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Abstract 

Linguists have pointed out that exposure to language is probably not sufficient for a general, 

domain-independent ,  learnin g mechanis m t o acquir e natura l  languag e grammar .  Thi s "povert y 

of  th e stimulus "  argumen t  ha s prompte d linguist s t o invok e a  larg e innat e componen t  i n 

languag e acquisitio n a s wel l  a s t o discourag e view s o f  a  genera l  learnin g devic e (GLD )  fo r 

languag e acquisition .  W e describ e a  connectionis t  non-supervise d learnin g mode l  (PARSNIP^ ) 

tha t  "learns "  o n th e basi s o f  exposur e t o natura l  languag e sentence s fro m a  millio n wor d 

machine-readabl e tex t  corpu s (Brow n corpus) .  PARSNIP ,  a n auto-associator ,  wa s show n thre e 

separat e sample s consistin g o f  10 ,  10 0 o r  100 0 syntacticall y tagge d sentences ,  eac h 1 5 word s o r 

less .  Th e networ k leame d t o produc e correc t  syntacti c categor y label s correspondin g t o eac h 

positio n o f  th e sentenc e originall y presente d t o it ,  an d i t  wa s abl e t o generaliz e t o anothe r  100 0 

sentence s whic h wer e distinc t  fro m al l  thre e trainin g samples .  P A R S N I P doe s sentenc e 

completio n o n sentenc e fragments ,  prefer s syntacticall y correc t  sentences ,  an d als o recognize s 

nove l  sentenc e pattern s absen t  fro m th e presente d corpus .  On e interestin g paralle l  betwee n 

P A R S N IP an d huma n languag e user s i s th e fac t  tha t  P A R S N I P correctl y reproduce s tes t 

sentence s reflectin g on e leve l  dee p center-embedde d pattern s whic h i t  ha s neve r  see n befor e 

whil e failin g t o reproduc e multipl y center-embedde d patterns . 

Keyword Topics: Connectionist Models, Neural Nets, Learning, Language Acquisition 

1.  Th e nam e P A R S N I P wa s chose n l o emphasiz e tha t  ih e presen t  mode l  i s  no t  a  parser ,  bu t  a  "snippet "  o r  precurso r  t o a  parse r  an d i s 
most  simila r  l o a  synucti c analyzer .  Ou r  wor k wa s supporte d i n par t  b y a  gran t  t o Princeto n Universit y fro m th e Jame s S . 
McDonnel l  Foundation .  W e woul d lik e t o than k Donal d Walker ,  St u Feldma n an d th e connectionis t  grou p a t  Bellcor e fo r 
comment s o n previou s version s o f  thi s paper . 
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Introductio n 

Connectionis t  approache s t o languag e processin g (Feldman ,  1985 ;  Rumelhar t  & 

McClelland ,  1986 )  hav e recentl y gaine d attentio n becaus e o f  a  nee d t o simultaneousl y integrat e 

divers e source s o f  informatio n abou t  th e syntax ,  semantics ,  an d pragmatic s o f  a  sentence .  On e 

importan t  aspec t  o f  thes e neural-lik e model s i s thei r  abilit y  t o combin e informatio n fro m variou s 

source s whil e a t  th e sam e tim e allowin g thes e source s t o mutuall y constrai n eac h other ,  reducin g 

th e nee d t o prioritiz e on e typ e o f  informatio n ove r  anothe r  durin g parsing . 

Many questions arise concerning the computational nature of connectionist models and 

thei r  potentia l  rol e i n natura l  languag e processing .  Centra l  t o connectionis t  model s i s a  learnin g 

proces s whic h determine s ho w structur e an d rul e governe d behavio r  emerges .  Unfortunately , 

th e learnin g rule s s o fa r  propose d (Ackley ,  Hinto n &  Sejnowski ,  1985 ;  Rumelhart ,  Hinto n & 

Williams ,  1986 )  focu s primaril y o n th e frequenc y o f  occurtenc e o f  relevan t  structura l  unit s 

withi n a  give n domai n an d requir e explici t  supervisio n ove r  th e recognitio n an d codin g o f 

generalization s concernin g eac h stimulu s encountered .  Suc h constraint s o n learnin g procedure s 

rais e seriou s question s abou t  th e possibilit y  o f  modelin g natura l  languag e learnin g i n a 

connectionis t  framework .  Studie s i n leamabilit y  theor y (Chomsky ,  1957 )  hav e show n tha t 

natura l  languag e synta x canno t  possibl y b e induce d fro m th e first-orde r  statistic s (e.g. ,  transitio n 

matrice s o r  conditiona l  probabilities )  availabl e throug h exposur e t o a n infinit e numbe r  o f 

examples .  Childre n acquirin g natura l  languag e ar e sensitiv e t o a  se t  o f  universa l  constraint s o n 

structura l  configuration s an d relation s i n languag e suc h a s th e A  ove r  A  Condition ,  Subjacency , 

etc .  (se e Radford ,  198 1 fo r  a  descriptio n o f  thes e constraints) .  Eve n thoug h violation s o f  thes e 

condition s hav e no t  bee n explicitl y  corrected ,  discouraged ,  no r  eve n experienced ;  childre n avoi d 

violatin g thes e condition s eve n i n thei r  earlies t  linguisti c utterance s (Chomsky ,  1965 ;  Randall , 

1982) . 

The acquisition of natural language poses particular problems for any learning approach. 

Languag e acquisitio n canno t  rel y o n an y explici t  informatio n abou t  th e grammaticality ,  usage , 

frequency ,  possibl e constituency ,  o r  an y structura l  informatio n abou t  th e sentenc e othe r  tha n th e 

linea r  orde r  an d cooccurrenc e o f  word s i n th e sentence-an d tha t  informatio n i s hindere d b y 

performanc e errors ,  incomplet e sentence s an d genera l  noise .  Unde r  suc h conditions ,  i t  i s  har d 

t o imagin e ho w syntax ,  an d natura l  languag e generally ,  i s  acquire d a t  all .  Chomsk y (1972 ) 

approache d thi s proble m b y assumin g a  nativis t  perspectiv e i n whic h th e chil d wa s see n a s usin g 

incomin g languag e dat a i n conjunctio n wit h innat e linguisti c knowledg e t o formulat e hypothese s 

about  possibl e grammatica l  rule s an d constraints . 

Previou s W o r k 

Other computational models of language acquisition from both connectionist and rule-

base d approache s hav e tende d t o assum e tha t  a  larg e amoun t  o f  previou s structur e mus t  b e 

presen t  t o lear n natura l  languag e syntax .  A  recen t  mode l  (Berwick ,  1985 )  incorporatin g 

linguisti c assumption s fro m a  Governmen t  an d Bindin g perspectiv e (Chomsky ,  198 1 an d 

subsequen t  work )  use s a  "repair "  operatio n o n syntacti c rule s tha t  ar e alread y presen t  bu t  nee d t o 

be tune d properly .  Thi s tunin g i s base d o n incrementa l  positiv e evidenc e i n tha t  sentence s th e 

learne r  hear s ar e assume d t o b e grammatica l  an d eac h ne w sentenc e mus t  b e incrementall y 

accounte d for .  Thi s typ e o f  acquisitio n wher e positiv e evidenc e an d reactionar y generalizatio n 

i s enforce d i s sometime s referre d t o th e th e "subse t  principle "  (Berwick ,  1985) ,  Interestingly ,  th e 
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connectionis t  mode l  propose d her e ca n b e see n a s consisten t  wit h th e subse t  principle . 

Connectionist models (Feldman, 1985; Rumelhart & McClelland, 1986; Selman, 1985; 

McClellan d &  Kawamoto ,  1986 )  hav e tende d t o provid e th e syste m wit h explici t  rules ,  syntacti c 

structur e o r  both .  The y hav e allowe d th e networ k t o lear n th e prope r  condition s unde r  whic h t o 

appl y thes e rule s o r  t o recogniz e specifi c  relation s betwee n constituen t  structures . 

Explici t  analysi s o f  th e kind s o f  precondition s o r  structur e neede d prio r  t o learnin g natura l 

languag e gramma r  hav e ye t  t o b e considere d fo r  a  connectionis t  model .  Fo r  example ,  n o 

connectionis t  model s currentl y exis t  whic h buil d u p thei r  syntacti c knowledg e fro m mer e 

exposur e t o positiv e example s an d th e subsequen t  incrementa l  additio n o f  ne w sentences .  Thi s 

model  begin s wit h n o assumption s abou t  syntacti c structur e no r  an y specia l  expectation s abou t 

propertie s o f  syntacti c categorie s othe r  tha n th e fac t  tha t  the y exist . 

The Present Model 

We begin with the assumption that natural language reveals to the hearer a rich set of 

linguisti c constraint s an d tha t  observabl e syntacti c regularitie s serv e t o delimi t  th e possibl e 

grammar s tha t  ca n b e learned .  W e ar e no t  makin g a n anti-nativis t  argument ,  i n fact ,  th e presen t 

model  actuall y contribute s t o th e analysi s o f  th e tradeof f  betwee n innat e syntacti c knowledg e 

and previousl y unrecognize d syntacti c regularitie s i n th e dat a tha t  coul d b e use d t o induc e 

grammar .  Connectionis t  model s whic h lear n i n thi s wa y ca n offe r  a  ne w paradig m fo r  nativis t 

research .  B y filtering  ou t  thos e dat a whic h ca n b e learned ,  w e ma y delineat e thos e aspect s o f  th e 

knowledg e o f  languag e whic h ar e trul y hardwired . 

P A R S N IP use s a  variatio n o f  a  backpropagatio n techniqu e (Rumelhart ,  Hinto n & 

Williams ,  1986 )  calle d "auto-association "  whic h wa s originall y propose d b y Rumelhar t  an d 

Hinton .  Thes e model s ar e multi-laye r  leamin g network s (MLL ;  Hanso n &  Burr ,  1987 )  tha t  hav e 

unit s associate d wit h inpu t  an d outpu t  a s wel l  a s a  modifiabl e se t  o f  intermediat e unit s calle d 

"hidde n units. "  Althoug h backpropagatio n i s strictl y a  supervise d technique ,  auto-associatio n i s 

not .  Th e differenc e lie s i n th e teache r  signal .  Backpropagatio n require s a  separat e teache r 

signa l  fo r  ever y input-outpu t  pair ,  wherea s auto-associatio n use s th e inpu t  a s th e teache r  signal . 

The auto-associatio n network' s tas k i s t o produc e a  veridica l  cop y o f  th e inpu t  wit h whic h i t  i s 

presented .  I t  mus t  recogniz e thi s inpu t  a s somethin g i t  ha s see n before . 

Thi s seemingl y straightforwar d tas k become s difficul t  whe n th e networ k i s expose d t o a 

larg e numbe r  o f  stimul i  o r  whe n th e th e numbe r  o f  "hidde n units "  i s  smal l  compare d t o th e 

number  o f  input/outpu t  units ,  forcin g a  compressio n o r  reductio n o f  th e informatio n whic h i s 

encode d durin g learning .  Reducin g th e numbe r  o f  encodin g unit s i s likel y t o yiel d a  ne w 

(compressed )  encodin g o f  th e inpu t  informatio n i n orde r  t o adequatel y ma p i t  t o th e output ,  aki n 

t o chunkin g smalle r  unit s int o highe r  orde r  constituents .  Th e auto-associato r  ma y extrac t 

regularitie s mor e genera l  tha n thos e exhibite d b y th e inpu t  stimuli ,  o r  i t  ma y discove r  feature s o r 

complexe s o f  feature s tha t  ar e usefu l  i n predictin g th e outpu t  stimulus . 

We are asking the following question of our network: Can it induce grammar-like 

behavio r  (rule-governe d behavior )  fro m simpl e exposur e t o a  larg e corpu s o f  natura l  languag e 

sentences .  Severa l  specifi c  question s wil l  als o b e posed :  Afte r  leamin g o n a  specifi c  se t  o f 

input ,  ca n th e networ k generaliz e t o sentence s neve r  see n before ? Doe s i t  prefe r  sentence s tha t 

ar e syntacticall y correct ? Ca n i t  recogniz e sentence s tha t  ar e mor e comple x tha n thos e tha t 

woul d b e predicte d b y simpl e conditiona l  probabilitie s o n th e combination s o f  fragment s i t  ha s 
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previousl y seen ? A n d finally ,  afte r  learnin g o n a  sizeabl e natura l  languag e corpus ,  i s th e 

networ k resistan t  t o learnin g sentence s whic h violat e syntacti c well-formednes s condition s 

purporte d t o b e universall y applicable .  Thi s las t  questio n i s a  particularl y interestin g one ,  an d i s 

indicativ e o f  th e type s o f  question s tha t  shoul d b e posed .  I f  P A R S N I P doe s no t  recogniz e suc h 

sentence s o r  resist s learnin g suc h sentence s (no t  i n thi s paper )  afte r  nothin g mor e tha n exposur e 

t o data ,  thi s woul d lea d u s t o suspec t  tha t  rathe r  tha n bein g a n innat e propert y o f  th e learner , 

thes e constraint s an d condition s follo w directl y fro m regularitie s i n th e data . 

A key aspect of grammar induction is the ability of the network to recognize forms that are 

syntacticall y correc t  bu t  di d no t  appea r  i n training .  Concurrently ,  i t  mus t  no t  recogniz e 

syntacticall y incorrec t  form s tha t  als o neve r  appeare d i n th e trainin g sample .  Thi s i s a 

differentia l  generalizatio n constraint .  No t  onl y mus t  th e networ k generaliz e t o n e w sentences ,  i t 

must  hav e a  mean s o f  determinin g grammaticality ;  an d wors e yet ,  i t  mus t  d o s o strictl y o n th e 

basi s o f  positiv e evidence . 

Inpu t  Representatio n an d Stimul i 

PARSNIP was exposed to sentences from the Brown corpus (Francis & Kucera, 1979) 

consistin g o f  on e millio n word s o f  runnin g text .  Thi s corpus ,  compile d ove r  a  1 0 yea r  period ,  i s 

compose d o f  50 0 tex t  sample s eac h consistin g o f  approximatel y 200 0 words .  T h e text s ar e 

representativ e o f  6  separat e categorie s an d approximatel y 1 9 subcategories ,  includin g newspape r 

text ,  religiou s books ,  technica l  book s an d novels . 

Presiden t  Kenned y toda y pushe d asid e othe r  Whit e House  busines s t o devot e al l  hi s tim e an d 

attentio n t o woildn g o n th e Berli n crisi s addres s h e wil l  delive r  tomorro w nigh t  t o th e America n 

peopl e ove r  nationwid e televisio n an d radio . 

n-tl np nr vbd rb ap jj-tl nn-tl nn to vb abn pp$ nn cc nn in vbg in at np nn nn pps md vb nr nn in at 

j j  nn s i n j j  n n c c n n . 

My advice , if you live long enough lo continue your vocation , is that the next time you're attracted by the 

exoti c ,  pas s i t  u p -  it' s  nothin g bu t  a  headache .  A s yo u ca n coun t  o n m e t o d o th e same .  Compassionatel y 

your s ,  S .  J .  Perelma n 

pp$ nn, cs ppss vb jj qlp to vb pp$ nn, bez cs at ap nn ppss-«-ber vbn in at jj, vb ppo rp •• pps+bez pn 

cc a t  n n .  c s pps s m d v b i n pp o t o d o a t  a p .  r b p p ^ 

She was a living doll and no mistake - the blue-black bang . the wide cheekbones , olive-flushed , that 

betraye d th e Cheroke e strai n i n he r  Midwester n lineag e ,  an d th e mout h whos e onl y fault ,  i n th e novelist' s 

carpin g phras e ,  wa s tha t  th e lowe r  li p wa s a  trifl e to o voluptuous . 

pps bedz at vbg nn cc at nn - at jj nn , at Jj nns, jj, wps vbd at np nn in pp$ jj-tl nn, cc at nn wp$ ap 

nn ,  i n a t  nn $ vb g n n ,  bed z c s a t  jj r  n n bed z a t  n n q !  j j  . 

Figur e 1 :  Exampl e Sentence s Take n Fro m th e Brow n Ccwpu s 

We chose the Brown corpus because it is one of the few sample corpora where each word of text 

i s  associate d wit h a  ta g whic h indicate s it s syntacti c category .  Th e tag s fo r  eac h individua l  wor d 
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wer e determine d b y linguisticall y informe d judges .  Example s o f  tex t  ar e show n i n Figur e 1 . 

The thre e sentence s ar e take n fro m th e beginning ,  middl e an d en d o f  th e corpu s an d provide s 

some ide a o f  th e diversit y o f  sentenc e type s an d topics . 

Below each sentence is a string of syntactic tags. There are approximately 81 unique word 

clas s tag s comprise d fro m abou t  6  kind s o f  syntacti c informatio n includin g majo r  for m classe s 

("part s o f  speech") ,  functio n words ,  inflectiona l  morph s an d punctuation .  Tag s wer e als o 

combine d durin g th e labelin g proces s i n orde r  t o creat e ne w code s wher e needed .  Thi s 

compoundin g resulte d i n a  tota l  o f  46 7 uniqu e syntacti c code s ove r  th e entir e corpus .  W e use d a 

nin e bi t  binar y representatio n t o cod e al l  46 7 categorie s the n inpu t  thes e binar y representation s 

t o th e auto-associator .  Tag s wer e assigne d t o bi t  patter n code s b y frequenc y o f  occurrenc e i n th e 

corpus ;  mos t  frequen t  wer e assigne d t o mos t  activ e inpu t  code s whil e leas t  frequen t  wer e 

assigne d t o les s activ e inpu t  codes ^  (sparser) .  T o restric t  sentenc e diversity ,  th e lengt h o f  th e 

sentence s show n t o th e networ k wa s limite d t o 1 5 word s o r  less. ^  Th e Brow n Corpu s contain s 

approximatel y 35,00 0 sentence s o f  1 5 word s o r  less . 

Architecture 

The PARSNIP network consist of a total of 585 units and 24,615 connections. Each unit's 

Fan Ou t  i s completel y connecte d t o unit s above .  Th e uni t  Fa n I n wa s combine d b y a  linea r 

integratio n functio n ove r  th e activatio n state s belo w i t  an d ove r  th e weight s connecte d t o thes e 

states .  Th e uni t  Fa n Ou t  wa s normalize d ove r  th e interva l  zer o t o on e an d wa s compresse d i n th e 

hig h an d lo w end s o f  th e scale .  Thi s typ e o f  functio n (e.g. ,  logistic )  transform s activatio n a t  a 

uni t  t o somethin g lik e "firin g rate "  fo r  a  neura l  interpretation ,  o r  "likelihood "  i f  a  probabilisti c 

interpretatio n i s give n (Hanso n &  Burr ,  1987) . 

Auto-Associator for Natural Language Syntax 

585 unit s 2461 5 cormection s 

Rati o 7: 1 compressio n 

at  n 

th e bo y 

vbd a t  n 

thre w th e bal l 

at 

th e 

n 

boy 

vbd a t  n 

thre w th e bal l 

Figur e 2 :  Schemati c Versio n o f  Auto-Associato r 

2.  Experiment s wer e als o auempte d wii h rando m cod e assignment s an d ther e seeme d t o b e littl e differenc e i n th e learning ;  althoug h 
generalizatio n perfomianc e ha s ye t  t o b e compared . 

3.  O n e consequenc e o f  restrictin g th e lengt h o f  sentence s wa s th e eliminatio n o f  sentence s containin g relativ e clause s fro m th e 
corpus .  Th e absenc e o f  thes e sentenc e type s wil l  prov e imporua t  i n subsequen t  discussions . 
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A schemati c versio n o f  th e architectur e o f  th e auto-associato r  i s show n i n Figur e 2 .  Th e inpu t 

include d 27 0 unit s codin g 1 5 wor d position s (no t  includin g punctuation )  an d 1 4 wor d boundar y 

codes .  Th e outpu t  wa s identica l  t o th e input ,  als o consistin g o f  27 0 positions .  Hidde n unit s 

varie d i n numbe r  fro m 1 0 t o 60 ,  althoug h th e dat a reporte d her e i s fo r  4 5 hidde n units .  Thi s 

limitatio n o n th e numbe r  o f  hidde n unit s provide s a  7  t o 1  compressio n o f  th e dat a throug h th e 

hidde n layer . 

The learning procedure was implemented with the generalized delta rule (Rumelhart, 

Hinton ,  Williams ,  1986 )  a t  th e outpu t  laye r  an d wa s applie d recursivel y t o th e laye r  belo w 

(betwee n th e hidde n unit s an d th e input) .  Th e target s fo r  th e outpu t  laye r  wer e th e inpu t  value s 

themselves .  Th e weight s wer e adjuste d b y th e followin g formula : 

A wf/i = Ti (ojp * dip) + a A wfj (1) 

The parameter Ti represents the rate at which any particular sample error can affect the weights. 

a i s a  paramete r  tha t  determine s th e effec t  tha t  pas t  delta s hav e ha d o n th e presen t  delta .  Fo r  a 

equal  t o 1 ,  th e presen t  weigh t  chang e an d pas t  weigh t  chang e hav e th e sam e effec t  i n th e weigh t 

update .  A n Oj p i s th e valu e fo r  th e jt h uni t  an d th e pt h pattern .  An d 5  i s th e erro r  gradien t  fo r  th e 

it h uni t  an d th e pt h pattern .  Al l  experiment s use d a n T )  o f  . 1 an d a n a  o f  .3 . 

PARSNIP Experiments 

Sentences including punctuation (e.g., periods) were entered into one side of the auto-

associato r  wit h paddin g (effectivel y zer o o r  n o input )  afte r  th e perio d i n orde r  t o uniforml y fill 

15 positions .  Startin g wit h rando m weights ,  a  forwar d activatio n o n th e inpu t  produce d 

activatio n o n th e output ,  als o i n 1 5 nin e bi t  positions .  Th e nin e bi t  pattern s wer e the n compare d 

t o th e inpu t  bi t  pattern ,  yieldin g th e error s fo r  eac h outpu t  value .  Thes e error s wer e the n use d t o 

adjus t  th e weight s a s specifie d i n th e delt a rule . 

I n thre e separat e trainin g sessions ,  th e PARSNI P networ k wa s separatel y trained' *  o n thre e 

distinc t  set s o f  o f  sentence s o f  size s 10 ,  10 0 an d eventuall y 1000 . 

4.  Th e auio-associalor/back-propagatio n simulato r  wa s wrillc n fo r  a  vectorizin g F O R T R AN compile r  o n a  Conve x C I  computer . 
Simulatio n runs ,  dependen t  o n proble m size ,  loo k an y wher e fro m 5  hour s t o 3  1/ 2 weeks . 
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Figur e 3 :  Learnin g o f  1 0 Sentence s fro m th e Brow n Corpu s 

The network was exposed to each set until criterion was reached (>95% correct on the entire set) 

or  unti l  n o positiv e slop e i n th e learnin g curv e wa s detected .  Error s wer e calculate d fro m th e 

number  o f  misse d syntacti c categories .  Thu s a  singl e bi t  erro r  i n th e nin e bi t  cod e woul d b e 

counte d a s a  mis s o f  th e entir e category .  Figur e 3  show s percen t  correc t  ((l-eitor)*100 )  fo r  th e 

10 sentenc e se t  a s a  functio n o f  th e numbe r  o f  sentenc e presentations .  Criterio n wa s reache d 

afte r  abou t  10 0 cycle s throug h th e 1 0 sentences ,  namely ,  afte r  abou t  100 0 sentenc e 

presentations .  I n Figur e 4  w e sho w th e transfe r  poin t  t o a  ne w se t  o f  10 0 sentence s afte r  havin g 

learne d o n th e 1 0 sentenc e se t  Th e firs t  poin t  i n thi s grap h (Figur e 4 )  show s th e las t  poin t  fro m 

th e 1 0 sentenc e se t  (Figur e 3 )  an d th e nex t  poin t  show s th e network' s performanc e o n a  ne w 

sentence .  Notic e tha t  performanc e drop s dramaticall y fro m abou t  9 7 % correc t  t o 5 0 % correct . 

S 
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number  o (  sentence s 

Figure 4: Learning of 100 Sentences from the Brown Corpus 

Recal l  tha t  th e presenc e o f  wor d boundar y informatio n an d en d o f  sentenc e punctuatio n wil l 

allo w th e networ k t o ge t  a t  leas t  5 0 % correc t  i f  i t  i s  abl e t o retai n jus t  thi s information .  I n thi s 

case ,  afte r  th e learnin g o n th e 1 0 sentenc e set ,  wor d boundar y informatio n i s al l  th e networ k 

seems abl e t o retai n (als o se e below) . 

The networ k reache s criterio n afte r  abou t  16 0 cycle s o n th e 10 0 sentences ,  namely ,  i n 

abou t  16,00 0 sentenc e presentations .  Notic e tha t  th e learnin g curv e i s muc h mor e jagge d i n thi s 
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cas e a s compare d t o th e 1 0 sentenc e set .  Apparently ,  th e learnin g o f  som e sentenc e structure s 

tend s t o compet e wit h th e learnin g o f  othe r  sentenc e structureŝ .  Finally ,  Figur e 5  indicate s th e 

beginnin g o f  transfe r  t o 100 0 ne w sentences .  Th e firs t  point ,  a s before ,  i s  th e las t  poin t  o f  th e 

learnin g curv e fo r  th e 10 0 sentences ,  an d th e nex t  poin t  show s th e respons e o f  th e networ k t o a 

ne w sentence .  Again ,  th e dro p i s rapid .  But ,  thi s tim e slightl y mor e informatio n i s retaine d abou t 

sentenc e structur e a s ca n b e see n b y th e fac t  tha t  th e dro p onl y reache s abou t  6 0 % .  A s learnin g 

proceeds ,  i t  follow s a  gentl e positiv e slope ,  althoug h th e jaggednes s o f  th e learnin g curv e i s 

much greater ,  an d learnin g criterio n i s neve r  reache d wit h thi s sentenc e set .  T o ensur e tha t  th e 

asymptot e wa s reached ,  th e sentence s wer e cycle d throug h 18 0 time s (180,00 0 sentenc e 

presentations) .  Thi s tim e i t  becam e apparen t  tha t  th e networ k ha d difficult y encodin g al l  100 0 

sentences .  Th e final  performanc e leve l  achieve d exhibite d correc t  recognitio n o n abou t  8 5 % o f 

th e sentences . 

Acquisitio n b y Trials .  Th e initia l  outpu t  o f  th e networ k involve s code s tha t  ar e associate d 

wit h lo w activation .  Tha t  is ,  th e networ k i s inhibitor y i n earl y stage s o f  acquisition .  Thi s i s 

attributabl e t o th e fac t  tha t  erro r  reductio n drive s weigh t  change s an d t o th e sparsenes s o f  codes . 

For  example ,  i f  mos t  o f  th e code s whic h th e networ k  i s expose d t o ar e sparse ,  tha t  i s  hav e fe w 

Ts i n th e target ,  the n th e networ k ca n significantl y reduc e erro r  b y turnin g of f  outpu t  bit s an d 

thereb y makin g th e networ k inhibitory .  Thi s produce s a  tendenc y fo r  th e networ k t o retriev e 

code s associate d wit h lo w activation .  Becaus e o f  th e sortin g o f  code s b y frequency ,  thes e wil l 

als o b e lo w frequenc y categories . 

§» 
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Figur e 5 :  Learnin g o f  100 0 Sentence s Fro m th e Brow n Corpu s 

Within the first 30 trials (sentences), the network seems to pick up the first obvious regularity, 

tha t  o f  wor d boundaries .  Next ,  withi n th e nex t  1(X )  o r  s o sentences ,  mas s noun s an d persona l 

pronoun s begi n t o b e correctl y predicted ,  a s wel l  a s a  fe w tw o sequenc e syntacti c code s lik e 

5.  Thi s typ e o f  learnin g curv e i s charaaeristi c  o f  learnin g rate s tha t  ar e to o hig h fo r  th e sample .  I t  i s  possibl e tha t  to o fe w hidde n 
unit s ar e presen t  fo r  oplinta l  learning .  T o contro l  fo r  th e th e possibilit y  tha t  th e learnin g rat e wa s to o hig h i t  wa s droppe d t o hal f  it s 
valu e (.05) .  However ,  a  simila r  amoun t  o f  jaggednes s wa s sti U apparen t  i n th e learnin g curve .  I n addition ,  experimen u wher e 1/ 3 
mor e hidde n unit s wer e adde d i n conjunctio n wit h smalle r  learnin g rate s di d no t  resul t  i n a  substantia l  chang e i n th e textur e u l  ih e 
curve . 
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article+nou n an d preposition+noun .  A s learnin g precedes ,  mor e comple x form s begi n t o appear , 

but  no t  wit h obviou s predictability .  Furthe r  analysi s wher e sequence s o f  tag s ar e tracke d 

throug h learnin g trial s shoul d b e revealing . 

Generalization Performance 

The weights for all three earlier sample sizes were retained for a generalization test. With 

learnin g turne d of f  (T |  =  0 ,  a  =  0) ,  eac h networ k wa s show n 100 0 ne w sentence s whic h wer e 

distinc t  fro m th e 111 0 sentence s th e thre e network s originall y learned .  Th e percen t  correc t  o n 

th e 100 0 ne w sentence s wa s recorde d an d th e result s ar e show n i n Figur e 6 .  O n th e x  axi s  i s th e 

siz e o f  th e sampl e o f  sentence s th e networ k ha d previousl y learned ,  an d o n th e y  axi s i s th e 

percen t  correc t  o f  sentence s whic h th e networ k wa s abl e t o predic t  from a  nove l  se t  o f  100 0 

sentences .  Notic e tha t  th e functio n i s increasing ,  tha t  is ,  mor e prio r  trainin g o n sentence s 

produce s greate r  generalizatio n t o nove l  sentences .  A s previousl y described ,  knowledg e abou t 

th e 1 0 sentenc e networ k drop s t o wor d boundar y knowledge ,  losin g abou t  5 0 % o f  it s sentenc e 

knowledge .  Th e 10 0 sentenc e networ k retain s abou t  1 0 % mor e informatio n abou t  sentenc e 

structur e (syntacti c categor y relations) ,  losin g abou t  4 0 % o f  wha t  i t  ha d leamed .  Finally ,  th e 

100 0 sentenc e networ k seem s t o b e generalizin g a t  abou t  th e sam e rat e (84% )  a t  whic h i t  ha d 

asymptoticall y leamed .  A s thes e ar e log-lo g coordinates ,  i t  appear s ther e i s a  hin t  tha t  th e 3 

point s approximat e a  powe r  functio n o f  prio r  leamin g o n sentenc e sampl e size . 
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Figur e 6 :  Generalizatio n Performanc e 

Recognitio n Performanc e 

PARSNIP'S main task is to recognize a sentence either as one it has seen before or as one 

tha t  i t  migh t  hav e see n before .  Thi s i s th e typ e o f  performanc e on e migh t  expec t  fro m an y 

associativ e memor y i n whic h a  larg e numbe r  o f  pattern s hav e bee n stored .  However ,  PARSNI P 

i s muc h mor e tha n a  patter n storer .  I t  i s  i n fac t  abl e t o behav e i n a  rul e governe d wa y wit h 

respec t  t o sentenc e completio n an d recognitio n o f  sentenc e type s i t  ha s neve r  see n before .  Th e 

questio n i s whethe r  th e compositio n o f  sentenc e fragment s o r  constituent s ar e determine d o n th e 

basi s o f  firs t  orde r  statistic s (conditiona l  probabilitie s betwee n sentenc e fragments )  o r  whethe r 

the y ca n b e attribute d t o mor e comple x generalization s arisin g fro m exposur e t o a  larg e numbe r 

of  sentenc e types .  Al l  th e remainin g experiment s wer e performe d usin g th e 100 0 sentenc e 

network . 
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Patter n Completion .  Th e first  tas k tha t  P A R S N I P wa s aske d t o perfom i  wa s sentenc e 

completio n o n th e basi s o f  partia l  input .  I n Figur e 7  w e sho w a  sampl e interactio n wit h 

PARSNIP.  Th e syntacti c tag s representin g th e sentenc e th e bo y thre w a  ball ,  ar c clampe d o n 

one sid e o f  th e input .  Then ,  P A R S N I P produce s th e sam e sentence ,  i.e .  "articl e nou n past-tens e 

ver b articl e noun" .  Suppos e no w tha t  th e ver b i s lef t  ou t  o f  th e sentenc e and ,  instead ,  P A R S N I P 

i s show n a n ambiguou s cod e a t  th e thir d positio n i n th e sentence .  I n thi s case ,  P A R S N I P 

produce s o n th e outpu t  sid e i n th e thir d positio n th e ta g "past-tens e verb, "  o r  a s a  secon d gues s 

"verb" .  Tha t  is ,  generalization s i t  ha s mad e concernin g th e possibl e structur e o f  sentence s caus e 

PARSNIP t o b e reminde d o f  th e syntacti c categorie s tha t  bes t  fit  th e empt y slo t  i n th e sentenc e i t 

was shown . 

INPUT:  ARTICL E N O UN P-VER B ARTICL E N O UN (Th e bo y thre w th e ball ) 
PARSNIP:  ARTICL E N O UN P-VER B ARTICL E N O UN 

INPUT:  ARTICL E N O UN <BLANK> ARTICL E N O UN 
PARSNIP:  ARTICL E N O UN <VER B P-VERB > ARTICL E N O UN 

Figure 7: Sample Interaction with PARSNIP: Pattern Completion 

Disambiguation. Another task that PARSNIP was asked to perform was one of syntactic 

disambiguatio n give n a  se t  o f  possibl e syntacti c code s fo r  a  lexica l  ite m appearin g i n a  particula r 

sentenc e position .  Thi s tas k wa s simila r  t o patter n completio n excep t  tha t  th e networ k wa s 

give n a  numbe r  o f  item s an d aske d t o produc e th e correc t  one .  I n Figur e 8  w e sho w a  sampl e 

interactio n wher e P A R S N I P i s give n th e sentenc e Th e hors e race d pas t  th e bar n fell .  Th e wor d 

"past "  coul d appea r  i n a  sentenc e a s eithe r  a n adverb ,  a  prepositio n a n adjectiv e o r  a  noun .  Th e 

wor d "past "  i n thi s sentenc e begin s th e prepositiona l  phras e "pas t  th e barn" . 

INPUT:  ARTICL E N O UN P-VER B PREPOSITIO N ARTICL E N O UN P-VER B 
PARSNIP:  ARTICL E N O UN P-VER B PREPOSITIO N ARTICL E N O UN P-VER B 

INPUT:  ARTICL E N O UN P-VER B ADVERB ARTICL E N O UN P-VER B 
PARSNIP:  ARTICL E N O UN P-VER B PREPOSITIO N ARTICL E N O UN P-VER B 

Figure 8: Sample Interaction with PARSNIP: Disambiguation 

A dramatic way to demonstrate disambiguation in PARSNIP is to clamp the incorrect 

syntacti c choic e (adver b instea d o f  preposition )  a s show n i n figure  8 .  I n respons e t o thi s 

deliberat e introductio n o f  misinformation ,  PARSNI P edit s th e sentenc e an d actuall y insert s th e 

correc t  syntacti c category .  I n thi s case ,  i t  shoul d b e note d tha t  thi s particula r  sentenc e neve r 

appear s i n th e 100 0 sentenc e corpu s t o whic h PARSNI P wa s exposed . 

Recursion. Sentence embedding, the ability of grammar to produce a sentence within 

anothe r  sentence ,  i s considere d a  characteristi c definin g featur e o f  natura l  languages . 

Paradoxically ,  i t  ha s als o bee n show n tha t  sentenc e recursio n i s no t  a n unlimite d featur e o f 
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natura l  languag e processing .  Eve n a t  th e nex t  leve l  o f  embeddin g ( a sentenc e withi n a  sentenc e 

withi n a  sentence) ,  huma n languag e user s hav e difficult y (Miller ,  1962) .  Therefore ,  genera l 

recursiv e rule s mus t  b e filtered  ou t  somehow ,  an d usuall y memor y constraint s ar e invoke d i n 

orde r  t o d o this . 

INPUT:  ARTICL E N O UN ARTICL E N O UN P-VER B P-VER B 
PARSNIP:  ARTICL E N O UN ARTICL E N O UN P-VER B P-VER B 

INPUT:  ARTICL E N O UN ARTICL E N O UN ARTICL E N O UN P-VER B P-VER B P-VER B 
PARSNIP:  ARTICL E N O UN ARTICL E N O UN ARTICL E N O UN P-VER B N O UN VER B 

Figure 9: Sample Interaction with PARSNIP: Recursion 

I n th e sampl e interactio n i n Figur e 9 ,  P A R S N I P i s abl e t o recogniz e th e sentenc e Th e ra t 

th e ca t  chase d died .  Thi s recognitio n occur s despit e th e lac k o f  eve n a  singl e occurrenc e o f  a 

center-embedde d sentenc e withi n th e corpus .  Nonetheless ,  P A R S N I P i s abl e t o respon d t o thi s 

sentenc e a s somethin g i t  recognizes .  Apparently ,  P A R S N I P i s abl e t o bin d togethe r  constituent s 

tha t  hav e bee n use d i n othe r  contexts .  However ,  whe n a  doubl y embedde d sentence ,  e.g. ,  th e ra t 

th e ca t  th e do g bi t  chase d die d i s clampe d o n th e inpu t  side ,  P A R S N I P produce s a  partia l 

sentenc e bu t  doe s no t  recogniz e thi s secon d leve l  o f  recursion .  Althoug h constituent s simila r  t o 

thos e foun d i n singl e leve l  center-embeddin g ar e availabl e i n thi s mor e comple x center -

embedded,  th e th e failur e migh t  b e see n i n term s o f  th e numbe r  o f  an d distanc e betwee n 

constituent s tha t  mus t  b e bounde d b y PARSNIP' S recognitio n rule .  I n othe r  words ,  P A R S N I P i s 

not  abl e t o recogniz e constituent s tha t  i t  ha s previousl y recognize d becaus e the y ar e bounde d b y 

constituent s tha t  ma y b e unfamilia r  o r  hav e no t  previousl y bee n usefu l  i n syntacti c prediction . 

Not e als o tha t  thi s effec t  i s  als o independen t  o f  an y memor y constraint s sinc e P A R S N I P i s 

expose d t o a  tota l  sentenc e i n parallel . 

Adjacency Constraints. In English, a direct object must be adjacent to a verb in order to 

receiv e cas e fro m i t  an d thereb y b e allowe d (licensed )  t o occu r  i n objec t  position .  (Thi s 

statemen t  i s phrase d withi n th e terminolog y o f  a  Govemment-Bindin g approac h (Chomsky , 

1981). )  Englis h speakin g childre n wil l  probabl y seldo m o r  neve r  hea r  Joh n gav e quickl y th e 

book ,  wher e quickl y intervene s betwee n a  ver b an d it s objec t  an d block s th e assignmen t  o f 

accusativ e cas e b y vinu e o f  destroyin g th e adjacenc y relatio n betwee n th e ver b (th e cas e 

assigner )  an d th e direc t  objec t  (th e N P whic h mus t  receiv e case) .  Furthermore ,  childre n 

acquirin g Englis h wil l  neve r  b e explicitl y  discourage d fro m usin g thes e sentence s i f  the y shoul d 

happe n t o hea r  them ,  e.g. ,  "B y th e way ,  don' t  sa y thi s sentence" .  A  ke y questio n i n th e 

evaluatio n o f  ho w languag e i s acquire d concern s th e abilit y  o f  th e networ k t o avoi d generalizin g 

t o sentence s tha t  hav e adjacenc y violation s o f  thi s typ e an d whic h ar e no t  presen t  i n th e trainin g 

set . 
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INPUT:  N O UN ADVERB VER B ARTICL E N O UN (me n quickl y stea l  th e food ) 
PARSNIP:  N O UN A D V E RB VER B ARTICL E N O UN 

INPUT:  N O UN VER B ADVERB ARTICL E N O UN (me n stea l  quickl y th e food ) 
PARSNIP:  N O UN ADVERB W AS ARTICL E N O UN 

Figure 10: Sample Interaction with PARSNIP: Adjacency Constraints 

I n Figur e 1 0 w e sho w P A R S N I P failin g t o recogniz e a n adjacenc y violation ,  i n fact ,  i t 

actuall y attempt s t o mov e wha t  wa s th e V E R B (no w retireve d a s " W A S " )  close r  t o th e direc t 

object .  Not e tha t  P A R S N I P ca n als o recogniz e me n quickl y stea l  o r  me n stea l  quickl y implyin g 

tha t  th e presenc e o f  th e direc t  objec t  i s  critica l  fo r  thi s recognitio n failure . 

Discussio n 

Auto-association is clearly not a plausible model for language acquisition. That is, 

repeate d paralle l  exposur e t o a  sentenc e wit h enforce d productio n o f  tha t  sentenc e i s no t  a 

reasonabl e cognitiv e mode l  o f  languag e acquisition ,  no r  o f  a  languag e learner' s gramma r 

production .  Perhap s th e closes t  paralle l  t o PARSNIP' S situatio n i s tha t  o f  a  learne r  engage d i n 

th e abstrac t  intensiv e stud y o f  sentence s an d sentenc e structur e (simila r  t o th e activitie s o f  a 

linguist) .  I t  i s  als o importan t  t o not e tha t  unlik e huma n languag e learners ,  th e networ k ha s n o 

sens e o f  tempora l  order .  Fo r  P A R S N I P sentence s hav e n o beginning ,  middl e o r  end ,  bu t  rathe r 

the y exis t  a s pattern s whic h ca n b e use d t o accoun t  fo r  th e structure s i t  encounters .  Nonetheless , 

ther e ar e som e importan t  parallel s betwee n th e tas k give n t o PARSNI P an d th e tas k tha t  arise s 

fo r  childre n a s the y lear n natura l  language .  Bot h PARSNI P an d th e chil d ar e onl y expose d t o 

sentence s fro m natura l  language ,  the y bot h mus t  induc e genera l  rule s an d large r  constituent s 

from  jus t  th e regularitie s t o whic h the y ar e exposed ,  bot h on e th e basi s o f  onl y positiv e evidence . 

parsnip's ability to generalize from what it has learned to new sentences indicates that 

some genera l  knowledg e o f  constituen t  structur e ha s bee n extracte d fro m it s experienc e wit h 

natura l  languag e sentences .  A  significan t  amoun t  o f  coverag e o f  sentenc e type s occur s afte r 

trainin g o n 100 0 a s compare d t o th e origina l  1 0 sentences . 

I t  i s  fa r  mor e interestin g t o u s t o hav e discovere d tha t  PARSNI P ca n differentiall y 

generaliz e t o sentence s tha t  ca n appea r  i n natura l  languag e (cente r  embeddings )  bu t  canno t 

recogniz e sentence s whic h violat e natura l  languag e constraint s (multipl e cente r  embeddings) . 

As evidenc e tha t  P A R S N I P i s usin g rule-lik e representation s o r  possibl y possesse s somethin g 

comparabl e t o a  grammar ,  w e fee l  i t  i s  importan t  t o poin t  ou t  th e fac t  n o cente r  embedde d 

sentence s appeare d i n th e trainin g set .  I n fact ,  eve n th e numbe r  o f  adjoine d relativ e clause s wa s 

almos t  ni l  a s a  resul t  o f  th e limitatio n o n sentenc e length .  Apparently ,  constraint s fro m th e 

sentence s alread y learne d allow s P A R S N I P t o differentiall y  generaliz e a s thoug h syntacti c rule s 

ar e i n operation . 

Further, the constituents that PARSNIP chooses tend neither to be predictable from first 

orde r  statistic s no r  t o b e abl e t o b e generate d from  simpl e finite  stat e grammars .  P A R S N I P 

prefer s sequence s o f  syntacti c categorie s tha t  ofte n ar e th e leas t  likel y t o b e predicte d o n th e 

basi s o f  th e frequenc y wit h whic h on e categor y follow s th e othe r  i n th e corpus .  Fo r  example ,  i n 

one patter n completio n interactio n whe n P A R S N I P wa s give n th e phras e th e destructio n o f  th e 
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cit y <blank> ,  i t  chos e t o fill  th e blan k wit h a  conjunctio n producin g th e destructio n o f  th e cit y 

and .  T h e frequenc y o f  syntacti c code s i n th e corpu s followin g th e syntacti c code s fo r  th e city ,  o f 

th e city ,  destructio n o f  th e cit y o r  th e destructio n o f  th e cit y wer e alway s greate r  (sometime s 1 0 

time s greater )  fo r  othe r  syntacti c categorie s (e.g .  prepositions )  tha n fo r  conjunctions . 

Although, we don't have a complete analysis of the constituents PARSNIP knows, we do 

hav e s o m e evidenc e t o sugges t  tha t  P A R S N I P recognize s noun-phrase s an d othe r  highe r  orde r 

consituent s i n th e hidde n layer .  P A R S N I P w a s expose d t o sentenc e fragment s tha t  wer e nou n 

phrases ,  ver b phrases ,  o r  rando m sentenc e fragments .  Then ,  durin g recognition ,  th e hidde n laye r 

value s wer e clustere d yieldin g group s containin g eithe r  nou n phrase s wit h som e rando m 

fragment s o r  ver b phrases .  M u c h mor e ca n b e don e wit h thi s typ e o f  methodolog y i n term s o f 

isolatin g th e constituen t  informatio n tha t  P A R S N I P uses . 

The acquisition strategies exhibited by PARSNIP conform to what is usually thought of as 

a nativis t  principle ,  th e Subse t  Principle .  Thi s principl e i s usuall y describe d i n term s o f  a  chil d 

mov in g fro m on e g r a m m a r  t o another : 

"Each step of a child's acquisition of grammar must involve movement from a smaller set to a 

large r  se t  an d canno t  involv e th e reverse .  Th e step s ar e motivate d b y piece s o f  inpu t  dat a 

(adul t  sentences )  whic h fai l  t o fit  int o th e smalle r  set ,  thereb y forcin g a n expansio n o f  th e set. " 

(Roeper ,  i n press ) 

This is exactly the sort of conservative generalization that one might expect from an auto-

associato r  suc h a s th e on e employe d b y P A R S N I P .  Th e networ k i s lea d t o chang e it s syntacti c 

knowledg e (connections/weights )  base d solel y o n singl e sentenc e violation s o f  prio r  successfu l 

generalization s abou t  a  subse t  o f  sentence s tha t  i t  ha d previousl y constructed .  Thi s proces s i s 

incrementa l  becaus e th e entir e learnin g proces s i n connectionis t  network s i s base d o n smal l 

incrementa l  change s motivate d th e succes s o r  failur e o f  it s  generalization s abou t  th e data . 
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