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Abstrac t 

We present a connectionist model for the interpretation of dis-
cours e particle s i n rea l  dialogue s tha t  i s base d o n neurona l 
principle s o f  categorizatio n (categorica l  perception ,  prototyp e 
formation ,  contexUia l  interpretation) .  I t  ca n b e show n tha t 
discours e particle s operat e jus t  lik e othe r  morphologica l  an d 
lexica l  item s wit h respec t  t o interpretatio n processes .  Th e de -
scriptio n propose d locate s discours e particle s i n a n elaborat e 
model  o f  communicatio n whic h incorporate s man y differen t 
aspect s o f  th e communicativ e situation .  W e therefor e als o 
attemp t  t o explor e th e conten t  o f  th e categor y discours e parti -
cle .  W e presen t  a  detaile d analysi s o f  th e meanin g assignmen t 
proble m an d sho w tha t  8 0 % -  9 0 % correctnes s fo r  unsee n dis -
cours e particle s ca n b e reache d wit h th e featur e analysi s pro -
vided .  Furthermore ,  w e sho w tha t  'analogica l  transfer '  fro m 
one discours e particl e t o anothe r  i s facilitate d i f  prototype s 
ar e compute d an d use d a s th e basi s fo r  generalization .  W e 
conclud e tha t  th e interpretatio n processe s whic h ar e a  par t  o f 
th e huma n cognitiv e syste m ar e ver y simila r  wit h respec t  t o 
differen t  linguisti c  items .  However ,  th e analysi s o f  discours e 
particle s show s clearl y tha t  an y explanator y theor y o f  languag e 
need s t o incorporat e a  theor y o f  communicatio n processes . 

Discourse Particles, Meaning Assignment, and 

t h e C o m m u n i c a t i o n S y s t e m 

I n a  numbe r  o f  paper s [Scheler ,  1994 ;  Scheler ,  1996b] ,  i t  ha s 
bee n argue d tha t  feature-base d categorizatio n i s a n effectiv e 
model  fo r  morphologica l  an d lexica l  meanin g analysis .  Thi s 
applie s t o th e issu e o f  generatin g a  morphologica l  categor y 
or  a  lexem e fro m a  give n featur e representation ,  bu t  i t  i s  eve n 
mor e effectiv e i n extractin g meaning s fro m th e contex t  o f  a 
writte n tex t  o r  dialogue .  Th e centra l  ide a i s tha t  linguisti c 
element s ar e use d i n communicatio n (whethe r  wit h sel f  o r 
others )  viareferenc e t o aconceptua l  level ,  whic h i s closel y tie d 
t o cognitiv e categorie s (even t  an d tempora l  structure ,  spatia l 
cognition ,  knowledg e abou t  objects ,  motion ,  change s etc.) . 

I n thi s paper ,  i t  wil l  b e argue d tha t  pragmati c meaning s 
basicall y operat e i n th e sam e way :  a  limite d numbe r  o f 
discours e element s i n a  languag e serve s t o communicat e a 
greate r  numbe r  o f  pragmati c meaning s i n a  predictabl e way . 
Thi s mode l  o f  categorizatio n a s meanin g assignmen t  wil l  b e 
instantiate d fo r  discours e particles ,  characteristi c item s o f 
spoke n languag e discourse ,  suc h a s well ,  yes ,  oh ,  ah ,  okay , 
uh an d um .  Thes e element s fulfil l  man y differen t  function s 
wit h respec t  t o th e turn-takin g system ,  speec h management , 
discours e structure ,  an d th e interactiv e leve l  betwee n th e com -
municatio n partners .  Fo r  example ,  the y segmen t  utterances ; 
the y indicat e ne w topic s an d mar k importan t  information ; 

the y establis h a  harmoniou s atmospher e betwee n speaker s an d 
hearers ;  the y hel p taking ,  yieldin g o r  holdin g th e turn ,  an d 
the y signa l  speaker-attitud e [Levelt ,  1983 ;  Schiffrin ,  1987 ; 
Groszera/. ,  1989] . 

Most  analyse s o f  thes e particle s ar e characterize d b y re -
stricte d perspective s o n thei r  function ,  whic h i s mirrore d i n a 
larg e numbe r  o f  term s fo r  th e phenomen a unde r  consideration , 
fo r  instanc e segmentatio n marker ,  cu e phrase ,  connector , 
interjectio n [Fischer ,  1996b] .  Additionally ,  s o fa r  n o auto -
mati c method s fo r  assignin g discours e function s t o discours e 
particle s hav e bee n proposed .  Usin g a  specifi c  mode l  o f  th e 
conmiunicatio n situatio n [Fischer ,  1996a] ,  a  metho d fo r  as -
signin g discours e function s t o particle s i n natura l  dialogue s 
wil l  b e presente d whic h i s base d o n neurona l  categorizatio n 
principle s a s embodie d withi n th e connectionis t  framewor k o f 
NEUROSEM'. 

The aim s o f  th e pape r  ar e therefor e 

t o sho w tha t  feature-base d categorizatio n i s a n effectiv e 
model  fo r  pragmati c interpretatio n processes ; 
t o automaticall y assig n meaning s t o occurrence s o f  dis -
cours e particle s i n context ; 
t o sho w h o w knowledg e abou t  th e function s o f  on e dis -
cours e particl e ca n suppor t  anothe r  b y mean s o f  general -
izatio n fro m prototypes . 

A Computational IModel of Discourse Function 

The linguisti c mode l  develope d fo r  discours e particle s wa s 
motivate d b y th e goa l  o f  finding  consisten t  pattern s o f  th e 
pragmati c functio n o f  thes e particles ,  whic h see m t o occu r 
almos t  randoml y a t  first  sight .  However ,  ou r  hypothesi s wa s 
tha t  i f  w e appl y a  computationa l  mode l  tha t  i s  capabl e o f 
accountin g fo r  a  hig h degre e o f  context-dependenc y an d mul -
tifunctionality ,  th e differen t  meaning s o f  discours e particle s 
ca n b e compute d wit h a  considerabl e degre e o f  accuracy .  I n 
th e followin g w e shal l  presen t  briefl y th e linguisti c mode l  an d 
th e computationa l  mode l  applie d t o it .  W e refe r  th e reade r  t o 
[Fischer ,  1996a ]  an d [Scheler ,  1997 ]  fo r  a  fulle r  accoun t  o f 
thes e approaches . 

The Linguistic Model In contrast to studies on discourse 
particle s s o far ,  th e mode l  propose d her e i s no t  restricte d 
t o a  particula r  functio n discours e particle s fulfil l  i n spoke n 
languag e discours e bu t  i t  consider s th e whol e rang e withi n a 
model  o f  communication . 

The mode l  propose d treat s discours e particle s a s lexeme s 
wit h a n invariabl e cognitiv e conten t  whic h i s employe d o n 
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differen t  communicativ e levels .  Th e variablilit y  o f  aspect s 
of  th e communicativ e situatio n a  particl e ca n refe r  t o cause s 
th e apparen t  multifunctionaiit y o f  th e class .  I n particular ,  th e 
conten t  ca n refe r  t o th e followin g communicativ e domains : 
th e speaker' s menta l  state ,  th e hearer' s suppose d menta l  slate , 
th e prepositiona l  level ,  th e speaker-heare r  interactio n level ,  a s 
wel l  a s th e actio n leve l  [Fischer ,  1996b] . 

I t  i s  assume d tha t  th e occurrenc e o f  eac h discours e particl e 
has a  specifi c  readin g i n a  natura l  dialogue .  A  numbe r  o f 
suc h discours e function s ha s bee n identifie d i n hypothesis -
tes t  cycle s o n fou r  Germa n corpora .  Th e basi c ide a i s tha t 
althoug h man y differen t  feature s ar e involve d o n man y dif -
feren t  communicativ e levels ,  ther e i s categorica l  perceptio n 
involve d i n th e interpretatio n o f  discours e particles .  I.e .  dis -
cours e function s ar e propose d t o b e mor e o r  les s stabl e featur e 
bundle s o f  surfac e an d pragmati c propertie s [Fischer ,  1996a ; 
Fischer ,  1996b] .  Th e inventor y ofthes e discours e function s i s 
suppose d t o b e vali d fo r  al l  discours e particles ,  definin g thes e 
linguisti c element s fro m a  functiona l  perspective . 

As a n exampl e fo r  different ,  ye t  relate d reading s o f  a  dis -
cours e particl e conside r  th e followin g tw o occurrence s o f  En -
glis h ye j  :  Bot h ar e reaction s t o a  proposal .  I n th e first  case , 
th e semanti c conten t  o f  ye s "yo u an d I  thin k th e same "  refer s 
t o th e propositiona l  level ,  signallin g agreemen t  o n th e subjec t 
i n questio n a s a n answe r  particle .  I n th e secon d example ,  ye s 
i s use d t o signa l  basi c agreemen t  t o th e communicatio n part -
ner  ALTHOUGH th e speake r  ha s t o rejec t  th e proposal .  Her e 
th e semanti c conten t  refer s t o th e interactio n level . 

Example 1 yes, that would suit me. 

Example 2 yes, it is problematic because of the holidays. 

The meanings of discourse particles are consequently mod-
ele d wit h a  fixed  lexica l  cor e an d additiona l  context-dependen t 
feature s whic h refe r  t o differen t  level s o f  communication . 
Thi s render s th e postulatio n o f  severa l  polysemou s item s su -
perfluous ,  an d exploit s context-dependen t  .yyifema/i' c  ambigu -
it y instead . 

Occurrence s o f  discours e particle s ca n b e characterize d fur -
the r  accordin g t o th e specifi c function s the y fulfil l  wit h respec t 
t o th e turn-takin g system ,  th e speec h formulatio n an d plan -
nin g process ,  th e discours e structure ,  a s wel l  a s concernin g 
thei r  surface-leve l  propertie s i n utterances .  Fo r  instance ,  ye s 
can b e use d t o tak e th e tur n a s i n exampl e 3 ,  t o introduc e a 
ne w topi c (o r  eve n t o ope n a  conversatio n a s i n exampl e 4 ) , 
and i n utteranc e repair s (exampl e 5) . 

Examples yes, what would you suggest? 

Example 4 yes, hi hello my name is Quell. 

Example 5 oh yes, sorry, June. 

The individual features of description used concern both 
surfac e feature s (suc h a s tur n position :  initial )  an d func -
tion s locate d i n differen t  pragmati c domains ,  fo r  instanc e 
turn-takin g o r  speec h managemen t  functions . 

The corpu s unde r  consideratio n wa s recorde d i n a  settin g 
wher e on e speake r  ha d t o teac h anothe r  on e t o buil d a  toy -
airplan e [Sagerere f  a/. ,  1994] .  A  simpl e exampl e o f  a  surfac e 
featur e concern s th e speaker' s rol e i n utterin g a  discours e par -
ticle :  fo r  instance ,  i t  i s  mor e likel y tha t  a  feedbac k signa l 

i s  uttere d b y th e constructo r  tha n th e instructor .  Othe r  fea -
tures ,  fo r  example ,  concer n th e positio n o f  th e particl e i n a n 
utterance ,  a s wel l  a s it s combination s wit h othe r  particles . 

Beside s th e function s a  particl e displays ,  a n exampl e o f  a 
pragmati c featur e i s constitute d b y th e speec h ac t  th e particl e 
occur s in .  I t  wa s foun d i n distributiona l  an d functiona l  anal -
yse s tha t  ther e ar e significan t  correlation s betwee n particula r 
dialogu e acts ,  domain-specifi c  speec h act s o f  th e precedin g 
and th e curren t  utteranc e [Schmit z an d Quantz ,  1997] ,  an d 
th e respectiv e discours e particl e [Fische r  an d Johanntokrax , 
1995] .  Consequently ,  th e precedin g an d curren t  dialogu e act s 
wer e code d fo r  th e feature-base d descriptio n a s pragmati c fea -
tures .  A  catalogu e o f  feature s an d discours e function s i s give n 
i n th e appendix . 

To su m up ,  th e linguisti c feature s whic h ar e employe d con -
cer n th e man y differen t  function s o f  discours e particle s i n 
spoke n languag e discourse ,  th e differen t  coimnunicativ e do -
main s th e cognitiv e conten t  o f  discours e particle s refer s to ,  a s 
wel l  a s th e surfac e realizatio n o f  a n occurrence . 

Principles of Linguistic Categorization Feature-based 
analysi s ha s a  lon g traditio n i n linguistics .  Featur e represen -
tation s pla y a  prominen t  rol e i n mos t  phonologica l  theories , 
and the y ar e als o o f  considerabl e impac t  i n theorie s o f  lexica l 
meanin g an d grammatica l  categories .  Lookin g a t  linguisti c 
categorizatio n fro m a  cognitiv e perspective ,  w e m a y empha -
siz e th e symbolic ,  i.e .  binar y (o r  n-ary )  natur e o f  representa -
tiona l  feature s an d th e transient ,  context-dependen t  natur e o f 
categor y assignment . 

An excitin g possibilit y  fro m a  neurocognitiv e poin t  o f  vie w 
concern s th e interpretatio n o f  linguisti c unit s a s trul y per -
ceptua l  categorie s o n a  pa r  wit h visua l  imag e formatio n o r 
auditor y percept s [Scheler ,  1997] .  Mai n analogie s concer n 
th e existenc e o f  categorica l  perception ,  i.e .  classificatio n 
t o stabl e higher-leve l  unit s fro m lower-leve l  descriptiv e in -
put  features ,  prototyp e formation ,  whic h concern s th e ab -
stractio n fro m a  larg e se t  o f  inpu t  pattern s t o a  fe w cen -
tra l  referenc e patterns ,  an d contextua l  interpretation ,  whic h 
refer s t o th e huma n brain' s abilit y  t o switc h betwee n vari -
ous classification s o f  th e sam e ite m dependin g o n th e per -
ceive d context .  Th e syste m N E U R O S EM ha s bee n devel -
ope d wit h th e goa l  o f  providin g th e specifi c  tool s neces -
sar y t o perfor m connectionis t  semanti c analysi s fo r  a  wid e 
rang e o f  applications .  A  precurso r  o f  N E U R O S EM wa s 
use d fo r  machin e translatio n o f  aspectua l  categorie s an d tex t 
correctio n o f  definit e an d indefinit e article s [Scheler ,  1996b ; 
Scheler ,  1996a] .  Th e mai n part s o f  N E U R O S EM concer n a 
flexible  binar y encodin g schem e V G E N ,  a n optiona l  inpu t  tag -
ger  fo r  surfac e categorie s [Bauer ,  1995] ,  a  dat a analysi s too l 
D A T M A P,  an d a  se t  o f  statistica l  an d connectionis t  learnin g 
procedures . 

Clustering and Data Analysis 

Representatio n Issue s an d Samp l e Siz e Accordin g t o th e 
featur e catalogue ,  a  feature-base d analysi s wa s carrie d ou t  o n 
15 0 randoml y chose n occurrence s o f  j a i n a  larg e Germa n 
corpu s (cf .  [Sagere r  e t  al. ,  1994] )  an d a n additiona l  se t  o f 
2 0 occurrence s o f  oh .  W e arriv e a t  a  databas e o f  atomi c 
feature s describin g variou s aspect s o f  th e linguisti c signa l  an d 
it s communicativ e setting .  Th e goa l  o f  th e computationa l 
model  i s (a )  t o provid e a n analysi s o f  th e dat a wit h respec t 
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F igur e 2 :  Distributio n o f  Pattern s accordin g t o Discours e 
Func t io n 

t o thei r  stochasti c a n d classificationa l  propertie s an d (b )  t o 
effectivel y realiz e m e a n i n g ass ignmen t  fo r  discours e particle s 
i n contex t  give n th e feature s involved . 

O ur  e m p h a s i s i n thi s pape r  i s  o n h o w speaker s pe r fo r m 
m e a n i n g analysis ,  look in g a t  thi s questio n f r o m a  theoretica l 
perspectiv e w h i c h o p e n s u p th e possibilit y o f  usin g thi s ap -
p roac h i n practica l  l anguag e engineerin g task s a s well .  Th i s 
i s i n contras t  t o statistica l  natura l  l anguag e processin g w h e r e 
i t  ha s b e c o m e c u s t o m a r y t o conduc t  analyse s o n th e scal e o f 
lO' s o f  mil l ion s o f  w o r d s .  I t  s e e m s ,  h o w e v e r ,  tha t  small-scale , 
intensiv e analyse s suc h a s th e o n e presente d her e ar e m o r e 
realisti c wi t h respec t  t o th e languag e learne r  tha n analyse s 
conduc te d o n larg e corpora .  I t  i s  doubtfu l  w h e t h e r  large-scal e 
statistica l  analysi s wil l  b e applicabl e t o th e situatio n o f  a  per -
so n takin g i n o n e cas e a t  a  t ime ,  bu t  th e m e t h o d p ropose d her e 
i s a m e n a b l e t o suc h on-lin e learning . 

Similarit y Measures ,  Clusterin g an d Frequenc y Count s 
Th e dat a w e ar e usin g ar e th e resul t  o f  a  specifi c  represen -
tationa l  method ,  namel y usin g attribute-valu e descriptions , 
wher e severa l  value s attac h t o eac h descriptiona l  dimensio n 
(o r  attribute) .  The y ar e furthe r  pre-processe d b y bein g con -
verte d int o binar y dat a vectors ,  fo r  whic h a  numbe r  o f  option s 
ar e availabl e (optima l  binar y coding ,  linea r  1-of- n coding , 
error-correctin g codin g etc.) ,  an d wher e optima l  binar y cod -

in g wa s chosen .  (Th e dat a use d ar e spars e i n th e sens e tha t  fo r 
eac h patter n severa l  attribute s wer e no t  used ,  s o binar y codin g 
produce d goo d results. ) 

We performe d som e initia l  analyse s o f  th e dat a suc h a s 
frequenc y counts ,  clusterin g base d o n H a m m i n g distanc e an d 
computin g within-clas s an d between-clas s distance s o f  th e 
dat a labele d accordin g t o discours e function . 

Ther e ar e 12 7 differen t  inpu t  feature s (value s o f  attributes ) 
whic h ar e arrange d i n 1 7 dimensions .  Thes e feature s occu r 
wit h varyin g frequenc y i n th e datase t  (cf .  Fig .  1) .  (Mea n 
frequenc y o f  a  featur e i n th e tota l  se t  i s 13.8) . 

Class-labeled Data In Fig. 2 we show the number of pat-
tern s i n eac h clas s define d b y discours e functions .  W e als o 
comput e th e mea n overal l  Hanmiin g distanc e o f  pair s  o f  pat -
tern s bot h take n fro m th e sam e clas s an d fro m differen t  classe s 
(cf .  Fig .  3) . 

Thes e dat a sho w tha t  within-clas s distance s (dat a point s 
on th e diagonal )  ar e generall y smalle r  tha n thos e betwee n 
differen t  classes .  The y presen t  evidenc e fo r  th e linguisti c 
classificatio n t o b e supporte d b y th e descriptiv e feature s i n 
atteste d patterns . 

Finally ,  fo r  eac h clas s w e m a y selec t  th e patter n wit h th e 
smalles t  overal l  mea n distanc e t o othe r  pattern s i n th e sam e 
class .  Thes e ar e th e mos t  centra l  atteste d patterns ,  whic h ca n 
be regarde d a s th e prototypica l  m e m b er  o f  tha t  category .  W e 
wil l  b e usin g thes e prototype s i n meanin g assignmen t  tasks . 

Meaning Assignment 

Interpretatio n vtit h Ful l  an d Reduce d Featur e Set s I n 
th e first  se t  o f  experiments ,  i t  wa s determine d i n h o w fa r  i t  i s 
possibl e t o automaticall y assig n discours e function s i o j a an d 
oh usin g th e paradig m o f  supervise d learning .  W e sho w th e 
influenc e o f  usin g differen t  trainin g an d testin g sample s an d 
experimen t  wit h reduce d featur e set s t o determin e th e specifi c 
influenc e o f  surfac e feature s (1-7) ,  pragmati c feature s (8-17 ) 
and discours e functio n (18 )  respectively .  (Th e number s i n 
parenthese s her e an d belo w refe r  t o th e featur e numberin g i n 
th e appendix. ) 

Full Feature Set Meaning Assignment The total set of 
example s contain s 1  SOya-pattem s an d 2 0 o/i-pattems .  Binar y 
codin g produce d 5 0 inpu t  an d 4  outpu t  node s ( = 8  classe s o f 
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discours e funct ions) ,  a n d a  ful ly-connecte d feed fo rwar d 5 0 -
10- 4 ne t  w a s use d fo r  training .  T h e trainin g p rocedu r e use d 
i n al l  case s w a s standar d backp ropaga t i on ,  w h i c h a l l owe d 
t o creat e a  larg e n u m b e r  o f  easil y c o m p a r a b l e generalizatio n 
results . 

T h e basi c expe r imen t  c o n c e r n e d th e tas k o f  learnin g a  func -
tiona l  m a p p i n g b e t w e e n inpu t  feature s a n d discours e func -
tions ,  usin g a  trainin g se t  a n d generalizin g t o a  tes t  se t  f r o m 
th e 17 0 code d examples .  W e experimente d wit h differen t 
size s o f  trainin g set s an d differen t  featur e sets . 

I n Fig .  4  w e sho w th e influenc e o f  th e trainin g se t  siz e 
on generalizatio n performance .  W e ca n se e tha t  performanc e 
start s t o leve l  of f  whe n w e us e abou t  5 0 pattern s fo r  training . 
Thi s boundar y conditio n o n th e trainin g siz e ha s interestin g 
implication s fo r  lexica l  learning .  I t  m a y underscor e th e no -
tio n tha t  lexica l  learnin g require s onl y a  comparativel y smal l 
set  o f  example s t o realiz e a  functiona l  mappin g fro m inpu t 
t o meanin g fo r  a  grea t  numbe r  o f  othe r  case s (cf .  [Scheler , 
1996b]) .  Belo w w e sho w tha t  analogica l  transfe r  t o a  ne w 
particl e ma y b e successfu l  fo r  a n eve n smaller ,  prototypica l 
trainin g set . 

Reduce d Featur e Set s Th e surfac e feature s use d ar e easil y 
extractibl e fro m tex t  corpor a usin g preprocessin g an d statis -
tica l  corpu s analysi s tool s  (cf .  [Bauer ,  1995]) .  Therefor e i t 
i s  o f  grea t  practica l  interes t  t o perfor m meanin g assignmen t 
give n onl y th e surfac e features .  I n tha t  cas e ther e woul d b e 
no nee d fo r  huma n interventio n i n th e trainin g process ,  an d a 
full y  automate d discours e functio n assignmen t  syste m woul d 
result .  Accordingly,  w e hav e experimente d wit h variou s re -
duce d featur e sets .  W e use d a  10 0 trainin g set ,  7 0 tes t  se t 
scenari o i n al l  cases .  Th e result s ar e show n i n Fig .  5 .  Tas k 1 
refer s t o th e basi c experimen t  wit h th e ful l  featur e se t  (1-1 7 
input ,  1 8 output) .  I n tas k 2  w e restricte d th e inpu t  t o th e sur -
fac e feature s (1-7 )  an d learne d th e assignmen t  o f  th e discours e 
functio n (18) .  W e se e tha t  bot h trainin g an d generalizatio n 
performanc e dro p fro m 9 8 % t o 9 1 % an d 8 0 % t o 6 2 % respec -
tively .  I n Tas k 3  w e use d onl y th e pragmati c feature s (8-17 )  t o 
predic t  discours e functio n (18 )  an d fin d tha t  th e performanc e 
matche s o r  exceed s tha t  o f  th e ful l  featur e se t  (98% ,  8 4 % ) . 
Tas k 4  an d 5  confir m th e vie w tha t  th e contributio n o f  prag -
mati c feature s concern s informatio n tha t  canno t  b e extracte d 

Figur e 5 :  Result s fo r  Learnin g wit h Reduce d Featur e Sets : 
1:  inpu t  feature s —i -  discours e function(DF )  2 :  surfac e fea -
ture s (sfs )  - ^  DF ,  3 :  pragmati c feature s —•  D F ,  4 :  sf s —> 
dialogu e act ,  5 :  sf s —> pragmati c feature s 

fro m th e surfac e features .  I n eac h case ,  w e trie d t o predic t 
pragmati c feature s fro m surfac e feature s alone ,  an d find  onl y 
weak dependencie s betwee n featur e sets .  I n tas k 4  th e out -
put  wa s a  singl e pragmati c feature ,  th e dialogu e ac t  o f  th e 
curren t  utteranc e (9 )  (whic h ha s 1 4 differen t  featur e values) , 
and i n tas k 5  th e outpu t  wa s th e whol e rang e o f  pragmati c 
feature s (8-17) .  Thes e result s sho w tha t  discours e function s 
m ay b e predicte d fro m pragmati c feature s alon e a s wel l  a s 
fro m surfac e an d pragmati c feature s combined .  Th e prag -
mati c feature s use d her e hav e bee n manuall y encode d usin g 
operationalize d guideline s fo r  intersubjectiv e agreement .  W e 
m ay assum e tha t  the y ar e i n themselve s comple x features , 
whic h incorporat e som e surfac e cues ,  i.e .  the y ar e no t  statis -
ticall y independen t  o f  th e surfac e features .  Thi s i s evidence d 
i n tas k 3  an d tas k 4 .  Therefore ,  give n th e complex ,  pragmati c 
features ,  th e surfac e feature s ar e no t  reall y neede d t o perfor m 
th e meanin g assignment .  However ,  pragmati c feature s ar e 
difficul t  t o deriv e automatically ,  becaus e the y incorporat e ad -
ditiona l  propertie s o f  a  wide r  contex t  an d shared-backgroun d 
understanding .  I n tha t  light ,  th e leve l  o f  performanc e achieve d 
usin g onl y surfac e feature s i s rathe r  encouraging .  I t  seem s tha t 
a considerabl e par t  o f  th e discours e functio n assignmen t  ca n 
be performe d b y lookin g a t  th e immediat e surfac e utteranc e 
contex t  o f  a  discours e particle . 

We conclud e tha t  w e d o ge t  significan t  generalizatio n re -
sult s  fo r  th e meanin g assignmen t  o f  discours e function s give n 
a ful l  featur e analysi s o f  th e linguisti c an d pragmati c context . 
Al l  o f  thes e feature s contribut e toward s th e determinatio n o f 
a functio n o f  a  particula r  lexem e -  fo r  full y  automate d anal -
ysi s t o b e feasibl e ther e mus t  b e a  wa y t o extrac t  pragmati c 
feature s fro m discours e a s well . 

Generalizatio n an d Prototyp e Effect s A n interestin g 
questio n fro m a  cognitiv e poin t  o f  vie w i s th e mechanis m o f 
'analogica l  transfer '  o r  acquirin g a  ne w particl e o f  th e sam e 
type .  I n thi s study ,  w e us e a  comparativel y larg e sampl e ofya -
occurrence s t o generaliz e t o a  smalle r  on e o f  oA-occurences . 
Generally ,  analogica l  transfe r  shoul d b e possibl e onl y t o a 
liinite d degree ,  becaus e th e specifi c  influenc e o f  th e lexem e 
wil l  b e disregarde d (i.e .  ther e i s a t  leas t  on e untraine d featur e 
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i n th e set) .  W e perfomie d severa l  experiment s o n generalizin g 
fro m on e discours e particl e t o th e other ,  usin g th e compute d 
prototype s for7 a t o spee d u p th e learnin g process .  W e foun d 
tha t  performanc e o n generalizatio n wa s 5 0 % correctnes s wit h 
th e unedite d sample ,  i t  wa s slightl y highe r  (55%) ,  whe n th e 
frequenc y o f  prototype s wa s significantl y increase d (lOx) ,  bu t 
th e bes t  result s wer e achieve d wit h a  trainin g se t  o f  onl y pro -
totype s (i.e .  8  patterns )  (65%) . 

Obviousl y i t  i s easie r  t o classif y a  se t  o f  descriptiv e pattern s 
i f  a  ne t  ha s bee n traine d o n a  smal l  se t  o f  mos t  salient ,  centra l 
pattern s tha n i f  a  lo t  o f  spuriou s featur e pattern s ar e reflecte d 
i n th e weight s o f  th e network .  Thi s i s a  genera l  propert y o f 
networ k learnin g whic h shoul d occu r  whe n w e hav e stable , 
consisten t  pattern-clas s mappings .  Thes e result s underlin e th e 
usefulnes s o f  usin g neurall y inspire d classificatio n method s 
fo r  linguisti c  tasks :  W e ca n mak e th e notio n o f  'analogica l 
transfer '  mor e explici t  an d improv e performanc e fo r  languag e 
engineerin g task s a s well . 

Uniqueness of Meaning Assignment A question not 
adresse d i n thi s pape r  i s th e uniquenes s o f  discours e function . 
The example s use d hav e al l  bee n analyse d fo r  thei r  domi -
nant  readin g only .  I t  i s a  genera l  featur e o f  natura l  language s 
tha t  disambiguatio n procedure s ar e no t  alway s completel y 
realize d (e.g .  pp-attachment ,  systemati c lexica l  ambiguity , 
pronomina l  reference )  (cf .  e.g .  [Green ,  1996] )  an d subjectiv e 
judgment s o n meanin g assigmen t  problem s vary .  W e mus t 
expec t  a  certai n leve l  o f  dubiou s case s eve n wit h a  perfec t 
meanin g assignmen t  model .  I n ou r  attemp t  t o characteriz e 
th e individual' s capacit y fo r  understanding ,  th e rol e o f  inter -
activ e clarificatio n processe s an d unresolve d mis-assignment s 
i n everyda y communicatio n shoul d no t  b e underestimated .  I t 
i s  possibl e tha t  eve n human s ma y perfor m onl y i n th e 8 0 % -
9 0 % rang e (o f  correctl y understoo d discours e meanings )  i n 
rea l  settings . 

Conclusion 

Discours e particle s offe r  a  fascinatin g vie w o n linguisti c cog -
nitiv e abilitie s becaus e o f  thei r  simultaneou s referenc e t o th e 
communicativ e settin g an d thei r  expressio n o f  semanti c con -
tent .  Viewin g languag e a s a  cognitiv e abilit y  automaticall y 
put s spoke n languag e discours e a t  th e cente r  o f  attention , 
rathe r  tha n th e derive d abilit y  o f  producin g writte n tex t  ac -
cordin g t o th e norm s o f  a  standar d language .  W e nee d t o tes t 
our  theorie s o f  linguisti c abilit y  agains t  th e empirica l  dat a o f 
rea l  dialogue s a s embodie d i n spoke n languag e corpora .  I n 
thi s pape r  w e hav e trie d t o mov e a  ste p i n tha t  direction . 

The experiment s reporte d abov e sho w tha t  discours e parti -
cle s follo w th e genera l  patter n o f  categorica l  meanin g assign -
ment  an d tha t  th e contributio n o f  differen t  type s o f  feature s 
fro m th e communicativ e situatio n ca n b e explore d i n consid -
erabl e detail . 

Prototyp e abstractio n wa s show n t o b e a  significan t  facto r 
i n learnin g a  ne w discours e particl e o n th e basi s o f  th e contex -
tua l  distributio n an d functiona l  propertie s o f  another .  Mean -
in g assignmen t  fo r  discours e particle s ma y b e regarde d a s a n 
exemplificatio n o f  genera l  lexica l  interpretatio n processe s 
wher e th e influenc e o f  th e communicativ e situatio n i s highl y 
apparent .  W e m a y conjectur e tha t  cognitiv e model s o f  othe r 
type s o f  lexica l  o r  morphologica l  item s ma y similarl y hav e t o 
be constraine d b y discours e factors ,  a t  leas t  whe n analyse d i n 

th e contex t  o f  spoke n language . 
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Inventory of Descriptive Features 

Feature s ar e numbere d i n parenthese s an d rendere d i n bold -
face ,  feature-value s ar e give n i n italics .  (No t  al l  featur e value s 
ar e reporte d here. ) 
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Surfac e Feature s 

lexem e (1 )  (here :  j a an d oh) ; 

tur n (2 )  an d utteranc e (3 )  positio n o f  th e discours e parti -
cle ,  i.e .  own ,  init ,  2nd ,  medial ,  final; 

right  (4 )  an d lef t  (5 )  context ,  i.e .  th e precedin g an d fol -
lowin g syntacti c constituents ,  fo r  instance ,  NP ,  VP ,  PP ,  bu t 
als o pause ,  adverb ,  etc. ; 

combinatio n wit h othe r  discours e particle s (6) ,  suc h a s so , 
ah,  gut ; 

th e rol e (7 )  th e speake r  fulfill s  i n th e discours e situation , 
i.e .  instructo r  OT constructor . 

Pragmat i c Feature s 

pragmati c functions ,  wit h respec t  t o the : 

tum-takln g syste m (10) ,  i.e .  taking ,  holding ,  yieldin g 
and supportin g a  turn ; 

informatio n m a n a g e m e n t  domai n (17) ,  e.g .  signallin g 
th e beginnin g o f  a  ne w topi c o r  highlightin g importan t 
information ,  segmentin g utterance s o r  indicatin g tha t  th e 
curren t  utteranc e i s relevan t  t o th e precedin g one ; 

speec h m a n a g e m e n t  leve l  (11) ,  e.g .  concernin g th e tim e 
fo r  speec h plannin g activities ; 

domain-specifi c  dialogu e acts ,  o f  the : 

precedin g utteranc e (8) ,  e.g .  request ,  acknowledgment ; 

curren t  utteranc e (9) ,  wit h th e sam e se t  o f  values ; 

cognitiv e conten t  o f  o h an d ja ,  referin g to : 

th e menta l  stat e o f  th e speake r  (12) ; 

th e suppose d menta l  stat e o f  th e heare r  (13) ; 

th e actio n leve l  (14) ; 

th e propositiona l  leve l  (15) ; 

and th e interactiona l  leve l  (16) . 

Discours e Function s 

(18 ) 

take-up(tu) :  give s feedbac k t o th e othe r  speake r  an d signal s 
tha t  on e intend s t o tak e th e tur n t o sa y somethin g relevant ; 

backchannel(bc) :  give s feedbac k an d support s th e other' s 
turn ; 

frame(fr) :  introduce s a  ne w topi c o r  conclude s th e previou s 
one ; 

repai r  marker(rm) :  signal s problem s i n th e formulatio n 
process ; 

answer(an) :  signal s agreemen t  o n th e sam e proposition ; 

action(ac) :  refer s t o th e tas k th e speake r  fulfill s  i n th e 
situation ;  fo r  instanc e i n th e toy-airplan e constructio n dia -
logues ,  Germa n j a ca n b e use d t o indicat e tha t  th e actio n i s 
completed ; 

check(ch) :  signal s th e heare r  tha t  th e speake r  woul d lik e t o 
get  positiv e feedback ; 

modal(md) :  refer s t o th e hearer' s suppose d menta l  state . 
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