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Paul  R .  Cohen ^  (cohen@cs.umass.edu ) 
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Amherst ,  M A 01003-461 0 

Abstrac t 

Children face an enormously difficult task in learning their na-
tiv e language .  I t  i s widel y believe d tha t  the y d o no t  receiv e o r 
make littl e us e o f  negativ e evidenc e (Marcus ,  1993) ,  an d ye t 
i t  ha s bee n prove n tha t  man y classe s o f  language s les s pow -
erfu l  tha n natura l  language s canno t  b e learne d i n th e absenc e 
of  negativ e evidenc e (Gold ,  1964) .  I n thi s pape r  w e presen t 
an approac h t o learnin g goo d approximation s t o member s o f 
one suc h clas s o f  languages ,  th e regula r  languages ,  base d o n 
positiv e evidenc e alone . 

1.  I n t r o d u c t i o n 

Th e abilit y t o communicat e throug h spoke n languag e i s 

widel y regarde d a s th e hallmar k o f  h u m a n intelligence .  Chil -

dre n acquir e thei r  nativ e tongu e wit h remarkabl e ease ,  mas -

terin g th e vas t  majorit y o f  tha t  languag e befor e the y ente r 

school .  However ,  th e facilit y  wit h whic h childre n acquir e 

languag e belie s th e complexit y o f  th e task .  Fo r  example ,  chil -

dre n clearl y receiv e positiv e evidenc e (example s o f  sentence s 

i n th e language) ,  bu t  i t  i s widel y believe d tha t  childre n d o no t 

receiv e negativ e evidenc e (example s o f  sentence s tha t  ar e no t 

i n th e languag e an d tha t  ar e s o m e h o w marke d a s such )  (Mar -

cus ,  1993) .  Th e difficult y wit h respec t  t o leamabilit y  arise s 

wit h a  n o w famou s theore m du e t o Gold(1967) .  H e prove d 

tha t  severa l  classe s o f  languages ,  includin g regular ,  contex t 

fre e an d contex t  sensitive ,  ca n b e identifie d i n th e limi t  whe n 

th e learne r  ha s acces s t o bot h positiv e an d negativ e evidence . 

However ,  thos e sam e classe s o f  language s canno t  b e learne d 

fro m positiv e evidenc e alone .  H o w d o childre n overcom e 

Gold' s theoretica l  hurdle ? 

Difficultie s suc h a s th e on e abov e le d Chomsky(1975 )  t o 

sugges t  tha t  languag e i s innate ,  tha t  i t  i s  no t  learne d pe r  s e 

but  tha t  facilit y  wit h languag e grow s an d mature s m u c h i n th e 

same wa y tha t  one' s organ s ar e geneticall y predetermine d t o 

gro w an d mature .  I n thi s pape r  w e explor e th e possibilit y  tha t 

languag e i s no t  innat e b y developin g algorithm s fo r  learnin g 
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goo d approximation s o f  regula r  language s fro m positiv e evi -

denc e alone .  Althoug h n o natura l  languag e i s strictl y regular , 

larg e subset s o f  natura l  language s ar e regular ,  an d thi s clas s 

of  language s i s th e simples t  on e covere d b y Gold' s theorem . 

As such ,  i t  seeme d lik e a  goo d plac e t o star t  ou r  investigation s 

int o learnability . 

Our  approac h t o learnin g regula r  language s begin s wit h a 

clas s o f  languages ,  calle d Szilar d (Makinen ,  1997) ,  tha t  ca n 

be learne d fro m positiv e evidenc e alone .  Give n example s o f 

sentence s generate d b y a n arbitrar y regula r  language ,  w e as -

sume tha t  th e languag e i s Szilard ,  yieldin g a  representatio n o f 

th e languag e tha t  simpl y "memorizes "  th e inpu t  an d doe s n o 

generalization .  W e the n appl y heuristi c technique s t o creat e 

increasingl y mor e compac t  representation s tha t  maintai n th e 

Szilar d propert y an d tha t  becom e bette r  approximation s t o th e 

targe t  language . 

Th e remainde r  o f  th e pape r  i s organize d a s follows .  Sectio n 

2 briefl y review s deterministi c finite  automata ,  thei r  relation -

shi p t o regula r  grammars ,  an d h o w a  Szilar d languag e ca n b e 

learne d fro m positiv e evidenc e alone .  Sectio n 3  explain s ou r 

algorith m fo r  learnin g a  goo d approximatio n o f  a n arbitrar y 

regula r  languag e fro m positiv e evidence .  Sectio n 4  describe s 

th e implementatio n o f  th e algorith m an d Sectio n 5  present s 

experiment s an d results .  Finally ,  Sectio n 6  conclude s an d 

point s t o futur e researc h directions . 

2. Finite automata, trivial DFAs and Szilard 

regu la r  g r a m m a r s 

Deterministi c finite  automata(DFA )  ar e wel l  known ,  sim -

pl e computin g device s tha t  ar e describe d b y th e tuple : 
(Set-of-States ,  Alphabet ,  Transition-Functio n 

Start.State ,  Set.of-FinaLStates ) 

Th e finite  automat a ar e equivalen t  t o regula r  grammar s an d 

thu s recogniz e precisel y th e clas s o f  regula r  languages .  Thei r 

functionin g i s describe d b y a  transitio n function : 

6{current.state,current-input-syTnbol )  =  next^tat e 

whic h i s equivalen t  t o a  se t  o f  productions : 

{cu r  rent.stat e - > curren t  .inpu t  s y m b o l  next.state} . 

Th e inpu t  symbol s ar e element s o f  th e alphabe t  an d ar e usu -

all y calle d terminals .  A  D F A ca n b e visualize d b y it s asso -

ciate d graph ,  a s i n figure  1 :  th e node s ar e th e state s an d th e 

arc s represen t  th e transitions .  Th e label s o n th e arc s ar e th e 

inpu t  symbols .  A  sentenc e i s sai d t o b e accepte d b y th e au -
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Figur e 1 :  A  smal l  deterministi c finite  automaton . 

tomaton if there is a path from the start state to a final state, 

labele d wit h th e word s o f  th e sentence .  D F A inductio n i s th e 

proble m o f  finding  th e automato n tha t  describe s a  give n lan -

guag e fro m a  se t  o f  examples :  sentence s w h o s e membersh i p 

t o th e languag e i s  k n o w n .  Gold' s famou s theore m o n lan -

guag e learnabilit y  state s tha t  an y clas s o f  regula r  language s 

(an d othe r  languages )  ca n b e learne d fro m positiv e an d nega -

tiv e examples ,  bu t  no t  fro m positiv e example s only ,  i f  a t  leas t 

on e infinit e languag e exist s i n th e class . 

A n y finite  languag e ca n b e represente d b y a  trivia l  D F A , 

tha t  ha s a  distinc t  stat e fo r  eac h wor d occurrenc e i n eac h sen -

tence ,  meanin g tha t  th e learne r  memor ize s al l  th e sentences . 

A Szilar d regula r  g r a m m a r  ha s th e propert y tha t  it s  pro -

duction s hav e th e for m A i  -i -  a i jA j ,  mean in g tha t  eac h ter -

mina l  appear s o n on e ar c only .  I t  follow s tha t  th e n u m b e r  o f 

terminal s equal s th e n u m b e r  o f  productions .  T h e n u m b e r  o f 

state s (withou t  th e star t  state )  i s  a t  mos t  equa l  t o th e n u m b e r 

of  productions .  T h e inferenc e algorith m tha t  finds  a  Szilar d 

g rammar  fro m a  se t  o f  positiv e examples ,  is : 

•  assum e tha t  th e n u m b e r  o f  state s i s  equa l  t o th e n u m b e r 

of  productions ;  associat e eac h stat e wit h a  termina l  a  an d 

n a me i t  accordingly ,  A :  A  - ^  a X ,  wher e " X "  stand s fo r 

th e u n k n o w n nex t  state ;  i f  a  termina l  i s  th e first  on e i n a 

sentence ,  the n it s associate d stat e i s th e star t  state ;  i f  i t  i s 

th e las t  on e i n th e sentence ,  i t  i s  followe d b y th e final  state . 

•  startin g fro m th e star t  state ,  follo w th e derivation s fo r  th e 

give n example s an d merg e th e state s whic h follo w th e s a m e 

terminal ;  continu e th e proces s unti l  a  Szilar d g r a m m a r  i s 

obtained . 

Th e algorith m finds  th e targe t  D F A ,  provide d tha t  i t  see s al l 

th e possibl e consecutiv e transition s {ai,aj) .  Fo r  example ,  th e 

D F A i n figure  1  ca n b e learne d fro m thre e example s {aceb , 

adeb ,  ab} ,  eve n i f  it s  languag e i s infinite .  T h e first  ste p yield s 

th e stat e sequences :  (S O C  E  B  F S )  ,  (S O D  E  B  F S )  an d (S O 

B FS) .  Becaus e th e state s B ,  C  an d D  al l  follo w th e termina l 

"a" ,  the y ar e merge d int o stat e ( B C D )  an d th e desire d D F A 

i s obtained .  A n eve n simple r  g r a m m a r  whic h ca n b e inferre d 

fro m positiv e example s onl y ha s th e propert y tha t  eac h termi -

nal  uniquel y identifie s th e nex t  state .  T h e inferenc e algorith m 

i s immediate : 

•  assig n on e variabl e A  t o eac h termina l  a  t o obtai n produc -

tion s o f  th e typ e X  - ^  a A ,  wher e " X "  i s th e u n k n o w n 

curren t  state ; 

•  fro m th e star t  state ,  fo r  a  sequenc e (  a  b  .. .  ) ,  recove r  th e 

productions :  S O -> a A ,  A  ^ b B, . . . 

Throug h a n abus e o f  notation ,  w e wil l  denot e thi s secon d 

g rammar  Szilard *  an d i t  an d th e first  on e collectivel y Szilard . 

I t  ca n b e notice d though ,  tha t  th e Szilar d regula r  language s 

ar e include d i n th e Szilard *  regula r  languages ,  becaus e th e 

propert y tha t  a  termina l  uniquel y identifie s a  transitio n be -

twee n a  pai r  o f  state s implie s tha t  i t  als o identifie s th e nex t 

state . 

We d o no t  k n o w i f  a  natura l  languag e o r  a t  leas t  a  par t  o f 

i t  ca n b e describe d b y a  Szilar d g rammar ,  bu t  i t  ca n b e re -

garde d a s suc h fo r  th e purpos e o f  learnin g a  g r a m m a r  fro m 

positiv e examples .  T h e trivia l  D F A fo r  a  se t  o f  example s ha s 

th e Szilar d propert y i f  eac h termina l  occurrenc e i s considere d 

distinct .  Fo r  example ,  i n th e sentence s {"the i  boy s se e the 2 

cat" ,  "the z girl s walk" }  th e thre e occurrence s o f  "the "  ar e 

considere d different .  Unfortunatel y thi s doe s no t  solv e th e 

proble m yet ,  becaus e w e go t  th e desire d Szilar d property ,  bu t 

th e trivia l  D F A i s no t  th e languag e representatio n w e wan t 

t o learn .  T h e tw o sentence s abov e sugges t  tha t  actuall y no t 

al l  occurrence s o f  " the "  shoul d b e d e e m e d different .  Wh i l e 

"thei "  an d " the2 "  ar e different ,  on e determinin g th e nou n 

i n th e subjec t  an d th e othe r  i n th e direc t  object ,  " the i "  an d 

"thes "  bot h determin e th e subjec t  nou n an d s o shoul d belon g 

t o th e sam e terminal .  I t  follow s tha t  w e nee d a n algorith m 

tha t  partition s w o r d occurrence s int o classe s tha t  ca n b e asso -

ciate d wit h g r a m m a r  terminals . 

Terniln*! Merging tn a Szil«rd DFA prossrvas Che proporCy on* 
Cermina l  appaar a o n on a ar c only . 

Terminal Merging In a szilard* DFA preaarvas cha proparcy tha aana temlnal 
alway a laad a Co th a sajn a acaca . 

Figure 2: Terminal merging 

An interesting property of the Szilard regular grammars is 

tha t  i f  w e conflat e tw o terminal s an d the n merg e thei r  asso -

ciate d states ,  th e g r a m m a r  remain s Szilard .  A s ca n b e see n 

i n figure  2 ,  i f  w e merg e th e terminal s " thei "  an d " thez " 

int o on e termina l  "thei^z "  an d th e state s {s2,S6 }  - > «2, 6 . 

{^3,87 }  - ¥ S3, 7 fo r  th e Szilar d D F A ,  th e resulte d automa -

to n retain s it s  definin g property ,  namel y tha t  eac h termina l 

appear s o n jus t  on e arc .  T h e Szilard *  propert y i s  als o pre -

serve d i f  th e tw o terminal s " thei "  an d "the^ "  an d th e state s 

{s2 ,  se }  ar e merged .  Thi s lead s t o th e followin g strateg y fo r 

addressin g th e proble m o f  g r a m m a r  induction ,  b y breakin g i t 

int o tw o subproblems : 

•  "Szilard-ify "  th e languag e b y immediatel y constructin g th e 
trivia l  D F A . 

•  "compact "  th e trivia l  D F A ,  b y mergin g wor d instances ,  an d 

th e associate d states . 
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3.  Approac h an d Algorithm s 

I t  follow s tha t  a  devic e i s neede d tha t  ca n distinguis h wor d oc -

currence s u p t o classe s associate d wit h th e grammar' s termi -

nals .  F r o m thes e classes ,  a  Szilar d regula r  g ramma r  ca n the n 

be inferred ,  i n th e for m o f  a  deterministi c finit e automato n 

( D F A ) .  I t  wa s reporte d i n (Elman ,  1990) ,  tha t  a n Elman-typ e 

recurren t  neura l  network(rnn )  ca n classif y th e wor d instance s 

i n a  partitio n tha t  reflect s grammatica l  categories .  W e wil l  us e 

thi s devic e t o extrac t  representation s o f  wor d instance s whic h 

ar e suitabl e fo r  th e tas k o f  identifyin g termina l  classes .  Thes e 

representation s wil l  the n serv e a s inpu t  t o a  D F A extractio n 

algorithm .  Th e generi c Elman-typ e m n i s presente d i n fig -

ur e 3 :  th e hidde n laye r  encode s th e curren t  networ k stat e an d 

th e contex t  (recurrent )  unit s maintai n a  cop y o f  th e previou s 

state .  Th e outpu t  laye r  encode s th e probabilit y  distributio n o f 

th e nex t  wor d fo r  th e curren t  inpu t  symbol .  Th e networ k a s a 

dynamica l  syste m i s describe d b y th e stat e functio n F  an d it s 

outpu t  i s give n b y th e functio n O : 

next-State = F {current-input.symbol, current Mate) 

V {next-word\current.word )  =  0{current-state ) 

space ,  th e networ k ca n us e simila r  stat e vector s fo r  eithe r  th e 

same o r  differen t  D F A state s an d stil l  encod e th e desire d out -

put . 

Sinc e ou r  goa l  i s t o extrac t  grammatica l  categorie s fro m 

th e network ,  w e wil l  loo k a t  way s o f  distinguishin g wor d in -

stances ,  base d o n th e m n states ,  rathe r  tha n tryin g directl y t o 

extrac t  D F A states .  Th e D F A ca n b e extracte d afterwards ,  du e 

t o th e assume d Szilar d property .  I f  w e conside r  eac h wor d oc -

currenc e t o b e represente d b y th e hidde n laye r  a s i n (Elman , 

1990) ,  w e migh t  los e th e informatio n encode d i n th e previou s 

state .  Th e exampl e i n figure  4  illustrate s h o w tw o differen t 

word s ca n ge t  simila r  representations ,  becaus e o f  th e con -

straint s impose d o n th e hidde n laye r  b y th e outpu t  function : 

{ h =  F{see,Ai) )  «  {h '  =  F{sees,Aj) )  becaus e C>(/i )  mus t 

equa l  0{h ' ) ,  s o "see "  an d "sees "  ca n b e clustere d together . 

'?9 Y 
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Figur e 3 :  E lma n recurren t  network . 

The mn state function F is similar with the transition func-

tio n o f  a  finite  automaton ,  an d s o i t  appear s t o b e convenien t 

t o dra w a  one-to-on e correspondenc e betwee n m n an d D F A 

states ,  thu s solvin g th e proble m o f  gramma r  induction .  U n -

fortunatel y thi s i s no t  immediatel y possible ,  th e mai n reaso n 

bein g tha t  th e networ k state s belon g t o a  continuou s space , 

whil e th e D F A state s ar e discrete .  O n e metho d use d s o fa r  fo r 

D F A inferenc e fro m mn{G\]e s e t  al .  1992 )  i s t o assum e tha t 

th e networ k state s whic h ar e clos e i n th e continuou s spac e 

for m cluster s tha t  represen t  th e automato n states .  Thi s pro -

cedur e i s immediatel y equivalen t  t o extractin g th e Szilard * 

D F A,  wher e th e termina l  classe s uniquel y identif y th e states . 

Bot h positiv e an d negativ e example s wer e use d i n th e men -

tione d work .  Kolen(1994 )  argue d tha t  th e networ k state s can -

not  b e mappe d directl y ont o th e D F A state s becaus e o f  a n in -

stabilit y  o f  th e dynami c syste m represente d b y th e recurren t 

network ,  tha t  make s th e D F A stat e encodin g i n th e hidde n 

laye r  shif t  i n time .  W e ca n addres s thi s proble m b y resettin g 

th e networ k befor e th e beginnin g o f  eac h sentence .  Anothe r 

proble m i s tha t  o f  loca l  minima :  du e t o it s hug e paramete r 

I h =  Ak I  h  =  h ' 

_£££_ 

IhliAl s 

I  Sttt S h i  I  I  see s I  I  stat e Ai 

Figur e 4 :  H o w "see "  an d "sees "  ca n ge t  th e sam e repre -

sentation .  Th e weight s ca n encod e a  functio n F  suc h tha t 

F{see,Ai )  «  F{sees,Aj ) 

This problem can be viewed as a miss-representation of 

th e D F A state s i n th e hidde n layer .  I t  turn s ou t  tha t  states ,  an d 

thu s wor d occurrences ,  ca n b e bette r  distinguishe d b y th e dif -

feren t  path s tha t  lea d t o them .  A  simpl e wa y o f  achievin g thi s 

i s b y considerin g th e concatenatio n o f  th e contex t  laye r  (pre -

viou s networ k state )  wit h th e hidde n laye r  (curren t  state )  a s 

th e representatio n o f  wor d instances .  Eve n so ,  th e problem s 

of  non-discret e an d eventuall y falsel y simila r  vector s o f  wor d 

occurrence s remain .  I t  follow s tha t  tw o othe r  processin g step s 

ar e needed : 

•  networ k stat e clustering ,  usin g th e Euclidia n distance ,  fo r 

detectin g th e potentiall y  simila r  wor d occurrenc e represen -

tation s 

•  mergin g th e wor d instance s considere d simila r  b y th e pre -

viou s step ,  bu t  onl y  i f  the y als o confor m t o a  criterio n othe r 

tha n thei r  vecto r  distanc e 

A distributiona l  criterion ,  albei t  weak ,  tha t  allow s discrim -

inatio n o f  wor d instances ,  i s th e probabilit y  distributio n o f  th e 

previou s an d nex t  wor d occurrences .  Whil e th e representa -

tion s o f  word s reflec t  loca l  informatio n (consecutiv e state s 

i n a  dynamica l  system) ,  th e probabilit y  distribution s carr y 

globa l  informatio n tha t  span s sentences . 

Th e overal l  processin g is : 
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1.  obtai n vecto r  representation s o f  wor d occurrences ,  usin g 

an Elman-typ e m n 

2.  hierarchicall y cluste r  th e wor d instances ,  usin g th e Euclid -

ia n distance ,  obtainin g a  binar y tre e 

3.  creat e initia l  classe s o f  word s fro m th e leave s o f  th e tre e 

belongin g t o th e sam e subtree ,  a t  a  certai n lo w leve l  i n th e 

tre e 

4.  "climb "  th e tre e onl y i f  th e tw o childre n o f  th e curren t  in -

terna l  nod e represen t  tw o classe s tha t  ca n b e merge d ac -

cordin g t o th e distributiona l  criterio n 

5.  extrac t  th e D F A fro m th e classe s o f  terminal s obtaine d a t 

th e previou s step ,  b y considerin g tha t  th e targe t  gramma r 

i s Szilar d 

4. Implementation 

4.1 .  T h e languag e 

We wrot e a  smal l  contex t  fre e gramma r  (CFG) ,  simila r  t o th e 

one use d i n (Elman ,  1992) .  Fro m thi s C F G w e obtaine d a 

regula r  gramma r  b y expandin g th e star t  symbo l  wit h al l  pos -

sibl e productions ,  u p t o a n arbitrar y dept h i n th e derivatio n 

trees .  Thi s regula r  gramma r  ca n generat e onl y a  subse t  o f  th e 

origina l  language .  Furthermore ,  th e regula r  gramma r  i s use d 

t o generat e sentence s n o longe r  tha n a  chose n length .  Th e 

targe t  o f  ou r  learnin g syste m i s thi s finite  regula r  language , 

whic h i s exhaustivel y presente d t o th e learner .  Th e fac t  tha t 

th e languag e i s finite  ha s n o influenc e o n th e learnin g algo -

rithm,  whic h neithe r  build s th e trivia l  D F A ,  no r  doe s i t  as -

sume tha t  i t  ha s see n th e entir e languag e o r  tha t  th e languag e 

i s finite. 

The initia l  gramma r  w e use d i s give n i n figure  5 .  Th e gram -

mar  encode s n o contex t  constraints ,  s o i t  ca n generat e sen -

tence s lik e "Joh n hear s John" ,  whic h ar e unlikel y fro m th e 

semanti c poin t  o f  view .  W e ar e no t  concerne d her e wit h th e 

semanti c conten t  o f  words ,  bu t  wan t  t o tes t  tha t  th e tw o oc -

currence s o f  John ,  whic h ar e syntacticall y diferrent ,  ar e con -

sidere d s o b y th e learnin g system . 

4.2. The recurrent network 

For  th e experiment s w e use d th e packag e "tlearn "  (Plunket t  & 

Elman ,  1997) .  W e use d on e inpu t  an d on e outpu t  unit ,  respec -

tively ,  fo r  eac h wor d i n th e language ,  a s i n (Elman ,  1990) .  A n 

extr a outpu t  uni t  encode d th e (End.of_Sentence )  marker .  Th e 

number  o f  hidde n unit s wa s equa l  t o th e numbe r  o f  state s i n 

th e targe t  D F A .  Th e networ k wa s traine d o n th e classificatio n 

problem :  predic t  th e nex t  wor d o r  (End_of-Sentence) .  W e 

use d th e cross-entrop y functio n a s th e erro r  function .  Th e 

cross-entrop y function ,  whe n applie d t o classificatio n tasks , 

was show n b y Rumelhar t  e t  al.(1993 )  t o mak e a  networ k lear n 

th e probabilit y  distributio n ove r  th e outpu t  vectors .  Th e net -

wor k stat e wa s rese t  befor e th e star t  o f  eac h sentence ,  i n or -

der  t o avoi d th e instabilit y  phenomeno n mentione d i n (Kolen , 

1994) .  I n ou r  experiment s thi s trainin g regim e gav e th e bes t 

result s i n term s o f  wor d clustering . 

For  smal l  language s w e inspecte d th e outpu t  unit s an d a s 

expected ,  the y encode d a  clos e approximatio n o f  th e proba -
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chase s OB J |  feed s OB J 
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chas e OB J |  fee d OB J 
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chas e OB J |  {see ,  hear }  OB J 
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Figur e 5 :  h s stand s fo r  human_singular ,  a s stand s fo r  ani -

mal_singular ,  h p stand s fo r  human4)lura l  an d a p stand s fo r 

animal-plura l 

F ^ 
|EE!EH | ^-EEIHH^^^^^^^^r ^ < 

|i8JI>ry_N« | 

E^iEK^^HEEEK^^^l^^^^^Hi^^ ] ^ 
H-J«»n,«w | 

F igur e 6 :  F r a g m e n t  o f  initia l  tre e 

bilit y  distributio n ove r  th e nex t  w o r d s .  F o r  large r  l a n g u a g e s , 

th e a p p r o x i m a t i o n b e c a m e les s accurate . 

4.3. The merging algorithm 

The algorith m relie s o n th e initia l  clusterin g o f  wor d in -

stances ,  base d o n thei r  vecto r  representation .  Thi s vecto r  wa s 

obtaine d b y concatenatin g th e contex t  an d hidde n layer s i n 

th e network .  W e use d a  simpl e hierarchica l  clusterin g algo -

rithm  tha t  yield s a  binar y tree .  Th e wor d instance s tha t  hav e 

almos t  identica l  vector s ar e place d b y th e algorithm ,  i n sub -

tree s a t  lo w level s i n th e tree ,  a s illustrate d i n figure  6 .  Thes e 

subtree s for m th e initia l  classe s o f  wor d instances . 

Afte r  th e initializatio n stag e th e tre e ca n b e viewe d a s i n 

figure  7 .  Th e mergin g algorith m proceed s the n b y tryin g t o 

merg e classe s o f  word s associate d wit h siblin g node s i n th e 

Ther e ar e 4  instance s o f  "Mary "  wit h 

identica l  vectors .  Al l  wer e place d i n 

a subtre e a t  th e thir d leve l  fro m th e 

fring e an d no w for m on e class .  Th e 

same hold s fo r  "John" . 

Figure  7: Fragment of the tree after the initialization step. 

cls_29 3 — 
H Mary|4)_lv n 

u John(4)_lvl 3 

353 



tree .  Fo r  th e exampl e i n figur e 7 ,  th e tw o classe s "John "  an d 

" M a r y "  ar e proposed .  T h e criterio n fo r  mergin g i s th e simi -

larit y o f  thei r  probabilit y  distribution s ove r  th e nex t  an d pre -

viou s wor d classes .  Tha t  is ,  "John "  an d " M a r y "  ar e merge d 

int o on e clas s i f  the y ten d t o b e precede d an d followe d b y th e 

s a me wor d classes .  W e us e th e G  statistic ,  (Cohen ,  1995 )  t o 

tes t  i f  ther e i s a  statisticall y significan t  differenc e betwee n th e 

t w o probabilit y  distributions . 

T h e G  statisti c ha s a  x ^  distributio n whos e formul a is : 

G _ t y ^ ^  f  fobaerve d 
— ^  /  ̂  Jobserve d , 

, ,  , ,  Jexpecte d 
al l  cell s ^ 

The mergin g proces s continue s unti l  n o mor e merge s ar e 
possible . 

4.4. The DFA extraction algorithm 

We d o no t  kno w exactl y wha t  informatio n i s encode d i n th e 

wor d representation s obtaine d b y th e m n .  W e ca n onl y as -

sume tha t  thes e wor d instance s uniquel y identif y eithe r  tran -

sition s o r  state s i n th e targe t  D F A .  Bot h D F A extractio n al -

gorithms ,  a s presente d i n sectio n 2 ,  ca n b e applie d afte r  th e 

wor d classe s tha t  defin e th e gramma r  terminal s ar e forme d 

durin g th e previou s stage .  I t  ca n b e immediatel y observe d 

tha t  i f  ther e i s a  one-to-on e correspondenc e betwee n th e ob -

taine d m n state s an d th e state s o f  th e origina l  D F A ,  the n bot h 

extractio n algorith m wil l  recove r  th e targe t  automaton . 

The contex t  fre e gramma r  i n figur e 5  wa s expande d a t 

depth s 1 ,  2  an d 3  i n orde r  t o obtai n regula r  grammar s tha t 

approximat e th e origina l  grammar .  Thes e regula r  grammars , 

named "elm_rr"an d "elmj-2" ,  wer e the n use d t o generat e 

sentence s o f  u p t o 3 ,  4 ,  5  an d 6  words .  Th e resultin g lan -

guage s ar e "elm_r l  -d3" ,  "elm_r l  .d4 "  fo r  sentence s o f  3  an d 4 

words ,  fro m th e regula r  gramma r  "elm-rl" ,  an d "elm_r2_d5 " 

and "elm_r3_d6" ,  respectively . 

Bot h Szilar d an d Szilard *  regula r  grammar s wer e induce d 

fo r  al l  languages .  Th e result s ar e show n i n tabl e 1 . 

Th e origina l  an d th e induce d automat a fo r  th e languag e 

"elm_rl-d4 "  ca n b e see n i n figur e 8 . 

I n al l  th e induce d automata ,  ther e coul d b e observe d 

classe s forme d fro m th e sam e words .  Fo r  exampl e "see s hear s 

walk s lives "  appea r  o n differen t  transition s i n figur e 8 .  Fro m 

figur e 8.b .  i t  follow s tha t  ther e ar e thre e suc h classes ,  associ -

ate d wit h th e state s "q2" ,  "q9 "  an d "qll" .  Thes e classe s ar e 

forme d fro m non-overlappin g set s o f  occurrence s o f  th e fou r 

word s whic h wer e no t  merged ,  an d s o ar e considere d distinc t 

classes .  The y wer e no t  merge d becaus e thei r  vecto r  represen -

tations ,  a s extracte d fro m th e network ,  ar e no t  similar . 

For  th e slightl y large r  languages ,  "elm_r2_d5 "  an d 

"elm_r3_d6" ,  th e induce d grammar s n o longe r  recogniz e ex -

actl y th e targe t  languages ,  bu t  superset s o f  them .  A  sampl e o f 

correc t  an d incorrec t  sentence s ca n b e see n i n tabl e 2 .  Fro m 

th e sentence s liste d ther e i t  ca n b e notice d tha t  som e distinc -

tion s whic h wer e encode d i n th e origina l  gramma r  ar e no t 

learned .  Suc h i s th e distinctio n betwee n verb s tha t  requir e a 

direc t  objec t  an d verb s fo r  whic h i t  i s  optional .  Thi s typ e o f 

erro r  yield s incorrec t  sentences ,  lik e "th e boy s feed" .  Anothe r 

languag e 
name 

elm_rl-d 3 

4 0 sent . 

elm_rl_d 4 

56 sent . 

elmj-2.d 5 

51 2 sent . 

elmj-3-d 6 

118 4 sent . 

Origina l 

DFA 
6 state s 

8 state s 

2 2 state s 

31 state s 

Szilard ' 
DFA 

16 state s 

finit e lang . 
4 U corr.sent . 

0 err .  sen t 

2 0 state s 

finit e lang . 
5 b corr.sent . 

0 err.sen t 

4 7 state s 

finit e lang . 
M 2  corr.sent . 

4 3 err.sen t 

8 0 state s 

infinit e lang . 
'  118 4 corr.sent . 

113 3 err.sen t 

Szilar d 
DFA 

8 state s 

finite  lang . 
4 U corr.sent . 

0 err.sen t 

12 state s 

finite  lang . 
5 6 corr.sent . 

0 err.sen t 

31 state s 

finite  lang . 
51 2 corr.sent . 
25 8 err.sen t 

6 3 state s 

infinit e lang . 
•  118 4 corr.sent . 

4 3 4 0 err.sen t 

Tabl e 1 :  T h e origina l  an d induce d automat a fo r  th e fou r  in -

creasingl y comple x sub-language s o f  th e g r a m m a r  i n figure 

5.  •  T h e sentence s wer e obtaine d b y imposin g a  Umi t  o f  7 

word s o n th e sentenc e length . 

•mtmh h 

Figur e 8 :  a .  Origina l  D F A fo r  th e languag e elmj-I.d4 .  b . 

Induce d Szilard'DF A .  c .  Induce d Szilar d D F A . 

misse d distinctio n i s betwee n verb s tha t  requir e a  h u m a n sub -

jec t  an d thos e fo r  whic h i t  i s  optional :  th e s a m e "feed" ,  bu t 

i n "th e cat s fee d Mary" .  S o m e othe r  sentence s ar e grammat -
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icall y  correc t  generalizations ,  tha t  ar e longe r  tha n th e num -

ber  o f  word s allowe d b y thei r  origina l  grammars .  Suc h i s 

"th e boy s wh o se e hea r  John "  i n tabl e 2 ,  whic h i s generate d 

by th e "elm_r2.d5 "  Szilar d DFA .  Althoug h thi s sentenc e i s 

not  presen t  i n th e origina l  language ,  i t  actuall y appear s i n th e 

large r  language ,  "elm_r3-d6" . 

elm-r2-d 5 

correc t  sentence s 

"th e boy s fee d th e cats. " 

"Joh n an d Mar y see. " 

"th e dog s chas e Mary. " 

"th e dog s wh o se e live. " 

incorrec t  sentence s 

Szilard * 

"th e boy s feed. " 

"Joh n an d Mar y wal k Mary. " 

"th e dog s chase. " 

"th e cat s fee d Mary. " 

Szilar d 
"th e boy s w h o se e 

hear  John. " 

"th e gir l  walk s th e dog. " 

"th e do g live s th e boy. " 

elm_r3_d 6 

correc t  sentence s 

"th e gir l  feed s 

Joh n an d John. " 
"th e gir l  w h o walk s 

feed s John. " 

"th e cat s wh o wal k 
chas e John. " 

"th e boy s wh o se e 

hear  John. " 
"th e bo y wh o Joh n 

feed s lives. " 
"Mar y an d Joh n se e 

th e girls. " 

incorrec t  sentence s 

Szilard * 

"Mar y an d Joh n feed. " 
"th e gir l  chase s 

th e gir l  feed s John. " 
"th e gir l  w h o walk s 

walk s Mary. " 
"th e girl s w h o liv e 

fee d th e dogs. " 

Szilar d 

"Joh n an d Joh n chas e 
Joh n an d Mary. " 

"Joh n an d Mar y liv e 

th e girl. " 
"th e bo y chase s th e bo y 

hear s Mary. " 

Tabl e 2 :  Sample s o f  correc t  an d incorrec t  sentence s fo r  lan -

guage s elm-r2_d 5 an d elm_r3-d6 . 

6.  Conc lus ion s 

We showe d tha t  goo d approximation s o f  regula r  grammar s 

can b e learne d fro m positiv e example s b y considerin g eac h 

wor d occurrenc e uniqu e an d the n mergin g thes e occurrence s 

int o classe s o f  gramma r  terminals .  Whil e th e result s fo r  th e 

language s presente d wer e quit e good ,  w e expec t  th e learn -

in g syste m t o perfor m les s wel l  fo r  mor e comple x grammars . 

Ther e ar e a t  leas t  tw o reason s fo r  thi s t o happen .  Th e first  on e 

i s du e t o th e behaviou r  o f  th e recurren t  networ k whic h du e t o 

it s hug e paramete r  spac e ca n almos t  alway s fin d a  functio n 

tha t  predict s th e probabilit y  distributio n ove r  th e nex t  words , 

but  th e hidde n unit s d o no t  encod e th e D F A states .  Th e sec -

ond reaso n i s tha t  th e distributiona l  criterio n i s weak :  th e 

previou s an d nex t  wor d probabilit y  distribution s d o no t  en -

cod e enoug h informatio n t o distinguis h words .  Fo r  example , 

becaus e o f  sentence s lik e "Mar y sees "  an d "Joh n an d Mar y 

see" ,  th e instance s o f  "see "  an d "sees "  ca n b e merged ,  i f  suc h 

a merg e i s propose d b y th e m n . 

H u m an languag e learner s hav e acces s t o a  vita l  sourc e o f 

informatio n tha t  i s  unavailabl e t o ou r  algorithms ,  th e contex t 

i n whic h a  sentenc e i s uttered .  W e hypothesiz e tha t  b y addin g 

additiona l  informatio n abou t  th e states ,  i n term s o f  seman -

ti c conten t  o f  th e curren t  word ,  th e networ k searc h spac e ca n 

be reduce d suc h tha t  th e networ k i s mor e likel y t o find  th e 

desire d function .  Furthermore ,  i f  th e wor d instance s ar e dis -

tinguishe d b y additiona l  information ,  w e hav e bette r  ground s 

t o trea t  th e origina l  languag e a s Szilard .  I t  i s  appealin g t o 

conside r  tha t  thi s i s actuall y th e cas e wit h natura l  languages , 

wher e i t  i s  th e contex t  tha t  make s th e distinctio n betwee n 

wor d occurrences . 
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