comparabl e t o sentenc e (4 )  i n it s processin g steps .  Fo r  sentenc e (16) ,  Chamia k (1983 ) 

report s tha t  hi s system ,  P A R A G R A M,  produce s a  nonsensica l  pars e structure .  I n ou r  parser ,  thi s sentenc e 

succeed s an d produce s a  structur e whic h resemble s on e fo r  sentenc e (6) . 

Lexica l  Ambiguit y 

I n a  final  se t  o f  exp)erimcnts ,  th e parse r  wa s teste d fo r  it s  abilit y  t o ai d i n th e resolutio n o f  lexica l  ambi -

guity .  Grammatica l  sentence s wer e presented ,  excep t  tha t  selecte d word s wer e code d ambiguousl y t o 

represen t  a n ambiguousl y store d wor d fro m th e lexicon .  Thes e example s ar e show n i n Tabl e 3 .  Severa l 

of  thes e example s com e fro m Miln e (1986) . 
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TABLE 2 :  Ungrammatlca l  Sentence s Use d i n Testin g 

(13 ) 

(14 ) 

(15 ) 

(16 ) 

Sentenc e For m 

*Joh n hav e shoul d schedule d th e meeting . 

*Ha s Joh n schedul e th e meeting ? 

*Joh n i s schedul e th e meeting . 

*Th e bo y di d hittin g Jack . 

Averag e 

Strengt h 

25. 1 

38. 1 

4. 7 
26. 6 

TABLE 3 :  Lexicall y Ambiguou s Sentence s Use d i n Testin g 

(17 ) 

(18 ) 

(19 ) 
(20 ) 

(21 ) 

Sentenc e For m 

(Word s i n < > ar e presente d ambiguously ) 

<Will > h e go ? 

T o m <will > hi t  Mary . 

T o m <hit > Mary . 

They <can > fish. 

They ca n <fish> . 

Averag e 

Strengt h 

83. 6 

118. 7 

39. 0 

4. 5 
172. 2 

Sentenc e (17 )  contain s th e wor d wil l  code d ambiguousl y a s a n N P an d a n auxiliary ,  moda l  verb .  I n th e 

contex t  o f  th e sentence ,  i t  i s clearl y bein g use d a s a  moda l  auxiliar y an d th e parse r  treat s i t  tha t  way .  A 

simila r  resul t  wa s obtaine d fo r  sentenc e (18) .  I n sentenc e (19) ,  hi t  i s  code d t o b e ambiguou s betwee n a n 

NP (a s i n playin g cards )  an d a  verb .  Th e networ k correctl y identifie s i t  a s th e mai n ver b o f  th e sentence . 

Sentenc e (20 )  present s ca n ambiguousl y a s a n auxiliary ,  modal ,  an d mai n verb ,  v/hUefis h i s presente d 

uniquel y a s a n NP .  Ca n i s processe d a s th e mai n ver b o f  th e sentence .  Compar e thi s exampl e wit h sen -
tenc e (11 )  o f  Tabl e 1 .  Here ,  eac h wor d i s presente d unambiguousl y wit h ca n code d a s a  ver b an d fish 

code d a s a n NP .  Th e sam e structur e result s i n eac h case ,  wit h th e averag e strengt h leve l  muc h highe r  i n 

th e unambiguou s case .  B y codin g fish  ambiguousl y a s a  verb/N P an d codin g ca n uniquel y a s a n auxili -

ary ,  th e resul t  obtaine d i s a s show n fo r  sentenc e (21) ,  whic h i s comparabl e t o sentenc e (12) . 

In the cases shown, the lexically ambiguous words were disambiguated and reasonable structures 

resulted .  Not e tha t  th e overal l  averag e strength s wer e lowe r  tha n comparabl e grammatica l  sentence s dis -

cussed ,  a s expected . 

DISCUSSION 

Robust  languag e processin g ha s bee n demonstrate d i n ou r  mode l  fo r  selected ,  mildl y ungrammatlca l  sen -

tenc e form s a s wel l  a s fo r  som e type s o f  lexica l  ambiguity .  A  networ k mode l  o f  languag e processin g ha s 

been traine d o n a n encode d se t  o f  rule s an d teste d o n a  variet y o f  problemati c forms .  Result s hav e bee n 

good wit h expecte d sentenc e form s evokin g highe r  respons e strength s i n genera l  tha n unexpecte d forms . 

The robust property of our parser is one of the most important reason for considering this approach. 

Attempt s t o proces s ill-forme d input s usin g conventiona l  (symbolic )  means ,  thoug h successftj l  i n limite d 

ways ,  hav e generall y resulte d i n somewha t  a d ho c methodologie s tha t  ar e tediou s t o us e an d hav e thei r 

own "shar p edges "  i n performance^ .  A s mentione d earlier ,  Chamia k (1983 )  attempte d t o provid e fo r 

*  Fo r  furthe r  discussio n o f  symboli c approaches ,  se e Kwasn y &  Sondheimer ,  (1981) ;  Weischede l  &  Sondheimer ,  (1983) ; 
Wcischede l  &  Ramshaw,  (1987) . 
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parsing ungrammatical sentences in a deterministic grammar. His method is to score each possible test 

fro m th e patter n portio n o f  a  rul e an d execut e th e rul e wit h th e bes t  score .  Ou r  networ k provide s it s ow n 

scorin g mechanis m refine d durin g learning . 

Competition in our network among sentence processing alternatives has been observed. In our winner-

take-al l  network ,  ther e ca n b e onl y on e actio n take n o n eac h step .  I n ambiguou s situations ,  however , 

ther e ar e ofte n tw o o r  mor e competin g action s whic h reflec t  alternativ e processin g sequences .  Thi s i s tru e 

i n th e ungrammatica l  an d lexicall y ambiguou s example s whic h ofte n hav e multipl e grammatica l  counter -

parts .  Thi s featur e o f  th e processin g i s a  necessar y par t  o f  parsing .  Wit h th e absenc e o f  outsid e 

influence s i n ou r  parser ,  e.g. ,  semantic s o r  th e contex t  o f  a  dialogue ,  th e networ k provide s a  choic e base d 

solel y o n it s trainin g experiences . 

A single neural network-based parser trained on a deterministic grammar without rule packets has been 

show n t o generaliz e t o som e case s no t  acceptabl e t o th e grammar .  Th e gramma r  i s therefor e bein g use d 

i n a n advisor y role .  Indeed ,  sentenc e form s whic h fal l  unde r  th e jurisdictio n o f  th e gramma r  pars e wit h 

minima l  erro r  an d thu s universall y ear n a  highe r  strengt h scor e tha n it s ungrammatica l  counterpart . 

In a brief experiment on inductive learning, the network was trained on the grammatical sentences used in 

our  test s an d it s performanc e wa s teste d o n th e rul e templates .  Fo r  thos e rul e instance s tha t  wer e 

represente d i n th e trainin g data ,  th e syste m di d well ,  bu t  overal l  exhibite d les s generalizatio n du e t o th e 

lac k o f  extensiv e trainin g cases .  Overal l  strengt h wa s low ,  excep t  fo r  th e precis e sentence s fo r  whic h i t 

was trained .  A s thes e experiment s ar e continue d an d mor e sentenc e example s ar e used ,  bette r  generaliza -

tio n i s expected . 

FUTURE DIRECTIONS 

There are several directions in which our work is progressing. Some of the recent work on recurrent net-

woric s i s bein g examine d wit h th e hop e o f  improvin g th e iteratio n propertie s o f  ou r  system .  Ultimately ,  i t 

shoul d b e sufficien t  t o presen t  a  final  encode d structur e a s teachin g dat a fo r  a  sentenc e an d permi t  th e sys -

te m t o organiz e itsel f  int o th e appropriat e numbe r  an d kin d o f  processin g step s necessar y t o buil d it . 

Althoug h achievin g thi s wil l  no t  happe n soon ,  thi s wor k i s expecte d t o mov e awa y fro m th e presen t  ver y 

stron g dependenc e o n th e organizatio n associate d wit h classi c deterministi c parsing . 

Our choice of encoding was based on its simplicity and directness. Now that our experiments have 

show n h o w generalizatio n ca n b e achieved ,  ou r  representatio n o f  th e structure s bein g buil t  an d th e stac k 

bein g use d shoul d b e improve d (Pollack ,  1988) .  Ou r  codin g schem e i s als o bein g expande d t o includ e a 

mor e complet e se t  o f  features ,  fo r  example ,  perso n an d numbe r  a s wel l  a s othe r  label s tha t  ca n appea r  i n 

final  structures .  Eventually ,  th e outpu t  laye r  shoul d produc e a n update d encodin g o f  th e inpu t  an d no t 

requir e tha t  th e actio n b e performe d externally .  A s ou r  understandin g o f  th e capabilitie s o f  thi s approac h 

increases ,  th e gramma r  wil l  b e scale d u p t o a  muc h large r  gramma r  o f  English .  Th e limit s o f  th e generali -

zatio n capabilit y  demonstrate d her e nee d t o b e furthe r  probed . 

Still to be addressed are issues at the semantic and lexical levels. Our feature vectors purport to capture 

th e pattern s o f  activatio n tha t  a  lexica l  componen t  woul d produce .  Experiment s ar e ongoin g i n thi s area . 

Finally, garden path sentences need to be better understood. These should not be dismissed as simply dif-

feren t  o r  anomalous .  Ther e i s hop e withi n ou r  framewor k fo r  a n attac k o n thes e defian t  sentenc e forms . 
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