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Abstrac t 

A simple recurrent neural network (SRN) intro-

duce d b y Elma n [l990 ]  ca n b e traine d t o infe r 
a reeula r  gramma r  fro m th e positiv e example s o f 
symBol  sequence s generate d b y th e granmiar .  Th e 
networ k i s trained ,  throug h th e back-propagatio n 
of  error ,  t o predic t  th e nex t  symbo l  i n eac h se -
quence ,  a s th e symbol s ar e presente d successivel y 
as input s t o th e network .  Th e mode s o f  predictio n 
failur e o f  th e S R N uchitectur e ar e investigated . 
The SRN' s interna l  encodin g o f  th e contex t  (th e 
previou s symbol s o f  th e sequence )  i s foun d t o b e 
msufficientl y develope d whe n a  particula r  aspec t 
of  contex t  i s  no t  require d fo r  th e immediat e pre -
dictio n a t  som e poin t  i n th e inpu t  sequence ,  bu t  i s 
require d later .  I t  i s show n tha t  thi s mod e o f  fail -
ur e ca n b e avoide d b y usin g th e auto-associativ e 
recurren t  networ k (AARN) .  Th e A A R N architec -
tur e contain s additiona l  outpu t  units ,  whic h ar e 
traine d t o sho w th e curren t  inpu t  an d th e curren t 
context . 

The effec t  o f  th e siz e o f  th e trainin g se t  fo r 
frammatica l  inferenc e i s als o considered .  Th e 

RN ha s bee n show n t o b e effectiv e whe n traine d 
on a n infinit e (ver y large )  se t  o f  positiv e exam -
ple s [Servan-Schreibe r  e i  ai ,  1991] .  Whe n a  finit e 
(small )  se t  o f  positiv e trainin g dat a i s used ,  th e 
S RN architecture s demonstrat e a  lac k o f  general -
izatio n capability .  Thi s proble m i s solve d throug h 
a ne w trainin g algorith m tha t  use s bot h positiv e 
and negativ e example s o f  th e sequences .  Simu -
latio n result s sho w tha t  whe n ther e i s restrictio n 
on th e numbe r  o f  node s i n th e hidde n layers ,  th e 
A A RN succeed s i n th e case s wher e th e S R N fails . 

Introduction 

The proble m o f  inferrin g a  regula r  gramma r  fro m 
example s ha s ofte n bee n studied .  A n overvie w o f 
traditiona l  algorithm s ca n b e foun d i n [Anglui n 
and Smith ,  1983] .  Followin g th e developmen t  o f 
th e back-propagatio n algorith m [Rumelhar t  an d 
McClelland ,  1986] ,  variou s recurren t  neura d archi -
tecture s usin g back-propagatio n hav e bee n show n 

t o hav e som e capabilit y  fo r  granunatica l  inferenc e 
when traine d fro m example s [Servan-Schreibe r  e t 
a/. ,  1991 ,  Pollack ,  1991 ,  Gile s e t  a/. ,  1990] . 

The ide a o f  trainin g recurren t  neura l  network s 
wit h back-propagatio n wa s firs t  introduce d b y Jor -
dan [1986] .  I n th e recurren t  neura l  network ,  th e 
symbol s o f  a  sequenc e ar e presente d sequentiall y 
as networ k inputs .  Also ,  th e outpu t  o f  a  hishe r 
leve l  laye r  durin g on e tim e interva l  i s fe d bac k a s 
an inpu t  t o a  lowe r  leve l  laye r  a t  th e nex t  interval . 

T wo trainin g scheme s ar e associate d wit h tw o 
differen t  puadigm s fo r  grammatica l  inference .  I n 
th e classificatio n paradigm ,  i t  i s  assume d tha t 
th e desire d outpu t  i s no t  know n unti l  th e en d o f 
th e sequence .  Trainin g thi s cas e require s back -
propagatio n o f  erro r  i n tim e [Rumelhar t  an d Mc -
Clelland ,  1986] .  I t  i s  har d t o trai n a  recurren t 
neura l  networ k usin g thi s paradig m sinc e th e net -
wor k make s man y decision s befor e i t  i s influence d 
by th e result s  o f  thos e decisions .  Th e classificatio n 
paradig m ha s bee n studie d b y Gile s e t  a i  [l990 ] 
and Pollac k [l99l] . 

The othe r  paradig m i s th e predictiv e paradigm . 
I n thi s case ,  i t  i s  assume d tha t  th e desire d out -
put  a t  eac h tim e interva l  i s  known .  T o us e thi s 
paradig m i n th e proble m o f  grammatica l  infer -
ence ,  th e networ k i s traine d t o predic t  th e nex t 
inpu t  i n an y sequence .  A n on-lin e trainin g algo -
rith m ca n b e use d t o back-propagat e erro r  a t  th e 
end o f  eac h interval .  Th e simpl e recurren t  net -
wor k (SRN )  introduce d b y Elma n [1990 ]  ha s bee n 
shown t o behav e a s a  finit e stat e automat a (FSA ) 

when traine d i n th e predictiv e paradig m [Servan -
Schreibe r  e t  ai ,  1991J . 

The curren t  wor k i s base d o n th e th e predic -
tiv e paradigm .  I t  i s  show n tha t  whe n th e SR N 
predict s incorrectl y i t  i s  becaus e i t  ha s faile d t o 
encod e th e aspect s o f  th e contex t  (th e previou s 
symbol s o f  th e sequence )  tha t  ar e necessar y t o 
)redic t  th e nex t  input .  W e sho w tha t  thi s prob -
e m ca n b e solve d b y modifyin g th e S R N t o in -

clud e feature s o f  a n auto-associativ e network .  Th e 
resul t  i s  th e auto-associativ e recurren t  networ k 
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Next  Inpu t  I(t+1 ) 

Hidde n Unit s H(t ) 

Inpu t  Unit s I(t ) Contex t  Unit s H(t-l ) 

Figur e 1 :  S i m p l e Recurren t  N e t w o r k 

( A A R N ) .  W h e n traine d t o predic t  th e nex t  in -
put ,  th e A A R N generall y perform s bette r  tha n th e 
SRN. 

However ,  whe n onl y a  finite  se t  o f  positiv e ex -
ample s ar e use d fo r  training ,  al l  network s o f  th e 
S RN typ e exhibi t  a  limite d abilit y  t o generalize . 
Thei r  generalizatio n capabilit y  i s  improve d whe n 
a finite  se t  o f  positiv e an d negativ e example s ar e 
used fo r  training . 

The Simple Recurrent Network 

A diagra m o f  th e simpl e recurren t  networ k (SRN ) 
introduce d b y Elma n [l990 ]  i s show n i n Figur e 1 . 
I n thi s model ,  th e stat e o f  th e hidde n unit s i s 
copie d int o th e contex t  uni t  a t  th e en d o f  eac h 
interva l  i n th e tempora l  sequence .  A t  tim e t  th e 
contex t  uni t  hold s th e stat e o f  th e hidde n unit s a t 
t  -  1 .  An d a t  t ,  th e networ k i s traine d t o predic t 
th e inpu t  at t  +  1 .  I n orde r  t o produc e a n outpu t 
correspondin g t o th e nex t  symbo l  o f  an y sequence , 
th e S R N create s a n interna l  representation ,  o r  en -
coding ,  o f  th e previou s symbol s o f  th e sequence . 
The symbol s precedin g an y inpu t  symbo l  wil l  b e 
calle d th e contex t  fo r  tha t  input . 

The inpu t  an d outpu t  layer s us e a  loca l  rep -
resentatio n fo r  th e symbol s o f  th e sequence :  eac h 
symbol  i s represente d b y a  singl e node .  Th e back -
propagatio n algorith m [Rumelhar t  an d McClel -
land ,  1986 ]  i s use d t o trai n th e networ k fro m th e 
positiv e example s o f  th e sequences .  Fo r  a  partic -
ula r  context ,  a  positiv e erro r  i s back-propagate d 
fo r  th e nex t  symbol ,  an d a  negativ e erro r  i s back -
propagate d fo r  al l  th e othe r  symbols .  Afte r  com -
pletio n o f  training ,  whe n a  symbo l  sequenc e i s pre -
sente d a t  th e input ,  th e th e networ k generate s out -
put  nod e value s tha t  represen t  likelihood s fo r  th e 
nex t  inpu t  symbol . 

I f  a  particula r  contex t  i s  alway s followe d h y 
one particula r  symbol ,  the n i n tha t  contex t  a  posi -
tiv e erro r  i s back-propagate d onl y fo r  tha t  symbol , 
and a  negativ e erro r  fo r  al l  othe r  symbols .  I n a n 
idea l  cas e th e networ k shoul d lear n t o generat e a 
hig h likelihoo d (1.0 )  fo r  tha t  symbo l  an d lo w like -
lihoo d (0.0 )  fo r  al l  othe r  symbols .  W h e n differen t 
instance s o f  a  particula r  contex t  ar e followe d b y 
differen t  symbols ,  the n durin g trainin g th e succes -

sor  symbol s wil l  sometime s back-propagat e a  posi -
tiv e erro r  an d a t  othe r  time s a  negativ e error .  T h e 
number  o f  time s eac h erro r  i s back-propagate d wil l 
depen d o n th e frequenc y o f  th e symDo L There -
for e th e valu e o f  likelihoo d show n b y a  symbo l  i n 
a contex t  wil l  depen d o n th e frequenc y o f  occur -
renc e o f  th e symbo l  i n tha t  particula r  context .  I f 
i n th e trainin g dat a p  differen t  symbol s follo w a 
particula r  contex t  wit h equa l  frequency ,  the n af -
te r  trainin g eac h o f  thos e p  symbo l  shoul d ideall y 
generat e a  likelihoo d o f  1/p . 

Th e networ k i s sai d t o accep t  a  sequenc e i f  eac h 
symbol  i n th e sequenc e i s predicted ;  an d a  sym -
bol  i s sai d t o b e predicte d i f  it s associate d outpu t 
uni t  show s a  valu e o f  greate r  tha n th e positiv e 
threshol d r  o n th e precedin g symbol .  Th e valu e 
of  r  depend s o n th e numbe r  o f  differen t  symbol s 
whic h ca n follo w a  context .  I f  a t  mos t  tw o sym -
bol s ca n follo w a  contex t  the n ideall y a  threshol d 
of  0. 5 shoul d b e used .  Sinc e th e m o m e n t u m i s 
use d i n training ,  i n cas e o f  tw o successo r  symbol s 
a nomina l  valu e o f  0. 3 i s use d fo r  th e threshol d 
r  [Servan-Schreibe r  e i  ai ,  1991] .  Th e sequenc e 
i s sai d t o b e rejecte d i f  th e networ k i s unaol e t o 
predic t  an y symbol . 

Th e proces s o f  encodin g contex t  i n th e hidde n 
laye r  ca n b e conceptualize d i n th e followin g way . 
Earl y i n training ,  eac h symbo l  form s it s ow n dis -
tinc t  cod e i n th e hidde n layer .  Sinc e th e outpu t  o f 
th e hidde n laye r  a t  t— 1 i s use d a s th e contex t  inpu t 
at  t ,  th e encode d contex t  graduall y begin s t o sho w 
a representatio n o f  th e previou s symbol .  The n th e 
hidde n laye r  ca n begi n t o encod e combination s o f 
th e previou s an d curren t  symbols .  Wi t h thi s com -
binatio n a s th e context ,  th e hidde n laye r  begin s 
t o encod e th e relevan t  aspect s o f  thre e consecu -
tiv e symbols .  Eventually ,  i t  encode s th e relevan t 
aspect s o f  th e entir e sequence . 

The Auto-Associative Recurrent 

N e t w o r k 

Sometime s th e S R N i s unabl e t o encod e th e con -
tex t  require d t o predic t  th e nex t  input .  Durin g 
training ,  a t  tim e t  th e networ k encode s i n th e hid -
den laye r  th e informatio n necessar y t o predic t  th e 
nex t  input .  Th e contex t  a t  t  i s  th e outpu t  o f  hid -
den laye r  a t  *  -  1 .  I f  a  particula r  aspec t  o f  an y 
contex t  i s  no t  encode d a t  t ,  i t  wil l  no t  b e propa -
gate d t o time s greate r  tha n t .  Th e networ k fail s  t o 
predic t  properl y i f  a t  tim e t  a  particula r  aspec t  o f 
th e contex t  i s no t  encode d (sinc e i t  i s no t  relevan t 
t o predic t  th e inpu t  a t  t  -I-1) ,  bu t  tha t  aspec t  o f 
contex t  i s  require d fo r  predictio n a t  a  late r  time . 

A n auto-associativ e networ k i s on e i n whic h 
th e outpu t  i s traine d t o b e th e sam e a a ̂ o r  simil w 
to )  th e input .  Addin g th e auto-associativ e fea -
tur e t o th e S R N result s i n auto-associativ e recur -
ren t  networ k f  A A R N ) .  T h e A A R N succeed s i n th e 
case s wher e tn e S R N fails .  T h e A A R N ha s out -
pu t  unit s tha t  sho w th e curren t  contex t  an d th e 
curren t  input ,  a s wel l  a s th e predicte d nex t  input . 
A diagra m o f  th e A A R N i s show n i n Figur e 2 . 
At  th e beginnin g o f  interva l  t ,  th e previou s acti -
vatio n patter n i n th e hidde n unit s (th e encode d 
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context )  i s  copie d int o th e contex t  unit .  Th e net -
wor k i s traine d throug h back-propagatio n t o sho w 
th e curren t  inpu t  an d th e curren t  contex t  tha t  i s 
activ e i n th e contex t  unit ,  a s wel l  a s t o predic t  th e 
nex t  input . 

The ide a o f  auto-associatio n i n recurren t  net -
work s wa s initiall y  use d b y Pollac k [l990] ,  i n a 
model  calle d th e recursiv e auto-aasociativ e mem-
or y ( R A A M ) .  Gharaman i  an d Alle n [l99l ]  showe d 
tha t  th e A A R N perform s bette r  tha n th e S R N fo r 
th e X O R problem .  Th e A A R N wil l  encod e as -
pect s o f  th e contex t  tha t  ar e no t  require d t o pre -
dic t  th e nex t  symbol ,  bu t  ar e require d a t  a  late r 
time .  Th e encodin g o f  th e contex t  i s mor e efficien t 
i n th e A A R N becaus e th e hidde n laye r  i s force d 
t o represen t  simultaneousl y th e pas t  (th e curren t 
context )  an d th e presen t  (th e curren t  mput) . 

The formatio n o f  interna l  cod e i n th e A A R N 
begin s sam e a s i n th e SRN.  Eac h symbo l  initiall y 
becomes associate d wit h a  singl e interna l  represen -
tation .  Bu t  i n th e SRN,  tw o symbol s tha t  resul t 
i n a  commo n predictio n coul d for m simila r  inter -
nal  representations .  An d th e A A R N architectur e 
guarantee s tha t  eac h symbo l  wil l  hav e a  uniqu e 
representation ,  sinc e th e hidde n laye r  mus t  lear n 
t o represen t  th e curren t  symbol .  I n th e SRN,  onl y 
th e contex t  necessar y t o predic t  th e nex t  inpu t  i s 
graduall y encoded .  Bu t  sinc e th e A A R N force s 
th e hidde n laye r  t o sho w th e previou s context ,  th e 
entir e sequenc e i s alway s graduall y encoded . 

We hav e simulate d th e trainin g o f  th e S R N 
fro m example s i n whic h tw o differen t  context s 
must  hav e differen t  hidde n laye r  activations ,  an d 
yet  mus t  mak e th e sam e prediction .  I n term s o f  fi -
nit e stat e automat a (FSA) ,  thi s  i s th e sam e a s th e 
requiremen t  tha t  th e minima l  FS A ha s tw o differ -
ent  state s tha t  hav e sam e se t  o f  successo r  symbols . 
Let  u  b e th e numbe r  o f  state s i n th e minima l  FS A 
fro m whic h th e trainin g sequence s wer e generated . 
(We wil l  cal l  th e FS A use d t o generat e th e trainin g 
set  th e 'desired '  FSA. )  Fo r  man y example s o f  FSA , 
th e S R N wit h 0 (  |log 2 w] )  unit s  i n th e hidde n laye r 
was unabl e t o correctl y encod e th e desire d FSA . 
An A A R N wit h 0(floe j  u] )  unit s succeede d i n th e 
case s wher e th e S R N failed . 

Trainin g wit h a n Infinit e D a t a Se t 

We hav e performe d a  numbe r  o f  experiment s 
wher e th e S R N fail s  bu t  th e A A R N succeeds .  Her e 
we discus s th e result s o f  tw o suc h experiments . 
For  thes e experiment s th e trainin g sequence s wer e 
generate d randoml y fro m th e desire d FSA .  I f  th e 
desire d FS A ha s n  edge s leadin g ou t  o f  a  state , 
the n eac h eds e wa s assigne d a  probabilit y 1/ n o f 
bein g selected . 

I n bot h experiments ,  th e common weijjht s o f 
bot h S R N an d A A R N wer e initialize d wit h th e 
same rando m value s fo r  eac h trial .  Durin g train -
ing ,  th e sam e rando m sequence s wer e generate d 
fo r  bot h th e cases .  A  trainin g tria l  consiste d o f 
60,00 0 randoml y generate d sequences .  W e per -
forme d 1 5 differen t  trainin g run s an d result s wer e 
evaluate d a t  th e en d o f  eac h run .  Afte r  completio n 
of  th e trainin g th e performanc e o f  th e networ k wa s 
evaluate d wit n threshol d r  =  0. 3 (sinc e eac h stat e 
of  th e FS A ha s a t  th e mos t  tw o possibl e succes -
sors) . 

The performanc e o f  th e networ k wa s evaluate d 
by tw o type s o f  randoml y generate d sequences . 
The firs t  typ e ar e thos e sequence s tha t  wer e ran -
doml y generate d fro m th e FSA .  Thes e ar e positiv e 
example s o f  th e languag e o f  th e FSA .  W e wil l  cal l 
thes e rando m positiv e sequences .  Th e secon d typ e 
ar e rando m sequence s o f  vali d symbols .  Eac h wa s 
starte d wit h th e symbo l  S ,  an d the n vali d symbol s 
othe r  tha n S  wer e picke d randoml y unti l  th e sym -
bol  E  wa s encountered .  Th e specia l  symbol s 5 
and E  ar e use d t o indicat e th e beginnin g an d th e 
end o f  eac h sequence .  W e wil l  cal l  thes e rando m 
sequences .  Mos t  o f  th e rando m sequence s ar e th e 
negativ e example s o f  th e languag e o f  th e desire d 
FSA. 

For  th e experiment s discusse d next ,  th e perfor -
mance wa a evaluate d o n 60,00 0 sequences :  10,00 0 
ar e rando m positiv e sequence s an d 50,00 0 ar e ran -
do m sequences .  Th e networ k wa s declare d a  fail -
ur e i f  i t  wa s unabl e t o correctl y classif y eve n on e 
of  th e 60,00 0 tes t  sequences . 

The firs t  experimen t  consiste d o f  trainin g th e 
network s t o recogniz e th e sequence s generate d b y 
th e FS A show n i n Figur e 3 .  I n thi s FSA ,  stat e 7 
i s th e fina l  state .  Fo r  eac h o f  th e 1 5 run s th e SR N 

Curren t  Inpu t  I(t ) Next  Inpu t  I(t+1 ) Curren t  Contex t  H(t-l ) 

Hidde n Unit s H(t ) 

Inpu t  Unit s I(t ) Contex t  Unit s H(t-l ) 

F igu r e 2 :  Au to -Assoc ia t i v e Recu r ren t  N e t w o r k 
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Figur e 3 :  Th e FS A fo r  Experimen t  1 

wit h thre e unit s i n th e hidde n laye r  wa s neve r  abl e 
t o correctl y classif y th e entir e tes t  set .  B y exam -
inin g th e hidde n laye r  encodings ,  w e foun d tha t 
at  th e en d o f  th e eac h trainin g ru n th e S R N ha d 
generate d simila r  encoding s fo r  th e context s S X 
and SY . 

The A A R N wit h thre e unit s i n th e hidde n laye r 
was abl e t o correctl y encod e th e desire d FS A i n 9 
out  o f  1 5 runs .  Afte r  investigating ,  i t  wet s foun d 
tha t  i n eac h o f  th e si x failure ,  th e contex t  S X an d 
SY ha d differen t  encoding ,  th e reaso n o f  failur e 
seems t o b e lac k o f  generalization . 

The secon d experimen t  consiste d o f  trainin g 
th e network s t o recogniz e th e sequence s gener -
ate d b y th e FS A show n i n Figur e 4 .  I n thi s FSA , 
stat e 1 0 i s th e fina l  state .  A n S R N wit h fou r  unit s 
i n th e hidde n laye r  wa s traine d i n o n th e languag e 
of  th e FS A i n 1 5 trainin g runs .  A t  th e en d o f  eac h 
trainin g run ,  th e SR N correctl y predicte d th e nex t 
symbol s o f  al l  th e rando m positiv e sequences ,  bu t 
faile d fo r  fe w o f  th e rando m negativ e sequences . 
By examinin g th e hidde n laye r  cod e o f  th e SR N 
i t  wa s foun d tha t  th e networ k ha d simila r  hidde n 
laye r  representation s fo r  th e context s S P X P an d 

SPPXP. 
The failure s occurre d becaus e th e numbe r  o f 

P' s precedin g X  i s no t  require d t o predic t  th e 
next  symbol .  Thi s aspec t  o f  th e contex t  wa s there -
for e no t  encoded .  Afte r  th e contex t  S P X P an d 
S P P X P,  th e S R N predicte d a  valu e abov e th e 
threshol d r  fo r  th e symbol s X  an d P .  I n othe r 
words ,  th e SR N learne d t o recogniz e th e sequence s 
of  th e regula r  expressio n {{P\PP)X)'^ ,  instea d o f 

th e expressio n i(PX)+\{PPX)+) . 
The A A R N wit h fou r  unit s i n th e hidde n laye r 

was abl e t o correctl y encod e th e desire d FS A i n 
10 ou t  o f  1 5 runs .  Agai n th e reaso n o f  failure s i n 
fiv e run s seem s t o b e lac k o f  generalization . 

I n th e relate d se t  o f  experiment s w e hav e ru n 
some simulation s t o sho w th e necessit y o f  forcin g 
S RN t o sho w bot h th e curren t  inpu t  an d th e cur -
ren t  context .  Th e S R N whic h wa s onl y force d t o 
sho w th e curren t  inpu t  succee d fo r  th e FS A use d 
shown i n Figur e 3 ,  wher e th e S R N alway s failed . 
The SR N an d th e S R N wit h curren t  inpu t  faile d 
fo r  th e FS A show n i n Figur e 4 ,  bu t  th e S R N wit h 
curren t  contex t  succeede d i n thi s case .  Whe n a 
FSA tha t  combine s th e FSA' s show n i n Figure s 3 
and 4  wa s used ,  th e SRN,  th e S R N wit h oiil y  cur -
ren t  input ,  an d th e S R N wit h onl y curren t  con -
tex t  wer e unabl e t o encod e tha t  FSA .  However , 
th e A A R N wa s abl e t o succee d i n tha t  case .  Mor e 
detai l  o f  th e experimen t  ca n b e foun d i n [Maskar a 
and Noetzel ,  1992] . 

Training with a Finite Data Set 

I n th e proble m o f  grammatica l  inference ,  w e can -
not  assum e tha t  th e FS A i s give n t o u s an d th e 
sequence s ar e generate d randoml v fro m th e FSA . 
Rather ,  a  smeu l  se t  o f  tradnin g dat a i s provided , 
and th e proble m i s t o fin d th e rule s (FSA )  whic h 
wil l  accep t  th e entir e clas s o f  languag e implie d b y 
th e trainin g data .  Dependin g o n th e applicatio n 
and th e inferrin g algorith m th e trainin g coul d b e 
carrie d ou t  b v a  finit e se t  o f  positiv e examples ,  o r 
a finit e se t  o f  positiv e an d negativ e examples . 

I n th e nex t  sectio n w e wil l  sho w tha t  whe n a 
finit e se t  o f  positiv e dat a i s use d fo r  training ,  th e 
S RN encounter s som e additiona l  problems .  How -
ever ,  w e sho w tha t  thes e problem s ca n b e solve d 
by usin g positiv e an d negativ e trainin g examples . 

Using Only Positive Examples 

Afte r  training ,  th e S R N learn s t o predic t  th e like -
lihoo d o f  th e nex t  symbo l  fo r  eac h context .  I f  th e 
trainin g sequenc e i s randoml y generate d fro m th e 
desire d FSA ,  an d eac h successiv e symbo l  i s  picke d 
up wit h equa l  probability ,  the n th e S R N learn s t o 
generat e equa l  likelihoo d value s fo r  eac h possibl e 
nex t  symbol . 

I f  a  finit e se t  o f  positiv e dat a i s use d fo r  train -

® 

Figur e 4 :  Th e F S A fo r  Experimen t  2 
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ing ,  the n th e valu e o f  th e svmbo l  predicte d b y 
th e S E N wil l  depen d o n th e frequenc y o f  th e oc -
currenc e o f  th e symbo l  i n th e particula r  contex t 
wit h i n th e trainin g set .  Fo r  example ,  suppos e i n 
a dat a se t  wit h five  sequences ,  th e contex t  S X i s 
followe d b y E  i n on e sequence ,  an d b y P  i n th e 
rest .  I n thi s case ,  afte r  trainin g th e S R N shoul d 
lear n t o predic t  E  wit h a  valu e o f  0.2 ,  an d P  wit h 
0.8 .  Thi s create s a  seriou s proble m i n determinin g 
th e valu e o f  threshol d r ,  wnic h i s importan t  i n de -
cidin g whethe r  a  sequenc e i s accepte d o r  rejected . 

T o illustrat e thi s problem ,  th e S R N wa s 
traine d t o lear n th e regula r  expressio n X P * , 
fro m th e followin g si x sequences :  S X E 
S X P E,  S X P P E ,  S X P P P E,  S X P P P P E,  an d 
S X P P P P P E.  Afte r  5,00 0 trainin g trial s fo r  th e 
contex t  S X ,  th e S R N learne d t o predic t  E  wit h 
a valu e o f  0.19 ,  an d P  wit h valu e 0.82 .  A s th e 
trainin g continue d th e proble m worsened .  Afte r 
20,00 0 trails ,  fo r  th e contex t  S X i t  predicte d E 
wit h a  valu e 0.15 ,  an d X  wit h a  valu e 0.83 .  Th e 
situatio n di d no t  improv e wit h furthe r  training . 

Th e A A R N ,  whe n traine d wit h th e finite  se t 
of  positiv e examples ,  behave d i n a  simil u way . 
We hav e foun d tha t  th e proble m o f  dependenc e 
on th e freauencie s o f  case s i n th e trainin g se t  ca n 
be avoide d b y usin g bot h positiv e an d negativ e 
examples . 

Using Positive and Negative Examples 

We consider a trzdning algorithm that uses both 
positiv e an d negativ e examples .  Thi s ha s tw o 
mai n advantages .  Th e first  i s  tha t  th e threshol d 
i s no t  dependen t  o n th e frequenc y o f  th e symbols , 
so a  predetermine d valu e ca n b e used .  Th e sec -
on d advantag e i s tha t  th e trainin g ca n b e halte d 
as soo n a s th e networ k i s abl e t o correctl y classif y 
adl  th e give n examples .  Thi s wil l  hel p th e net -
wor k t o avoi d overKeneralization .  I f  th e trainin g 
i s continue d afte r  tn e correc t  classificatio n o f  th e 
examples ,  th e networ k continu e t o encod e th e en -
tiret y o f  eac h sequenc e i n th e trednin g set ,  whic h 
wil l  decreas e it s capabilit y  fo r  generalization . 

I n th e trainin g algorithm ,  th e erro r  i s  back -
propagate d onl y i f  th e exampl e i s incorrectl y clas -
sified .  A  positiv e exampl e i s  correctl y classifie d 
i f  eac h contex t  result s i n th e correc t  predictio n o f 
th e nex t  symbol .  Tha t  is ,  fo r  al l  contexts ,  th e 
outpu t  fo r  nex t  symbo l  ha s a  valu e greate r  tha n 
th e positiv e threshol d r .  I f  a  positiv e sequenc e 
i s incorrectl y classified ,  a  positiv e erro r  i s  back -
propagate d fo r  th e instance s o f  th e contex t  fo r 
whic h th e nex t  symbo l  predictio n failed .  I f  th e 
A A RN i s used ,  i t  i s  als o traine d t o sho w th e cur -
ren t  inpu t  an d th e curren t  contex t  throughou t  th e 
sequence .  Thi s wil l  allo w th e contex t  t o b e propa r 
gate d eve n whe n th e nex t  symbo l  i s correctl y pre -
dicted . 

A negativ e exampl e i s correctl y classifie d i f  a t 
some poin t  i n th e sequenc e th e networ k doe s no t 
predic t  a  followin g symbol .  A  predictio n failur e i n 
a negativ e examipT e i s indicate d b y a n outpu t  cel l 
valu e tha t  i s les s tha n a  threshol d (calle d th e neg -
ativ e threshol d p )  tha t  i s  generall y les s tha n th e 

threshol d r  use d t o indicat e predictio n i n positiv e 
examples .  Fo r  th e negativ e examples ,  th e locs r 
tio n o f  th e classificatio n erro r  i s  unknown ,  s o a 
negativ e erro r  i s back-propagate d fo r  al l  contexts . 
Alon g wit h th e back-propagatio n o f  a  negativ e er -
ro r  fo r  th e nex t  symbol ,  th e A A R N i s als o traine d 
t o sho w th e curren t  contex t  an d th e curren t  input . 
Th e trainin g i s stoppe d a s soo n a s th e networl c i s 
abl e t o correctl y classif y al l  th e positiv e an d neg -
ativ e examples . 

Th e result s o f  tw o experiment s sho w th e ad -
vantag e o f  usin g a  finite  se t  o f  positiv e an d nega -
tiv e examples .  Durin g training ,  a  positiv e thresh -
ol d o f  r  =  0. 7 an d a  negativ e threshol d o f  p  =  0. 3 
was used .  Afte r  training ,  a  threshol d equs J t o 0. 5 
was use d t o chec k th e validit y o f  th e sequences . 
Th e numbe r  o f  sequence s use d t o measur e th e per -
formanc e wil l  b e mentione d i n th e results . 

I n th e first  experiment ,  th e S R N wa s traine d 
t o recogniz e th e sequence s generate d b; ^  th e reg -
ula r  expressio n X P * .  Thes e fou r  positiv e exam -
ple s wer e agai n used :  S X E ,  S X P E ,  S X P P E , 
S X P P P P E.  I n addition ,  five  negativ e exam -
ple s wer e used :  SE ,  SPE ,  S X X E ,  S X P P P X E, 
S X P X E.  Th e S R N wa s traine d b y pickin g a  se -
quenc e randomly ,  an d back-propagatin g th e erro r 
i t  th e sequenc e wa s incorrectl y classified .  Thi s pro -
ces s wa s repeate d unti l  al l  th e nin e sequence s wer e 
correctl y classified .  Afte r  th e completio n o f  th e 
training ,  th e performanc e wa s evaluate d b y usin g 
100 rando m positiv e sequences ,  an d 1,00 0 rando m 
sequences . 

A networ k wa s sai d t o generaliz e correctly ,  i f 
i t  correctl y classifie d al l  o f  th e randoml y gener -
ate d sequences .  A  S R N wit h tw o hidde n unit s 
was traine d fo r  1 5 difi'eren t  runs .  Fo r  eac h o f  th e 
runs ,  th e S R N correctl y classifie d al l  o f  th e ran -
doTt)i} f  generate d sequences .  Th e averag e numbe r 
of  trainin g trial s require d wer e 1,800 .  Fo r  th e sam e 
experimen t  th e A A R N succeede d wit h a n averag e 
of  1,42 7 trainin g trials . 

Th e secon d experimen t  wa s traine d th e net -
work s t o recogniz e th e sec^uence s generate d fro m 
th e automat a show n i n Figur e 3 .  Th e followin g 
positiv e an d negativ e example s wer e used . 

Positive Examples: SXPE, SXPXPE, 
S X P X P X P E,  SYPE ,  S Y P Y P E, 
S Y P Y P Y P E. 
Negativ e Examples :  SE ,  SP ,  S X X ,  SXY , 
SXE,  S X P Y ,  S X P P ,  S X P X X ,  S X P X Y , 
S X P X E,  SYX ,  SYY ,  SYE ,  SYPX , 
SYPP,  S Y P Y X,  S Y P Y Y,  SYPYE. 

Th e S R N wit h thre e hidde n unit s vra s traine d 
fo r  60,00 0 rando m presentatio n (trials )  o f  th e 
abov e sequences .  Afte r  1 5 difi'eren t  trainm g runs , 
th e S R N neve r  correctl y classifie d al l  o f  th e train -
in g sequences .  A n A A R N wit h thre e hidde n unit s 
was traine d fo r  1 5 differen t  runs .  Afte r  eac h 
th e A A R N correctl y classifie d al l  th e triunin g se -
quences .  T o chec k th e performanc e o f  th e network , 
10,00 0 rando m positiv e sequences ,  an d 50,00 0 ran -
d o m sequence s wer e generated .  Th e A A R N wa s 
abl e t o correctl y classif y al l  th e rando m generate d 
sequence s i n 1 1 ou t  o f  1 5 runs .  I n eac h o f  th e re -
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mainin g fou r  runs ,  i t  faile d fo r  on e particula r  lon g 
sequence .  O n th e averag e th e trainin g laate d fo r 
12,42 4 trials . 

A cuiof f  poin t  i s  define d a s a  positio n i n a 
negativ e exampl e a t  whic h th e predictio n o f  nex t 
symbol  shoul d b e belo w th e threshol d p .  Th e 
cutof f  poin t  i s  determine d b y th e associate d se t 
of  positiv e examples .  Fo r  example ,  th e sequenc e 
S x P X X ha s a  cutof f  poin t  afte r  th e contex t 
S X P X,  tha t  is ,  th e symbo l  X  shoul d no t  b e pre -
dicte d afte r  th e context .  Sinc e th e contex t  S X P X 
i s use d i n th e positiv e example ,  eac h o f  th e nex t 
symbol  shoul d hav e a  valu e greate r  tha n r .  Th e 
onl y symbo l  whic h ca n hav e a  valu e les s tha n p  i s 
th e symbo l  X  afte r  contex t  S X P X . 

Each negativ e example s i n th e experimen t  de -
scribe d abov e ha s exactl y on e cutof f  point .  Bu t  i f 
th e example s wit h mor e tha n on e cutof f  point s ar e 
used i n th e training ,  th e generalizatio n wil l  dete -
riorate .  Fo r  example ,  th e seauenc e S X X P E ha s 
thre e cutof f  point ,  th e symbo l  X  afte r  th e contex t 
SX,  th e svmbo l  P  afte r  th e contex t  S X X ,  an d 
th e symbo l  E  afte r  th e contex t  S X X P .  Durin g 
training ,  th e networ k i s reauire d t o lear n jus t  on e 
of  th e cutof f  point ,  sinc e tn e outpu t  valu e belo w 
th e threshol d p  fo r  an y o f  th e nex t  symbo l  wil l 
be take n a s correc t  negativ e classification .  Durin g 
training ,  th e algorith m ca n pic k an y cutof f  point , 
but  th e maxime d generalizatio n wil l  b e don e i n th e 
case whe n th e symbo l  X  afte r  th e contex t  S X i s 
picke d a s th e cutof f  point .  W e ar e stil l  workin g 
t o develo p a  trainin g algorith m fo r  a n S R N typ e 
networ k whic h wil l  alway s fin d th e optima l  cutof f 
poin t  suc h tha t  th e generalizatio n i s a t  it s  maxi -
mum. 

Related Work 

Pollac k [1991 ]  an d Gile s c t  a i  [1990 ]  hav e devel -
oped neura l  networ k architecture s tha t  lear n fro m 
positiv e jm d neeativ e examples .  The y use d a  clas -
sificatio n paraofig m i n whic h th e erro r  i s back -
propagate d a t  th e en d o f  eac h example .  I n th e 
classincatio n paradigm ,  a  networ k doe s no t  hav e 
a tra p state .  A n erro r  followe d b y a  lon g sequenc e 
of  correc t  example s wil l  b e accepte d b y suc h a 
networ k [Pollack ,  1991] .  However ,  th e predictiv e 
paradig m ha s a  tra p state ,  s o tha t  th e networ k 
stop s acceptin g th e inpu t  a s soo n a n erro r  i s de -
tected . 

Conclusions 

The A A R N architectur e ca n b e use d i n an y appli -
catio n wher e th e SR N ha s bee n used .  W e sho w 
tha t  ther e ar e case s fo r  whic h th e S R N fail s t o 
encod e th e FSA ,  bu t  th e A A R N wit h sam e num -
ber  o f  unit s i n th e hidde n laye r  succeeds .  Th e 
trainin g algorith m use d b y Servan-Schreibe r  e t  a i 
[l99l] ,  i s  suitabl e fo r  trainin g th e networ k fro m 
randoml y generate d sequence s fro m th e FSA .  Fo r 
most  applications ,  th e FS A i s no t  know n i n ad -
vance .  Henc e onl y a  finit e se t  trainin g dat a ma y b e 
available .  W e sho w tha t  whe n a  finit e se t  o f  posi -
tiv e example s i s used ,  th e networ k wil l  no t  perfor m 
wel l  i f  a  predetermine d threshol d valu e i s use d fo r 

classification .  Thi s proble m ca n b e solve d b y usin g 
a finit e se t  o f  positiv e an d negativ e examples .  Th e 
result s o f  usin g bot h positiv e an d negativ e exam -
ple s ar e encouraging ,  bu t  th e performanc e o f  th e 
networ k deteriorate s i f  th e negativ e example s hav e 
more tha n on e cutof f  points .  Wor k i s i n progres s 
t o remov e thi s deficiency . 
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