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Abstrac t 

The topic of this paper is the development of dynamic lexical 
representation s usin g artificia l  neura l  networks .  I n previou s 
wor k o n connectionis t  natura l  languag e processin g a  lo t  o f  ap -
proache s hav e experimente d wit h manuall y encode d lexico n 
representation s fo r  words .  Howeve r  from  a  cognitiv e poin t 
of  vie w a s wel l  a s a n engineerin g poin t  o f  vie w i t  i s  diffi -
cul t  t o fin d appropriat e representation s fo r  th e lexico n entrie s 
fo r  a  give n task .  I n thi s context ,  thi s pape r  explore s th e us e 
of  buildin g wor d representation s durin g a  U-ainin g proces s fo r 
a particula r  task .  Usin g simpl e recurren t  networks ,  principa l 
componen t  analysi s an d hierarchica l  clusterin g w e sho w ho w 
lexica l  representation s ca n b e forme d dynamically ,  especiall y 
fo r  neura l  networ k module s i n large ,  real-world ,  computationa l 
speech-languag e models . I n t r o d u c t i o n 

I n th e las t  decad e a  lo t  o f  progres s ha s bee n mad e i n con -
nectionis t  natura l  languag e processing .  M a n y differen t  task s 
hav e bee n covere d an d m a n y differen t  form s o f  representa -
tion s an d architecture s hav e bee n develope d (Kawamot o & 
McClellan d 1986 ,  Wermte r  1989 ,  St .  Joh n &  McClellan d 
1990 ,  McMi l la n e t  al .  1993 ,  Wermte r  e t  a l  1996) .  However , 
most  o f  thes e architecture s ar e stil l  fairl y  limite d wit h respec t 
t o processin g natura l  languag e i n a  "real-world "  environment , 
fo r  instanc e processin g a  real-worl d speec h dialog . 

Compar in g th e conversationa l  capabilitie s o f  connection -
is t  model s an d th e conversatio n capabilitie s o f  huma n beings , 
we thin k ther e ar e severa l  reason s w h y th e performanc e o f 
connectionis t  model s i s stil l  fairl y  moderat e i n real-worl d set -
tings .  First ,  afte r  a  decad e o f  ground-leve l  wor k o n essentia l 
connectionis t  learnin g algorithm s an d representation s w e ar e 
onl y n o w i n th e positio n t o focu s o n large r  architectures .  I n 
orde r  t o m a k e progres s o n large r  area s o f  huma n languag e 
processin g capabilitie s w e hav e t o g o beyon d individua l  tasks . 

For  instance ,  fo r  understandin g spoke n languag e fro m con -
versation s w e hav e t o integrat e speec h recognition ,  syntac -
tic ,  semanti c an d pragmati c processin g i n a  robus t  manner . 
Thes e subtask s provid e differen t  constraint s (e.g .  robustnes s 
at  speech ,  synta x an d semantic s levels )  an d w e canno t  expec t 
tha t  on e singl e smal l  networ k ca n handl e a  larg e portio n o f 
h u m an languag e processin g capabilitie s (Jai n 1991 ,  Wermte r 
& Webe r  1997) .  Therefore ,  i t  i s  essentia l  t o focu s o n large r 
modula r  architecture s i n orde r  t o m a k e progres s o n real-worl d 
natura l  languag e tasks . 

Anothe r  secon d mai n poin t  o f  limitatio n o f  man y connec -
tionis t  model s o f  natura l  languag e processin g i s thei r  stati c 
representation .  Typically ,  fo r  a  give n tas k a  stati c connec -
tionis t  architectur e i s develope d an d stati c representation s ar e 

use d fo r  testin g th e architectur e o n thi s task .  However ,  hu -
m an languag e processin g i n th e brai n i s alway s influence d b y 
changin g inpu t  fro m th e environment .  Neuron s di e al l  th e 
time ,  w e lear n an d forge t  al l  th e time ;  s o ther e i s plent y o f  ev -
idenc e w h y i t  i s  importan t  t o explor e dynami c architecture s 
and dynami c representation s i n connectionis t  architecture s . 

I n thi s pape r  w e wil l  mainl y focu s o n h o w dynami c repre -
sentation s ca n b e develope d fo r  a  large r  hybri d connectionis t 
architecture .  I n orde r  t o examin e thi s issu e w e hav e devel -
ope d a  hybri d connectionis t  architectur e S C R E E N'  fo r  an -
alyzin g spoke n languag e fro m real-worl d conversation s o n 
schedulin g meetings .  S C R E E N i s  buil t  o n principle s o f 
an incrementa l  flat  scannin g understandin g (Wermte r  1995 , 
Wermte r  &  Webe r  1997) .  Inpu t  t o th e syste m i s real-worl d 
speech ,  includin g error s fro m th e speec h recognize r  o r  fro m 
humans (hesitations ,  corrections ,  repetitions ,  interjections) . 
Outpu t  i s  a  syntactic ,  semanti c an d dialo g analysi s o f  th e spo -
ke n sentences .  Severa l  propertie s o f  huma n languag e pro -
cessin g ar e addresse d i n thi s system ,  fo r  instanc e robustnes s 
fo r  ertor s an d incrementa l  paralle l  processin g o f  synta x an d 
semantics . 

Afte r  th e developmen t  o f  a  firs t  versio n o f  a  comprehensiv e 
architecture ,  w e ar e n o w i n th e positio n t o explor e th e possi -
bilit y  o f  formin g lexica l  representation s dynamicall y durin g 
learning .  Usin g simpl e recurren t  networks ,  principa l  compo -
nent  analysi s an d hierarchica l  clusterin g w e sho w h o w lexi -
cal  representation s ca n b e forme d dynamically ,  especiall y fo r 
neura l  networ k module s i n large ,  real-world ,  computationa l 
speech-languag e models . 

The framework: 

hybri d connectionis t  speec h parsin g 

Ther e ha s bee n surprisingl y littl e wor k o n developin g dy -
nami c lexico n representation s usin g supervise d learnin g tech -
niques .  Majo r  exception s ar e th e symbolic/connectionis t  re -
circulatio n wor k (Dye r  1991 )  an d th e wor k o n D I S C E R N , 
a connectionis t  mode l  fo r  understandin g simpl e writte n sen -
tence s (Miikkulaine n 1993) .  However ,  mos t  networ k archi -
tecture s hav e use d vecto r  representation s fro m a  stati c lexi -
con .  Whil e stati c representation s mak e i t  easie r  t o ad d ne w 
entries ,  stati c entrie s m a y no t  b e cognitivel y plausible .  Fur -
thermore ,  developin g lexica l  representation s automaticall y 
integrate s learnin g wit h representatio n an d reduce s th e lan -
guag e acquisitio n effort .  Therefore ,  w e wil l  explor e t o wha t 

Symboli c Connectionis t  Robus t  Enterpris E fo r  Natura l 
languag e 
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exten t  representation s ca n b e forme d dynamicall y i n a  real -
worl d spoke n languag e environment . 

(  inierjeaui n J 
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Figur e 1 :  Overal l  S C R E EN architecture .  Th e larg e arro w 
shows th e subtas k o f  assignin g abstrac t  syntacti c categorie s 
at  th e phras e level .  Thi s subtas k i s examine d fo r  formin g dy -
nami c lexica l  representation s automatically . 

In this section we will give a brief overview of our 
SCREEN syste m (se e figure  1) .  Ther e ar e thre e fundamen -
ta l  principle s whic h ar e addresse d i n S C R E EN base d o n ear -
lie r  experienc e wit h hybri d connectionis t  system s (Wermte r 
1995,  Wermte r  &  Weber  1997) .  First ,  w e wan t  t o exam -
in e hybri d connectionis t  learnin g technique s i n a  real-worl d 
speech/languag e system .  Second ,  w e wan t  t o explor e t o wha t 
exten t  hybri d connectionis t  technique s ca n provid e th e neces -
sar y robustnes s an d incrementa l  processing .  Third ,  w e wan t 
t o examin e a  screenin g approac h t o spoke n languag e analy -
sis ;  tha t  is ,  rathe r  tha n a n in-dept h understandin g w e ai m a t  a 
flat,  scannin g understanding ,  bu t  w e wan t  th e understandin g 
t o b e robus t  an d learned . 

I n general ,  ou r  long-ter m perspectiv e ha s bee n t o examin e 
th e architectura l  consequence s i n hybri d connectionis t  archi -
tecture s base d o n thes e principles .  S C R E EN consist s o f  si x 
main part s eac h o f  whic h contain s severa l  modules .  Th e fol -
lowin g descriptio n give s jus t  a  brie f  overvie w o f  th e frame -
wor k o f  th e S C R E EN architectur e usin g a  stati c lexicon ;  de -

tail s  ca n b e foun d i n (Wermte r  &  Weber  1997) .  Thi s serve s 
as motivatio n fo r  th e examinatio n o f  dynami c lexico n rep -
resentation s whic h ar e initiall y  explore d usin g th e subtas k o f 
abstrac t  syntacti c categorizatio n (larg e arro w i n figure  1) .  Th e 
dat a flo w i n figure  1  i s show n b y arrow s betwee n modules ,  i n 
some case s w e hav e use d number s t o replac e arro w drawing s 
tha t  ar e to o complex . 

The speec h sequenc e constructio n par t  a t  th e botto m o f  fig-
ur e I  receive s incrementall y singl e wor d hypothese s fro m a 
speec h recognize r  an d construct s possibl e partia l  sentenc e hy -
pothese s (modul e con-sequ-hyps) .  Th e speec h evaluatio n par t 
at  th e lowe r  lef t  sid e contain s module s fo r  evaluatin g individ -
ual  partia l  sentenc e hypothese s an d choose s bette r  sentenc e 
hypothese s base d o n acoustic ,  syntacti c an d semanti c knowl -
edge (bas-syn-pre ,  bas-sem-pre ,  speech-error) . 

Categor y knowledg e i s learne d an d generalize d i n th e cat -
egor y assignmen t  par t  a t  th e lowe r  righ t  side .  Furthermore , 
phras e start s ar e detecte d fo r  identifyin g phras e boundarie s 
(phrase-start) .  Th e categor y assignmen t  par t  contain s severa l 
module s fo r  a  flat  syntacti c an d semanti c analysi s o f  a  cur -
ren t  sentenc e hypothesi s (bas-syn-dis ,  bas-sem-dis ,  abs-syn -
cat ,  abs-sem-cat) .  Th e syntacti c an d semanti c analysi s  i s per -
forme d a t  tw o syntacti c an d semanti c levels .  Th e larg e arro w 
shows th e subtas k o f  assignin g abstrac t  syntacti c categorie s 
at  th e phras e level .  Thi s subtas k i s examine d fo r  formin g dy -
nami c lexica l  representation s automaticall y  i n thi s paper . 

The correctio n par t  abov e contain s module s fo r  ofte n oc -
currin g mistake s whic h hav e t o b e deal t  wit h explicitl y  i n 
spontaneou s language .  Fo r  instance ,  ther e ar e module s fo r 
detectin g interjection s an d pauses ,  wor d repairs ,  an d phras e 
repair s (pause ,  interjection ,  word-error ,  phrase-error) .  Fur -
thermore ,  ther e ar e som e assistanc e module s fo r  preprocess -
in g (lex-start-eq ,  bas-syn-eq ,  bas-sem-eq ,  lex-word-eq ,  abs -
syn-eq ,  abs-sem-eq) .  Th e cas e rol e par t  contain s a  segmen -
tatio n parse r  fo r  segmentin g complet e dialo g turn s int o utter -
ance s segment s an d fo r  filling  th e content s o f  a  cas e fram e 
wit h th e utteranc e constituent s (segment-parser) .  Th e dialo g 
act  par t  (dia-act )  i s responsibl e fo r  recognizin g dialo g act s o f 
utterance s an d interact s wit h th e cas e fram e part . 

As show n i n figure  1 ,  w e hav e chose n primaril y feedfor -
war d connectionis t  network s an d simpl e recurren t  network s 
(Elma n 1990) .  Simpl e recurren t  network s wer e foun d t o b e 
ver y effectiv e base d o n thei r  potentia l  fo r  sequentia l  contex t 
processin g an d faul t  tolerance .  Gradien t  descen t  i s use d t o 
trai n thes e network s (Rumelhar t  e t  a l  1986) .  I f  a  modul e 
does no t  contai n a  connectionis t  networ k  i t  use s simpl e sym -
boli c rules ,  fo r  instanc e fo r  a  lexica l  comparison .  W e wil l  no t 
go int o furthe r  detail s  o f  th e architectur e whic h ha s bee n de -
scribe d recentl y i n mor e detai l  i n (Wermte r  &  Webe r  1997) . 
Rather ,  w e wil l  no w star t  t o focu s o n ou r  ne w experiment s o n 
formin g dynami c representations .  I n particular ,  w e wil l  de -
scrib e th e developmen t  o f  dynami c syntacti c representation s 
fo r  th e tas k o f  abstrac t  syntacti c categor y assignmen t  (se e th e 
larg e arro w fo r  th e modul e i n figure  1) . 

Focusing on an example: dynamics of syntactic 

representation s 

Syntacti c analysi s ca n b e interprete d a s th e proces s o f  assign -
in g highe r  abstrac t  syntacti c categorie s (nonterminals )  t o ba -
si c syntacti c categorie s (terminals) .  I n orde r  t o suppor t  th e 
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necessar y robustnes s fo r  spoke n languag e analysi s w e hav e 
use d a  restricte d numbe r  o f  basi c an d abstrac t  syntacti c cate -
gorie s i n ou r  domai n o f  meetin g scheduling .  Tabl e 1  show s 
th e basi c syntacti c categorie s an d tabl e 2  show s th e abstrac t 
syntacti c categorie s whic h hav e bee n use d i n ou r  compariso n 
experiment s wit h manuall y define d lexico n representations . 

Categor y 
nou n (N ) 
ver b (V ) 
prepositio n (R ) 
pronou n (U ) 
numera l  (M ) 
participl e (P ) 
paus e (/ ) 

Exampl e 
dat e 
meet 
at ,  i n 
I ,  yo u 
fourt h 
take n 
paus e 

Categor y 
adjectiv e (J ) 
adver b (A ) 
conjunctio n (C ) 
determine r  (D ) 
interjectio n (I ) 
othe r  (O ) 

Exampl e 
lat e 
ofte n 
and 
the ,  a 
eh,  o h 
particl e 

Tabl e 1 :  Basi c syntacti c categorie s 

Categor y 
ver b grou p (VG ) 
nou n grou p (NG ) 
adverbia l  grou p (AG ) 
prepositiona l  grou p (PG ) 
conjunctio n grou p (CG ) 
modus grou p ( M G ) 
specia l  grou p (SG ) 
interjectio n grou p (IG ) 

Exampl e 
mean,  woul d propos e 
a date ,  th e nex t  possibl e slo t 
later ,  a s earl y a s possibl e 
i n th e dinin g hal l 
and ,  either.. .  o r 
interrogatives ,  confirmation s 
additives :  please ,  the n 
interjections ,  pauses :  eh ,  o h 

Tabl e 2 :  Abstrac t  syntacti c categorie s 

categor y representatio n "pronou n ver b ver b interjectio n de -
termine r  verb/nou n prepositio n noun "  ha s t o b e mappe d t o 
an abstrac t  categor y representatio n "noun-grou p verb-grou p 
interjection-grou p noun-grou p prepositional-group" .  Thi s 
networ k (1 3 input ,  7  hidden ,  8  outpu t  units )  ha d a  fairl y  goo d 
performanc e o n a  230 0 wor d corpu s reachin g 9 1 % categor y 
accurac y o n th e trainin g se t  an d 8 4 % o n th e unknow n tes t  set . 
However ,  thi s networ k ha d stati c lexico n entries . 

Usin g thes e experiment s wit h stati c predefine d inpu t  rep -
resentation s a s a  botto m lin e comparison ,  n o w w e tur n ou r 
attentio n t o th e developmen t  o f  dynami c representation s fo r 
th e tas k o f  assignin g abstrac t  syntacti c categories .  Th e sim -
pl e recurren t  networ k wa s modifie d s o tha t  th e learnin g al -
gorith m wa s abl e t o chang e th e inpu t  representation s ove r 
time .  Becaus e o f  th e possibilit y  o f  developin g inpu t  repre -
sentation s automaticall y w e ca n restric t  th e knowledg e whic h 
i s provide d t o th e network . 

Whil e th e stati c networ k receive d th e basi c syntacti c cat -
egor y representatio n a s th e inpu t  an d assigne d th e abstrac t 
syntacti c categor y representatio n a s th e outpu t  fo r  eac h sub -
sequen t  word ,  n o w w e wil l  onl y provid e th e abstrac t  syntacti c 
categor y representatio n a s th e outpu t  o f  th e networ k durin g 
learnin g (se e th e networ k architectur e i n figure  3) .  The n th e 
learnin g proces s backpropagate s error s t o th e unit s i n th e hid -
de n laye r  bu t  als o bac k t o th e inpu t  layer .  Thi s proces s allow s 
th e learnin g algorith m t o assis t  i n th e developmen t  o f  repre -
sentation s whic h ar e particula r  usefu l  fo r  th e give n task .  Ove r 
tim e inpu t  representation s emerg e base d o n thei r  us e i n dif -
feren t  contexts . 

VG A G C G S G 
PG N G M G J G 

VG A G C G S G 
PG N G M G J G 

Outpu t  laye r 

Hidde n laye r 

Inpu t  layer :  stati c 
representatio n 
fo r  wor d w 

Contex t 
laye r 

Figur e 2 :  Origina l  simpl e recurren t  networ k wit h stati c lexi -
co n representation s a s use d i n th e overal l  S C R E E N architec -
ture .  Stati c basi c syntacti c categorie s fo r  on e w o r d ar e use d 
as inpu t  t o th e network . 

First, we have trained a simple recurrent network to assign 
abstrac t  syntacti c categorie s t o basi c syntacti c categorie s i n 
a stati c lexico n f r a m e w o r k (se e figure  2 ) .  Ther e w a s on e in -
pu t  uni t  fo r  eac h basi c syntacti c categor y an d on e outpu t  uni t 
fo r  eac h abstrac t  syntacti c category .  Fo r  a  ver y simpl e sen -
tence ,  e.g .  " I  w o u l d sugges t  e h a  meetin g o n Friday "  a  basi c 

Outpu t  laye r 

Hidde n laye r 

Inpu t  layer : 
initiall y  rando m 
representatio n 
fo r  wor d w 

Contex t 
laye r 

c t 5 i f f S 2 ) 

Inpu t  layer :  ne w dynami c representatio n fo r  sam e 
wor d w  afte r  200 0 epoch s 

Figur e 3 :  N e w simpl e recurren t  networ k wit h dynami c basi c 
syntacti c featur e formation .  On l y th e abstrac t  syntacti c cat -
egor y know ledg e i s provide d t o th e networ k durin g training . 
T h e d y n a m i c inpu t  representation s ar e forme d dynamicall y 
durin g training . 

Now we will describe the augmentations which are nec-
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essar y fo r  buildin g dynami c representations .  Th e standar d 
backpropagatio n learnin g algorith m i s a  gradien t  descen t 
learnin g procedur e whic h minimize s th e square s o f  th e dif -
ference s betwee n actua l  an d desire d outpu t  value s ove r  al l 
outpu t  unit s an d al l  trainin g instances : 

E =  \Y.Y.i<ip^-yp^) ' (1 ) 

wher e E  i s th e globa l  erro r  function ,  p  i s th e patter n o f  th e 
curren t  trainin g instance ,  j  i s th e inde x o f  th e outpu t  units ,  dp j 
i s th e desire d valu e an d yp j  i s  th e curren t  compute d value .  I t 
has bee n show n (Rumelhar t  e t  a l  1986 )  tha t  thi s erro r  functio n 
E i s minimize d i f  th e weight s ar e update d accordin g t o th e 
followin g equation : 

Apw. j  =  n^pjVp i (2 ) 

wher e Wi j  i s th e weigh t  fro m uni t  i  t o uni t  j ,  t ]  i s th e learnin g 
rate ,  Sp j  i s  th e erro r  associate d wit h uni t  j ,  an d j/p ,  i s  th e 
outpu t  valu e o f  uni t  i . 

The erro r  Sp j  fo r  a  uni t  j  i s compute d differentl y fo r  outpu t 
unit s (3 )  an d hidde n unit s  (4) .  Thi s computatio n minimize s 
th e tota l  su m square d erro r  o f  equatio n (1) .  Furthermore ,  th e 
functio n /  i s a  semilinea r  function ,  tha t  is ,  th e functio n /  i s 
non-decreasin g an d differentiable . 

^p j  =  (dp j  -  ypj)f j  Y l  ^'^yp '  +  ^ J (3 ) 
/ 

\ 

v .  /  k 

Up t o thi s poin t  w e hav e th e well-know n backpropagation 
learnin g rule .  Bu t  i t  i s  possibl e t o exten d thi s backpropagation 
of  error s t o th e inpu t  laye r  (Miikkulaine n 1993) , 

r ,  =  T)S i  =  r j '^SjWi j (5 ) 

The valu e S i  i s th e erro r  fo r  uni t  i  o f  th e inpu t  layer ,  S j  th e 
erro r  fo r  a  uni t  j  i n th e hidde n laye r  an d Wi j  th e weigh t  fro m 
uni t  i  o f  th e inpu t  laye r  t o uni t  j  o f  th e hidde n layer .  Th e 
actua l  chang e r ,  o f  a n elemen t  i n th e inpu t  laye r  i s multiplie d 
wit h th e learnin g rat e r j  an d limite d b y th e interva l  [0,1] .  Th e 
ne w representation s r,( t  + 1 )  ar e calculate d b y th e su m o f  th e 
ol d representatio n ri(t )  plu s th e chang e r, . 

ri( t  +  l )  =  max(0,mm( l , r , (< )  +  r,) ) (6 ) 

P e r f o r m a n c e 

Usin g a  corpu s o f  18 4 turn s fro m real-worl d spoke n conversa -
tion s abou t  meetin g schedulin g w e traine d an d teste d networ k 
architecture s wit h 38 4 utterance s (containin g 235 6 words) . 
T wo third s o f  th e corpu s belonge d t o th e trainin g set ,  1/ 3 t o 
th e tes t  set .  Usin g th e hand-code d stati c representation s w e 
coul d reac h 9 1 % accurac y o n th e trainin g se t  an d 8 4 % o n th e 
tes t  se t  (se e tabl e 3) .  A n assignmen t  wa s counte d a s correc t  i f 
th e abstrac t  syntacti c categor y o f  th e outpu t  elemen t  wit h th e 
highes t  valu e wa s als o th e desire d abstrac t  syntacti c category . 

Inpu t  representatio n 

Static ,  hand-code d 
Dynamic ,  learne d 

trainin g se t 

91% 
99% 

tes t  se t 

84 % 
79% 

Tabl e 3 :  Performanc e fo r  abstrac t  syntacti c categorizatio n 
tas k 

I n contrast ,  th e dynami c representatio n networ k use d ini -
tiall y  rando m lexica l  representation s fo r  th e basi c syntacti c 
representatio n o f  eac h word .  Durin g trainin g onl y th e curren t 
abstrac t  syntacti c categor y representatio n o f  a  wor d i s show n 
at  th e outpu t  layer .  Ove r  time ,  word s wit h a  simila r  us e an d 
distributio n i n th e corpu s develope d simila r  representation s 
base d o n equation s 5  an d 6 . 

Comparin g th e networ k wit h th e stati c inpu t  representatio n 
and th e networ k wit h th e dynami c representation ,  trainin g 
performanc e o f  th e networ k whic h use d dynami c representa -
tion s wa s better .  However ,  th e generalizatio n performanc e o n 
th e tes t  se t  droppe d fro m 8 4 % t o 7 9 % .  Thi s ca n b e explaine d 
by th e fac t  tha t  th e dynami c representatio n networ k gav e th e 
learnin g algorith m mor e conceptua l  fi-eedom .  Therefor e th e 
inpu t  representation s wer e particularl y adapte d accordin g t o 
th e occurrin g distribution s o f  syntacti c categor y assignment s 
i n th e trainin g set . 

Th e dynami c representation s perfor m bette r  o n th e train -
in g set ,  th e stati c representation s o n th e tes t  set .  I n spit e o f  al l 
difference s thes e percentage s fo r  th e stati c an d dynami c rep -
resentation s ar e roughl y i n th e sam e area .  However ,  i t  i s mor e 
importan t  t o poin t  ou t  tha t  th e networ k wit h th e dynami c rep -
resentation s receive d m u c h les s knowledg e sinc e i t  di d no t 
receiv e th e knowledg e abou t  th e stati c basi c syntacti c cate -
gories .  See n fro m thi s perspectiv e th e necessar y taggin g ef -
for t  ca n b e reduce d b y 5 0 % whil e stil l  gettin g a  rathe r  simila r 
performance . 

Clustering the learned input representations 

I n orde r  t o examin e th e overal l  learnin g effec t  o n th e devel -
opment  o f  th e wor d representation s w e performe d a  principa l 
componen t  analysi s analysi s o n al l  vecto r  representatio n o f 
th e inpu t  layer .  Figur e 5  show s th e distributio n o f  th e initial -
ize d vecto r  representation s befor e learnin g ha s started .  Fo r 
thi s visualizatio n w e use d th e first  an d secon d principa l  com -
ponent .  Th e wor d representation s ar e distribute d fairl y equa l 
i n thi s initia l  state . 

The stat e afte r  100 0 learnin g epoch s i s show n i n figure  5 . 
As w e ca n se e ther e i s a  clea r  tendenc y t o for m cluster s an d 
thi s demonstrate s th e genera l  effec t  o f  learning .  Furthermore , 
at  thi s hig h leve l  o f  abstractio n o f  showin g al l  vecto r  rep -
resentation s w e ca n identif y tw o majo r  clouds .  Thes e tw o 
cloud s correspon d t o th e majo r  divisio n betwee n noun-relate d 
knowledg e an d non-noun-relate d knowledge .  Tha t  is ,  th e first 
clou d contain s mainl y noun s an d pronoun s lik e "wir "  (En -
glish :  we) ,  whil e th e secon d clou d contain s othe r  syntacti c 
categories .  Thi s mai n distinctio n seem s t o b e usefu l  fo r  th e 
learnin g algorith m sinc e noun s an d pronoun s occu r  ver y ofte n 
and the y occu r  i n simila r  contexts . 
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Figur e 5 :  Clusterin g afte r  100 0 trainin g step s 

After we have shown the general learning effect at a higher 
leve l  o f  abstractio n w e n o w z o o m i n o n a  certai n exampl e par t 
i n orde r  t o illustrat e th e learnin g effec t  fo r  individua l  words . 
W h en w e analyze d th e learne d w o r d representation s i n m o r e 
detai l  w e foun d tha t  th e networ k ha d develope d a  distribute d 
representatio n o f  syntacti c categories .  A  hierarchica l  cluste r 
analysi s o n th e vector s o f  th e w o r d representatio n showe d tha t 
wo rd s wh ic h belonge d t o th e s a m e basi c syntacti c categor y 
wer e clustere d together .  Figur e 6  show s a  smal l  portio n o f 
th e hierarchica l  cluste r  tree .  I n thi s par t  conjunction s ("und " 
"dass "  " o b w o h l "  ar e G e r m a n conjunctions )  ar e clustere d to -
gether . 

Discussion 

Althoug h m a n y connectionis t  model s us e stati c lexico n rep -
resentations ,  ther e ha s bee n som e previou s wor k o n dynami c 
lexico n formatio n i n connectionis t  natura l  languag e process -
in g (Pollac k 1988 ;  Dye r  1991 ;  Miikkulaine n 1993) .  Ther e 
ar e tw o mai n difference s betwee n ou r  approac h her e an d thi s 
previou s work .  First ,  w e focu s o n nois y real-worl d speec h 
(includin g variou s mistakes ,  etc )  rathe r  tha n well-forme d sen -
tenc e schemata .  Second ,  w e us e dynami c representation s 

Figur e 6 :  Par t  o f  hierarchica l  cluste r  analysi s o f  th e learne d 
wor d representation s 

onl y a t  th e inpu t  laye r  an d guid e th e networ k throug h th e out -
put  layers . 

What  hav e w e learne d fro m this ? W e foun d tha t  reduc -
in g th e constraint s o n th e networ k b y formin g dynami c wor d 
representation s lead s t o a  classificatio n improvemen t  fo r  th e 
accurac y o n th e trainin g set ,  bu t  als o t o a  deterioratio n o n th e 
tes t  set .  Th e additiona l  degree s o f  representationa l  freedo m 
ar e responsibl e fo r  thi s behavior .  I n mos t  case s th e dynami c 
wor d representation s ar e clustere d accordin g t o thei r  syntac -
ti c basi c categories .  Th e network s develope d distribute d wor d 
representation s throughou t  al l  experiments .  W e di d no t  find 
evidenc e fo r  localis t  encoding s o f  wor d representations . 

Anothe r  importan t  poin t  i s  tha t  th e networ k whic h ha s t o 
for m dynami c representation s receive d m u c h les s knowledg e 
t o perfor m th e classificatio n task .  Whil e th e stati c networ k  re -
ceive d bot h abstrac t  an d basi c syntacti c categor y knowledge , 
th e dynami c networ k receive d onl y knowledg e abou t  th e ab -
strac t  syntacti c categories .  Therefor e m u c h les s manua l  label -
in g wor k i s necessary .  Howeve r  ther e i s als o a  performanc e 
dro p fo r  th e tes t  se t  o f  th e networ k wit h th e dynami c repre -
sentations .  S o w e find a  tradeof f  here .  I f  manua l  labelin g i s 
reliabl y good ,  a  networ k wit h stati c representation s ca n out -
perfor m a  networ k wit h dynami c representations .  However , 
i f  manua l  labelin g i s expensiv e o r  unreliable ,  a  networ k wit h 
dynami c representation s wit h a  slightl y lowe r  classificatio n 
accurac y migh t  b e a  goo d choice ,  i n particula r  fo r  developin g 
computationa l  model s i n a  flexible  manner . 

O ne importan t  aspec t  i s th e questio n whethe r  manua l  la -
belin g ca n b e avoide d usin g automati c wor d representatio n 
formation .  Ou r  experiment s sugges t  tha t  automati c represen -
tatio n formatio n i s possibl e fo r  syntacti c lexico n construction , 
and th e use r  ha s t o provid e les s manuall y encode d knowledge . 
I n a  simila r  manner ,  th e assignmen t  o f  categorie s fo r  seman -
tic s o r  pragmatic s shoul d b e possible . 

On th e othe r  hand ,  th e dynamicall y learne d representation s 
ar e particularl y tune d fo r  th e particula r  tas k an d therefor e th e 
representation s m a y no t  b e eas y t o interpret .  However ,  ad -
ditiona l  mean s lik e hierarchica l  cluste r  analysi s an d principa l 
componen t  analysi s ca n assis t  th e use r  t o interpre t  th e learne d 

806 



representations .  I n contrast ,  manuall y determine d stati c lexi -
con representation s ca n b e interprete d naturall y an d ne w en -
trie s ca n b e define d easily ,  bu t  manuall y determine d represen -
tation s ma y no t  reflec t  th e exac t  tas k knowledg e an d the y ar e 
difficul t  t o develop . 

We hav e examine d th e possibilit y  o f  learnin g syntacti c rep -
resentation s automaticall y withi n a  large r  real-worl d spoke n 
languag e analysi s system .  Althoug h w e d o no t  clai m i n gen -
era l  S C R E EN t o b e a  cognitivel y vali d mode l  o f  huma n lan -
guage processin g i n general ,  w e thin k i t  i s  importan t  fo r 
buildin g computationa l  model s t o integrat e a s muc h cogni -
tivel y vali d aspect s o f  huma n languag e processin g a s possi -
ble .  Whil e w e alread y focuse d o n incrementa l  processing , 
robustness ,  a s wel l  a s paralle l  syntacti c an d semanti c pro -
cessin g i n previou s work ,  her e w e examine d dynami c wor d 
representatio n formation .  Usin g thi s motivatio n fro m cog -
nitiv e languag e processin g an d knowledg e engineering ,  i t  i s 
not  onl y possibl e t o improv e th e coverag e o f  a  computationa l 
model  bu t  als o gai n insight s o n certai n aspect s o f  cognitiv e 
languag e understanding . 
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