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A b s t r a c t 

Simple recurrent networks have been used extensively in 
modellin g o f  learnin g variou s aspect s o f  linguisti c 
structure .  W e discus s h o w suc h network s ca n b e trained , 
an d empiricall y compar e tw o trainin g algorithms , 
Elman' s "copyback "  regim e an d back-propagatio n 
throug h time ,  o n simpl e tasks .  Althoug h thes e studie s 
revea l  tha t  th e copybac k architectur e ha s onl y a  limite d 
abilit y t o pa y attentio n t o pas t  input ,  othe r  wor k ha s 
show n tha t  thi s schem e ca n lear n interestin g linguisti c 
structur e i n smal l  grammars .  I n particular ,  th e hidde n 
uni t  activation s cluste r  togethe r  t o revea l  linguisticall y 
interestin g categories .  W e explor e variou s way s i n whkr h 
thi s clusterin g o f  hidde n unit s ca n b e performed ,  an d find 
tha t  a  wid e variet y o f  differen t  measure s produc e simila r 
result s an d appea r  t o b e implici t  i n th e statisticso f  th e 
sequence s learn t  Thi s perspectiv e suggest s a  numbe r  o f 
avenue s fo r  furthe r  research . 

Introduction 

conclusio n i s born e ou t  i n ou r  simulations .  However ,  th e 
copy-bac k approac h i s computationall y inexpensiv e an d 
has provide d impressiv e result s i n a  numbe r  o f  languag e 
processin g tasks .  W e investigat e th e scop e o f  thi s 
metho d further ,  an d follo w Elma n i n investigatin g th e 
natur e o f  th e hidde n uni t  representation s develope d fo r  a 
networ k whic h learn s t o predic t  th e nex t  elemen t  i n 
sequence s generate d b y a  simpl e grammar .  A  numbe r  o f 
ver y differen t  measure s ove r  th e hidde n unit s ar e foun d 
t o generat e ver y simila r  syntactic/semanti c clustering , 
and thes e cluster s ar e als o implici t  i n th e statistic s o f  th e 
sequence s learnt .  Thi s suggest s tha t  networ k 
performanc e ca n usefull y b e analyse d i n term s o f  th e 
statistica l  structur e o f  th e inpu t  sequences ,  an d tha t  th e 
applicabilit y  o f  S R N s t o rea l  natura l  languag e dat a ca n 
be assesse d b y analysin g relevan t  aspect s o f  it s 
statistica l  structur e 

Training SRNs 

Simpl e recurren t  neura l  network s (SRNs )  develope d b y 
Jorda n (1986 )  an d E lma n (1988 )  provid e a  powerfu l  too l 
wit h whic h t o mode l  th e leamm g o f  man y aspect s o f 
linguisti c structur e (fo r  example .  Elma n 1990 .  1991 : 
Shillcock ,  Lev y &  Chate r  1991 )  an d ther e ha s bee n som e 
exploratio n o f  thei r  computationa l  propertie s (Chate r 
1989 ;  Cleermans .  Servan-Schriebc r  &  McClellan d 1989 : 
Servan-Schrieber .  Cleereman s & .  McClellan d 1991) .  Th e 
presenc e o f  recurren t  connection s allow s pas t  activatw n 
t o influenc e curren t  ouq^ut .  whic h mean s tha t  outpu t  can 
respon d sequenua l  structur e i n th e input .  Th e exten t  t o 
whic h suc h network s ca n b e taugh t  t o lear n interestin g 
sequentia l  structur e depend s o n th e learnin g algorith m 
employed .  A  natura l  approac h i s t o appl y th e back -
propagauo n trainin g algorith m whic h ha s prove d s o 
successfu l  i n trainin g non-recurren t  feedforwar d 
network s t o lear n interestin g stati c input-outpu t  patterns . 

The structure of the paper is as foltows. First we discuss 
a numbe r  o f  w a y s i n whic h th e back-propagatio n 
algorith m ca n b e adapte d t o trai n recurren t  network s t o 
leo m sequences ,  concentratin g o n tw o options .  Elman' s 
(1990 )  "copyback "  scheme ,  an d back-propagatio n 
throug h tim e (Rumelhan .  Hinto n &  William s 1986) .  W e 
not e tha t  ther e ar e theoretica l  reason s t o suppos e tha t  th e 
copy-bac k regim e wil l  lear n les s well ,  an d thi s 

Backpropagado n canno t  directl y b e applie d t o S R N s 
sinc e th e algorith m applie s onl y t o feedforwar d 
networks .  Fo r  these ,  back-propagatio n perform s 
gradien t  descen t  i n th e sum-square d erro r  ove r  th e finite 
number  o f  input-outpu t  pair s i n th e trainin g set .  T o 
appl y back-propagatio n t o recurren t  networks ,  th e S R N 
must  b e "unfolded "  int o a  feedforwar d networ k whic h i s 
the n traine d i n th e conventiona l  way .  Th e mos t  popula r 
metho d o f  trainin g S R N s involve s unfoldin g th e networ k 
by providin g a n additiona l  inpu t  -  th e contex t  unit s -
whic h correspond s t o th e previou s val t  : s o f  th e hidde n 
unit s (Elma n 1990 )  (Figur e la ,  Ic) .  Th e contex t  unit s ar e 
dependen t  o n th e previou s inputs ,  amon g whic h i s th e 
previou s valu e o f  th e contex t  units .  Henc e th e behaviou r 
of  th e networ k i s influence d no t  jus t  b y th e curren t  inpu t 
but  b y th e sequenc e o f  pas t  inputs .  Whil e activatio n i s 
propagate d forward s throug h th e networ k from  arbitraril y 
fa r  bac k i n time ,  erro r  i s onl y propagate d bac k t o th e 
contex t  units . 

An alternative approach is to unfold the network through 
severa l  tim e step s (Rumelhait .  Hinto n & .  William s 1986 ) 
so tha t  eac h weigh t  ha s severa l  "virtua l  incarnations "  an d 
t o back-propagat e throug h th e resultin g networ k (Figur e 
la .  Ic) .  Th e overal l  weigh t  chang e i s simpl y th e su m o f 
th e change s recommende d fo r  eac h incarnation .  Thi s 
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'back-propagation  throug h time "  ca n i n principl e b e 
back-propegaie d throug h th e entir e trainin g histor y o f  th e 
networ k (Rohwe r  persona l  communication )  bu t  i s 
typicall y implemente d b y unfoldin g throug h a  smal l 
number  (her e w e shal l  us e 5 )  tim e steps .  Th e copy-bac k 
schem e ca n b e viewe d a s a  specia l  cas e o f  back -
propagatio n throug h time ,  i n whic h th e back-propagauo n 
of  erro r  stop s a t  th e firs t  cop y o f  th e hidde n unit s -  th e 
contex t  units . 

The more the network is unfolded, the better the 
approximatio n o f  th e feedforwar d networ k t o th e 
underlyin g recurren t  network ,  an d th e bette r  th e networ k 
learn s t o respon d t o sequentia l  material .  Th e minima l 
unfoldin g embodie d i n copy-bac k schem e shoul d 
therefor e produc e th e poores t  learning ,  althoug h i t  ha s 

th e considerabl e advantag e o f  bein g th e cheapes t 
computationally .  Thi s i s born e ou t  belo w i n th e 
compahtiv e studie s below . 

A natural assumption would be that the number of steps 
bac k tha t  erro r  i s propagate d wil l  precisel y flx  th e 
number  o f  step s "back '  th e networ k ca n lear n about .  I f 
thi s wer e true ,  th e copy-bac k schem e woul d onl y b e abl e 
t o respon d t o th e curren t  an d previou s input ,  an d woul d 
thu s no t  b e abl e t o lear n an y interestin g sequences . 
However ,  a s lon g a s th e relevan t  temporall y distan t 
informatio n "percolate s through" ,  eve n i n som e degrade d 
form ,  t o a  poin t  i n th e unfolde d networ k t o whic h erro r  i s 
propagated ,  th e weight s forwar d o f  tha t  poin t  ca n b e 
adjuste d t o utiliz e tha t  informatio n successfully .  Hence . 
th e las t  poin t  i n th e networ k t o whic h erro r  i s  propagate d 
form s a  "bottleneck" ,  a t  whic h temporall y mor e distan t 
informatio n mus t  pas s i f  th e networ k i s t o b e abl e t o 
lear n t o respon d t o i t  (se e Figur e 2 )  (Chate r  1989) . 

Figur e 1  Unfoldin g a  recurren t  neura l  networ k (la) ,  fo r 
back-propagatio n throug h tim e (lb )  an d copy-bac k 
trainin g (Ic) . 

i- i 

Figur e 2  Back-propagatio n i n th e copy-bac k trainin g 
regime . 

In many tasks, temporally distant information beyond die 
bottleneck ,  i s  relevan t  t o predictin g intervenin g material . 
Thi s mean s tha t  th e networ k encode s tha t  infonnaiio n i n 
it s hidde n units ,  t o predic t  tha t  mor e loca l  information . 

403 



whic h force s thi s infonnatio n throug h th e bottleneck . 
Hence th e S R N i s abl e t o lea m t o respon d t o thi s distan t 
informatio n successfully .  However ,  i n a  tas k i n whic h 
temporall y distan t  infonnatio n i s no t  correlate d wit h 
intervenin g material ,  suc h a s th e tas k o f  learnin g t o b e 
dela y line ,  repone d below ,  leamm g wit h th e copy-bac k 
scheme shoul d b e poor . 

While our primary interest in this Tirst set of simulations 
was comparin g th e performanc e o f  copy-bac k an d back -
propagatio n throug h time ,  a  secondar y interes t  wa s i n 
th e effec t  o f  usin g o r  no t  usin g contex t  unit s i n back -
propagatio n throug h time .  I f  th e networ k i s unfolde d 
severa l  time-step s ( S i n th e simulatio n w e report) ,  th e 
contributio n o f  th e contex t  unit s a t  th e bottlenec k t o th e 
fina l  outpu t  m a y b e ver y small ,  an d th e larg e numbe r  o f 
intervenin g layer s m a y m a k e i t  difficul t  t o lea m t o 
respon d t o thi s input ,  eve n i f  i t  i s  informative .  Fro m a 
theoretica l  poin t  o f  view ,  no t  usin g contex t  unit s i s 
attractive ,  sinc e th e networ k ca n the n b e viewe d a s 
learnin g a  fixe d input-ou t  pu t  se t  (o r  a  sampl e fro m a 
fixe d distribution) ,  an d henc e th e proo f  tha t  back -
propagabo n performanc e gradien t  descen t  i s valid .  Fo r 
most  problems ,  th e presenc e o r  absenc e o f  contex t  unit s 
seems t o hav e littl e effec t  o n penormance .  an d w e 
discus s thi s briefl y below . 

Copy-Back and Backpropagation Through 

Tim e 

We report simulations on two very simple tasks using 
binar y sequences ,  discret e X O R an d learnin g t o th e a 
dela y line . 

Discrete XOR 

Consider a binary sequence in which two out of three bits 
ar e generate d a t  random ,  an d th e thir d i s th e X O R o f  th e 
previou s two .  Th e tas k i s t o attemp t  t o predic t  th e nex t 
valu e i n th e sequence .  Thi s tas k i s difficult ,  sinc e onl y 
ever y thir d bi t  ca n i s i n principl e predKtable .  Optima l 
performanc e i s t o correctl y predic t  thes e bits ,  an d t o 
outpu t  0. 5 otherwise . 

Arctuiectur e Hidde n 
t-  • 

Por a I 

AvCTif e 

Pan 2 

1 

1 
Pofa 3 : 

1 cop y buL : •» 1 0.27 3 ±  0.00 3 0.27 3 ±  0.00 3 0.1 6 s  0.0 2 

:  ccp v tic k 1  7  ! t  0.-2S a ±  O.O W di S ±  0.0O 2 0.1 1 ±  0.0 1 

;  cop y b*x ± 1  1 0 1  0.>5 3 ±  0.00 1 0.25 9 =  0.0O 2 O.I O ±  O.OI 

i  unfolde d wit h coniex u |  2  |  0.26 7 ±  0.0O 4 O.iT l  r  0.0a 2 0.2 O =  0.0 2 

unfolde d ̂rit h conicT U |  3 

unfolde d wii h conter u |  i 

unfolde d vit h contex u 3  1 

five  unfold s n o conte.T U |  2  | 

five  unfold j  n o coniex u |  3  { 

five  unfold j  n o conte.t u ^  1 
five  unfold j  n o conte.xu l  5  i 

0.27 6 ±0.0( W 0.23 0 ±0.00 3 0.1 6 ±  0.0 3 

0.27. 5 tO.O W 0JS 8 ±0.00 4 0.18x0.0 3 

0.27 3 ±0.00 4 0.2S 3 ±0.00 3 0.1 2 ±  0.0 2 

0.26 3 ±  0.0O 4 0-37 0 ±  0.0O 4 0.1 9 ±  0.0 2 

0.23 2 ±  0.0O 3 (L3 5 ±  O.O M 0.1 2 ±  0.0 1 

0.23 1 ±  0.00 3 0.23 6 ±  O.O M 0.1 1 =  0.0 2 

0.23 9 ±  O.OOl  0.23 7 ±  0  00 1 0.03 9 ±  0.00 4 

Tabl e |  :  Performaiic e o d ih c dixic u .\0 R tu k wit h X  epoch s o f  tninia g 

Copy-bec k an d back-propagabo n scheme s (bot h wit h an d 
withou t  context )  wer e traine d o n X O R (Tabl e 1) .  Th e 
result s wer e average d ove r  S O trials ,  wit h S O trainin g 
epoch s ove r  300 0 input-outpu t  pair s wit h learnin g rat e 
0. 1 an d m o m e n t u m 0.9 .  Fo r  back-propagatio n throug h 
time ,  th e ne t  wa s unfolde d S  tim e steps .  T h e weight s 
wer e initialise d randoml y betwee n - S an d S .  I f  th e weigh t 
start s ar e smalle r  tha n this ,  "copyback "  learnin g i s stow . 
perhap s becaus e fo r  th e copy-bac k regime ,  perhap s 
becaus e fo r  smal l  input s th e sigmoi d activatio n functio n 
i s nearl y linear ,  an d henc e unabl e t o comput e X O R . 
Notic e tha t  th e standar d deviation s o f  th e error s obtaine d 
ar e smal l  throughou t 

For a network of a given size, performance is far better 
wit h back-propagatio n throug h tim e tha n usin g th e copy -
bac k scheme ,  whic h requir e fa r  mor e hidde n unit s t o 
attai n comparabl e results .  Thi s patter n i s consistentl y 
obtaine d i n a  comprehensiv e rang e o f  simulation s 
(Conke y 1991) . 

Turning to our second concern, performance using back-
propagatio n throug h tim e i s no t  significantl y differen t 
wit h o r  withou t  context ,  despit e th e fac t  tha t  contex t 
couk l  i n principl e hav e provide d ver y usefu l  information . 
Thi s i s becaus e th e n o contex t  networ k m a y no t  b e abl e 
t o determin e fro m jus t  S  tim e step s whic h bit s ar e 
predictabl e an d whic h ar e no t  I f  th e las t  fiv e bit s wer e 

...0 1110 

then the third and fifth bits are both the XOR of their 
predecessors .  I n thi s cas e i t  i s  no t  i n principl e possibl e 
fo r  thes e unfolde d net s withou t  contex t  unit s t o kno w 
whethe r  th e nex t  bi t  i s  th e resul t  o f  a n X O R o r  i s  random . 
Sinc e thi s ambiguit y occur s i n almos t  6 0 % o f  cases ,  th e 
abilit y  t o us e pas t  contex t  t o disambiguat e (effectivel y 
storin g a  regula r  "pulse "  indicatin g whic h bit s ar e 
predictable )  woul d b e advantageous .  However ,  i t  doe s 
not  appea r  t o b e possibl e t o lea m t o utiliz e thi s 
informabo n i n practice . 

Learning to be a delay line. 

The analysis of the copy-back learning algorithm above 
suggeste d tha t  i t  shoul d b e poo r  a t  learnin g t o respon d t o 
temporall y distan t  input ,  unles s th e temporall y distan t 
informatio n ha s bee n use d i n intermediat e predicbons . 
Thi s suggest s tha t  whil e i n m a n y interestin g problem s 
(suc h a s tha t  o f  leamin g a  gramma r  wit h som e recursiv e 
structure ,  detaile d i n Elma n (1991) )  th e ne t  ca n respond 
t o temporall y distan t  informabon .  thi s wil l  extremel y 
difficul t  i f  th e natur e o f  th e distan t  dependenc y i s 
independen t  o f  th e intervenin g material .  Th e simples t 
suc h tas k i s leamin g t o b e a  dela y lin e -  t o reproduce a 
rando m binar y inpu t  strea m delaye d b y severa l  b m e 
steps . 

A recurrent network with n^l hidden units can act as a 
dela y lin e o f  n .  give n appropriat e weights .  O n e 
intuibvel y attracbv e solubo n i s fo r  th e hidde n unit s t o ac t 
as buffer s fo r  th e inpu t  s o tha t  on e uni t  ha s outpu t  a t  b m e 
t  o f  i(t-l) ,  anothe r  i(t-2 )  an d s o o n bac k t o i(t-n) .  Figur e 3 
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illustrate s weight s tha i  wou l d implemen t  thi s solutio n fo r 
a dela y lin e o f  1  an d a  networ k wit h tw o hidde n units . 

Table 2 shows a typical sample of results. While back-
propagatio n throug h tim e i s  abl e t o lea m th e dela y lui c 
tas k quit e wel l  (an d wit h onl y ih- 1 hidde n unit s fo r  smal l 
delay s n ) ,  th e copy-bac k s c h e m e ca n onl y lea m t o 
respon d t o smal l  delay s wit h relativel y larg e number s o f 
hidde n units .  Thi s i s explicabl e i n term s o f  th e theoretica l 
discussio n a b o v e •  th e m o r e hidde n unit s th e mor e 
likelihoo d tha t  relevan t  informatio n wil l  b y chanc e 
percolat e throug h th e networ k an d thu s tha t  th e networ k 
wil l  b e abl e t o lea m t o us e thi s information .  Learnin g 
performanc e i s  als o ver y m u c h les s consisten t  wit h th e 
copy-bac k regime . 

i. a 

Figur e 3  Implementin g a  dela y o f n tim e step s wit h n + 1 
hidde n units . 

The inability of the copy-back scheme to leam to 
respon d t o lon g t im e delay s contrast s wit h goo d 
performanc e reporte d predictin g dependencie s i n smal l 
scal e languag e task s wher e th e intervenin g materia l  i s 
relevan t  (Elma n 1991) . 

The results of these experiments bear out the theoretical 
analysi s tha t  back-propagatio n throug h tim e lead s t o 
bette r  learnin g tha n th e copy-bac k scheme .  However . 
back-propagatio n throug h tim e i s computationall y mor e 

expensive ,  an d th e copy-bac k s c h e m e m a y b e abl e t o 
lea m m a n y interestin g tasks .  O n e particulari y intriguin g 
resul t  i s  tha t  th e average d hidde n uni t  pattern s appea r  t o 
encod e th e syntactic/semanti c categorie s fo r  a  to y 
g r a m m ar  (Elman ;  1990 )  .  T h e studie s reporte d be lo w 
repea t  exten d an d analys e thi s result ,  an d argu e tha t  suc h 
a clusterin g i s t o b e expecte d give n th e suiistic s o f  th e 
sequence s lean t 

Arch i  lectur e 

copy b4c k 

copy b«c k 

copy b«cJ c 

Dela y 

1 
1 
1 

copy bac k 1  1 

copy bac k 

copy bad e 

unfolde d 

copy b«c k 

copy bac k 

copy bac k 

copy bac k 

copy bac k 

copy bac k 

copy bac k 

copy bac k 

un/olde d 

1 

1 

1 
2 

2 
2 
2 
2 
2 
2 
2 
2 

Hidde n 

unit s 

Learsin g 

rat e 

1 2  1  0.0 3 

1 2 1 0.1 0 

3 1  O. M 

3 
4 
4 

0.1 0 

O.M 

0.1 0 

2 1  0.1 0 

3 
0.0 5 

0.1 0 

0.0 4 

0.1 0 

O.M 
0.1 0 

O.M 1 

.Averag e 

iquan d 

erro r 

0.2 2 

0.2 1 

0.2 0 

0.1 8 

0.1 3 

0.09 7 

0.00 1 

0.2 W 

0.25 6 

0.26 2 

0.26 0 

0.-2T 8 

0.26 4 

0.16 0 

Paac s 

< 10 0 

< 10 0 

< 10 0 

< 10 0 

<10 0 

< 10 0 

3 

< 10 0 

< 10 0 

< 10 0 

< 10 0 

< 10 0 

< 10 0 

< 10 0 

0.1 0 1  0.23 9 1  <  10 0 

0.1 0 1 0.03 1 1  3 

Tabi t  2  :  Leantin g t o b e a  dela y lin e 

Incidentl y Recogn is in g Linguisti c S t r uc tu r e 

Elman used to copy-back regime to train a net to predict 
th e nex t  ite m i n a  continuou s tex t  sequence ,  generate d b y 
a simpl e gramma r  (borrowe d fro m Elma n 1988 ;  1990) . 
Wherea s Elma n represente d eac h "word "  b y a  rando m bi t 
vector ,  use d a  completel y locaiis t  representation ,  thu s 
usin g 2 9 inpu t  unit s t o represen t  th e 2 9 words .  A s i n 
Elman' s simulation s ther e i s n o explici t  marke r  fo r  th e 
en d o f  a  sentence .  15 0 hidde n unit s an d 15 0 
correspondin g contex t  unit s wer e used . 

Conditional probabilities for the next word, given the 
sentenc e s o fa r  wer e calculate d fro m th e dat a set .  Th e 
R MS error s relativ e t o thi s benchmarkwer e 0. 2 pe r 
pattemi n bot h cases ,  wherea s Elma n obtaine d 0.05 .  Tlji s 
differenc e ma y b e a  resul t  o f  ou r  choic e o f  a  locaiis t 
inpu t  representation .  W e the n followe d Elma n i n cluste r 
analysin g th e hidde n uni t  activatio n evoke d o n 
inesentatio n o f  eac h word .  Thes e wer e average d t o giv e a 
singl e 15 0 elemen t  vecto r  fo r  eac h o f  th e 2 9 words . 

The results from a typical net (Figure 4) do not give as 
goo d a  clusterin g a s tha t  obtaine d b y Elman .  Ther e i s 
poo r  separatio n o f  noun s an d verbs ,  an d som e confusio n 
betwee n differen t  classe s o f  each .  Clusterin g o n th e 
basi s o f  curren t  inpu t  ma y no t  b e th e bes t  measure ,  sinc e 
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th e hidde n uni t  value s m u s t  encod e previou s inpu t 
relevan t  t o prediction ,  no t  jus t  th e curren t  word .  W e als o 
clustere d hidde n uni t  state s average d b y th e eniiie y 
H e n c e a  m o r e attractiv e alternativ e i s t o averag e hidde n 
uni t  pattern s togethe r  o n th e basi s o f  th e wor d predicted . 

• c ; 

LTL -

K i : 

K i z : -

r £ Z ^ -

Figur e 4  Clusterin g b y curren t  wo r d 

This measure, which completely cross-classiiies the data 
wit h respec t  t o th e origina l  measure ,  doe s indee d produc e 
m u ch bette r  clusters ,  s h o w n i n Figur e 5 .  Usin g thi s 
measur e th e cluster s obtaine d wel l  reflec t  th e underlyin g 
synucti c categorie s o f  th e g rammar ,  with ,  fo r  examples , 
noun s bein g separate d fro m verbs ,  an d differen t  kind s o f 
noun s bein g ver y wel l  segrate d an d verb s segregate d 
s o m e w h at  les s precisely . 

A further possibility is to cluster not the hidden unit 
patter n associate d wit h a n incomin g word ,  bu t  th e chang e 
i n hidde n uni t  representatio n brough t  abou t  b y tha t  word . 
A g a i n a  g o o d clusterin g i s obtaine d (Figur e 6 ) . 
comparab l e i n qualit y wit h tha t  obtaine d b y clusterin g 
wit h respec t  t o th e targe t  word . 

It seems that a variety of measures of hidden unit values 
p r o d u c e cluster s correspondin g t o linguisticall y 
interestin g categories .  I s ther e a n "optimal "  clusterin g o f 
thi s dat a se t  t o w h i c h al l  o f  thes e measure s ar e 
approximat ing ? N o t  reall y •  eac h o f  th e measure s 
considere d abov e correspon d t o statistic s o f  th e dat a sets , 
wh ic h ca n b e directl y measured .  Fo r  example .  Elman' s 
origina l  measur e o f  averagin g hidde n unit s o n th e basi s 
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I  U  a« M 

K ~ 
>4 '  . 

Figure 5 Clustering by predicted word 
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Figur e 6  Clusterin g b y chang e o f  hidde n uni t  patter n 
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of  th e pas t  wor d coirespond s t o groupin g word s b y th e 
conditiona l  probabilitie s o f  successiv e words .  W e 
measure d thi s quantit y directly ,  an d the n cluste r  analyse d 
(Figur e 7 )  t o produc e ver y simila r  ressult s t o thos e 
obtaine d fro m th e networ k (Figur e 4 )  •  thi s mean s tha t 
th e networ k i s successfull y samplin g th e relevan t 
statistic .  Simila r  result s ca n b e obtaine d b y comparin g 
th e tw o othe r  measure s wit h siatisuca l  analogue s 
(clusterin g wo rd s o n th e basi s o f  th e conditiona l 
probabilitie s o f  th e precedin g words ,  an d th e chang e m 
conditiona l  probabilitie s expecte d afte r  a  wor d i s input . 

n 
\ Z ' 

M-' 

H, 

Figur e 7  Conditiona l  probabilitie s clustere d b y 
precedin g wor d 

respectively). Since the copy-back scheme is sampling 
thes e statistic s successfully ,  ther e seem s t o b e n o roo m 
fo r  improvemen t  usin g back-propagauo n throug h time . 
and thu s w e predic t  tha t  th e cluster s fro m back -
propagatio n throug h tim e wil l  produc e simila r  results . 
The limitatio n o n performanc e i s th e structur e o f  th e dat a 
rathe r  tha n natur e o f  th e networi c used . 

These results suggests that the hidden unit patterns that 
recurren t  neura l  network s develo p ca n b e viewe d a s 
reflectin g quit e directl y th e statistica l  structur e o f  th e 
sequence s learnt .  Furthermore ,  particula r  statistica l 
measure s o f  hidde n uni t  activatio n m a y closel y 
correspon d t o a  relate d statisti c o f  th e sequenc e itself . 

C o n c l u s i o n 

The Hrst set of simulauons reported confirmed the 
theoreticall y motivate d expectatio n tha t  th e back -
propagatio n throug h tim e i s superio r  t o (les s expensive ) 
copy-bac k trainin g fo r  learnin g sequentia l  structure . 
Experiment s wit h larg e copy-bac k network s sugges t  tha i 
th e hidde n uni t  represenutio n i s successfull y samplin g 
statistic s o f  th e underlyin g sequentia l  material ,  an d w e 
predic t  tha t  back-propagauo n throug h tim e should . 
therefore ,  produc e ver y simila r  clusters .  O f  course ,  i f 
th e underlyin g g rammar ,  an d henc e th e relevan t 
statistics ,  ar e mor e complex ,  the n back-propagatio n 
throug h tim e m a y the n b e abl e t o sampl e thes e statistic s 
better . 

Thi s suggest s thre e interestin g avenue s fo r  furthe r 
research :  1 )  t o investigat e furthe r  th e relationshi p 
betwee n statistica l  analysi s o f  th e hiddenuni t 
representation s an d direc t  analysi s o f  th e origina l  dat a 
set .  bot h usin g th e copy-bac k an d back-propagatio n 
throug h tim e regimes :  2 )  t o explor e rea l  natura l  languag e 
dat a directl y b y cluste r  analysin g usin g simpl e statistic s 
t o explor e wha t  peformanc e ca n b e expecte d fro m a 
neura l  networ k model :  3 )  t o investigat e i f  statistic s whic h 
ar e revealin g o f  linguisti c structur e ca n b e implemente d 
mor e directl y i n a  network ,  s o tha t  a  full-siz e networ k 
ca n b e buil t  whic h i s abl e t o handl e rea l  natura l  languag e 
data .  Thes e las t  tw o avenue s hav e recentl y bee n 
explore d b y F m c h &  Chate r  (1991 )  wit h encouragin g 
results . 
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