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A b s t r a c t 

We developed a connectionist architecture that accounts 
fo r  th e systematicit y i n th e sequentia l  OTdering  o f  speec h 
act  categories .  Tha t  is ,  t o wha t  exten t  ca n th e categor y 
of  speec h ac t  n+ 1 b e successfull y predicte d give n speec h 
act s 1  throug h n ? Thre e connectionis t  architecture s 
wer e contrasted :  Elman' s recurren t  network ,  a  single -
entr y backpropagatio n network ,  an d a  double-entr y 
backpropagatio n network .  Th e recurren t  networ k fit  th e 
speec h ac t  sequence s i n naturalisti c conversatio n bette r 
tha n th e backpropagatio n networks .  Mos t  o f  th e 
systematicit y wa s capture d b y th e network' s us e o f  2  t o 
3 prio r  speec h act s o f  context . 

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

How predictable is human conversation? Imagine a 
typica l  exchang e wit h a n acquaintanc e yo u hav e no t 
see n i n awhile . 

Perso n 1 : 
Perso n 2 : 

Perso n 1 : 
Perso n 2 : 

"Hello ,  ho w hav e yo u been? " 
'T m fine .  H o w hav e yo u bee n 

doing? " 
"Prett y good. " 
"That' s good. " 

Predictabl e exchange s lik e thi s demonstrat e th e 
systematicit y inheren t  i n conversation .  Thi s 
systematicit y ca n b e studie d a t  eithe r  a  syntacti c level , 
i.e. ,  th e orde r  o f  speec h ac t  categories ,  o r  a t  a  deepe r 
semanti c leve l  tha t  take s int o accoun t  th e worl d 
knowledge ,  beliefs ,  an d goal s o f  th e speakers .  W e 
concentrate d exclusivel y o n th e systematicit y inheren t 
i n th e orderin g o f  th e speec h ac t  categories .  Tha t  is ,  t o 
what  exten t  i s  th e nex t  speec h ac t  categor y i n a 
conversatio n predictable ? 

Ther e hav e bee n extensiv e debate s o n wha t  speec h ac t 
categorie s ar e necessar y t o comprehensivel y cove r  th e 
rang e o f  huma n speec h act s (D'Andrad e &  Wish ,  1985) . 
A usefu l  se t  o f  categorie s woul d no t  onl y b e 
theoreticall y grounded ,  bu t  als o empiricall y adequat e i n 
th e sens e tha t  judge s ca n agre e o n th e assignmen t  o f 
categories .  D'Andrad e an d Wish' s (1985 )  syste m 
satisfie s thes e tw o importan t  constraints .  Ou r  speec h 
act  categorie s include d man y o f  D'Andrad e an d Wish' s 
categorie s an d a  fe w o f  ou r  own .  Tabl e 1  list s an d 
define s eac h o f  th e speec h ac t  categories .  Tabl e 1  als o 
present s th e a  posterior i  likelihoo d tha t  eac h speec h ac t 
categor y occurre d i n th e naturalisti c conversation s i n ou r 
corpus . 

The primar y goa l  o f  thi s researc h i s t o develo p an d 
tes t  model s tha t  captur e th e predictabilit y  i n sequence s 
of  speec h ac t  categories .  Eac h mode l  predict s th e 
categor y o f  th e nex t  speec h ac t  (n+1) ,  give n th e 
sequenc e o f  previou s speec h ac t  categorie s ( 1 t o n) .  W e 
investigate d differen t  connectionis t  architecture s i n 
capturin g thi s systematicity .  W e adopte d a 
connectionis t  mode l  becaus e thes e model s ar e abl e t o 
induc e th e structur e an d systematicit y tha t  exist s i n th e 
data . 

Ther e ha s bee n som e previou s researc h o n 
sequentia l  predictions .  Fo r  example ,  Scheglof f  an d 
Sack s (1973 )  analyze d adjacenc y pair s i n whic h al l  th e 
systematicit y ca n b e explaine d b y th e previou s speec h 
act .  O n e c o m m o n adjacenc y pai r  woul d b e th e 
[Questio n the n Reply-io-question ]  sequence .  Othe r 
researcher s hav e specifie d longe r  sequences .  Meha n 
(1979 )  identifie d a  three-par t  sequence :  [Questio n the n 
Reply-to-questio n the n Evaluation] .  Clar k an d Schaefe r 
(1989 )  identifie d eve n longe r  sequences :  [Question ,  the n 
Counter-question ,  the n Reply-lo-counter-question ,  the n 
Reply-to-original-questionj .  Althoug h thes e sequence s 
and structure s hav e bee n identified ,  researcher s hav e no t 
assesse d th e exten t  t o whic h thi s predictabilit y i s 
capture d i n norma l  conversation . 

Thi s researc h wa s funde d b y Offic e o f  Nava l  Researc h 
grant s N0(X)14-90-J-149 2 an d N000I4-92-J-1826 . 
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Tabl e 1 :  Speec h Ac t  Categorie s 

Speec h Ac t Definitio n Exampl e A Posterior i 
Distributio n 

Questio n (Q ) 

Repl y t o Questio n (RQ ) 

Directiv e (D ) 

Indirec t  Directiv e (ID ) 

Assertio n (A ) 

Evaluatio n (E ) 

Verba l  Respons e (R ) 

Nonverba l  Respons e (N ) 

Junctur e (J ) 

Interrogativ e o r  inrormatio n seekin g 
expressio n tha t  i s  no t  a n indirec t 
reques t 
Respons e tha t  specificall y answer s 
a previou s question . 

Reques t  signale d b y imperativ e 
form . 

Reques t  i n non-imperativ e form . 

Repor t  abou t  som e stat e o f  affair s 
tha t  coul d b e tru e o r  false . 

An expressio n o f  sentiment . 

Spoke n acknowledgmen t  o f  th e 
previou s speec h ac t 

Unspoke n acknowledgmen t  o f  th e 
previou s speec h ac t 
Length y paus e i n conversation . 

H o w doe s thi s piec e fi t 
here ? 

Yes ,  I' m fine. 

Giv e m e th e blu e piece . 

Can yo u ope n th e door ? 

The risograp h machin e i s 
broken . 

That  stinks ! 
Uh-huh . 

(Hea d nod ) 

(Pause ) 

.20 7 

.14 1 

.04 0 

.01 5 

.40 3 

.03 1 

.06 9 

.02 6 

.06 9 

C o n n e c t i o n i s t  M o d e l s O f  Pred ic t in g 

S p e e c h A c t  C a t e g o r i e s 

We investigated three connectionist architectures: (1) 
Elman' s recurren t  networ k (Elman ,  1990) ,  (2 )  a  single -
entr y backpropagatio n networ k tha t  use s on e prio r 
speec h ac t  i n makin g it s prediction ,  an d (3 )  a  double -
entr y backpropagatio n networ k tha t  use s tw o prio r 
speec h acts .  Th e detail s o f  eac h mode l  ar e covere d i n 
thi s section . 

sen t  int o th e networ k simpl y b y activatin g th e 
correspondin g inpu t  node .  Fo r  example ,  suppos e 
perso n 1  aske d a  question .  Thi s woul d b e represente d 
by activatin g th e Q l  nod e o n th e inpu t  laye r  o f  th e 
network . 

The outpu t  laye r  contain s th e network' s prediction s 
fo r  speec h ac t  n+1 .  Outpu t  item s hav e activatio n i n 
direc t  proportio n t o th e degree  t o whic h th e networ k 
predict s them . 

Elman' s Recurren t  N e t w o r k 

The first  speec h ac t  networ k consist s o f  th e recurren t 
architectur e develope d b y Elma n (1990) .  Elman' s 
recurren t  networ k keep s a n encodin g o f  al l  previou s 
inpu t  an d i s abl e t o us e thi s informatio n t o induc e th e 
smictur e underlyin g tempora l  sequences .  Th e us e o f 
prio r  contex t  make s th e Elma n networ k quit e suitabl e 
fo r  th e tas k o f  discoverin g th e systematicit y i n a 
tempora l  orderin g o f  speec h acts . 

The Elma n mode l  consist s o f  fou r  layer s o f  nodes , 
as show n i n Figur e 1 .  Th e fou r  layer s includ e th e inpu t 
layer ,  th e hidde n layer ,  th e contex t  layer ,  an d th e outpu t 
layer .  Th e inpu t  laye r  use s loca l  representation ,  i.e. , 
ther e i s a  nod e fo r  eac h possibl e speec h ac t  category . 
Ther e ar e tw o participant s i n th e conversation ,  eac h 
wit h eigh t  possibl e speec h ac t  categories ,  s o ther e ar e 
16 tota l  speec h ac t  categories .  Thes e 1 6 possibl e 
speec h acts ,  plu s th e juncture ,  yiel d 1 7 speec h ac t 
categorie s tha t  th e inpu t  laye r  ca n encode .  Sinc e loca l 
representatio n i s used ,  a  singl e inpu t  (speec h ac t  n )  i s 

Outpu t  Laye r 

E E  E S E  0  ElE I  E ]  E l  0 0 E D B  ElE ]  D 

Fixe d correspondin g weight s o f  1 
Hidde n Unit s 

Contex t  Unit s 

I  [7 ]  1 3 0  g  [ 3 0 0 0 0 0 ^ 0 0  [ 3 0  0  • 

Input Layer 

Figur e 1 :  Elman' s Recurren t  Networ k 
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For  example ,  i f  Q l  wer e use d a s inpul ,  th e R Q 2 nod e 
woul d probabl y b e highl y activate d becaus e i t  i s perso n 
2' s answe r  t o th e question . 

Th e E lma n networ k differ s fro m th e norma l 
backpropagatio n network s becaus e i t  ha s a  contex t  laye r 
tha t  keep s trac k o f  previou s inputs .  Thi s contex t  laye r 
allow s th e Elma n networ k t o induc e tempora l  sequence s 
(Elman ,  1990 ;  Cleeremans ,  Servan-Schreiber ,  & 
McClelland ,  1989) .  Th e contex t  laye r  store s th e 
activation s o f  th e hidde n laye r  fro m th e previou s tim e 
step .  Sinc e th e activation s o f  th e hidde n laye r  depen d 
on th e previou s inpu t  (speec h ac t  n )  alon g wit h th e 
activatio n o f  th e contex t  layer ,  th e hidde n laye r  i s 
receivin g informatio n abou t  th e presen t  inpu t  alon g 
wit h informatio n abou t  pas t  inputs .  Thi s combinatio n 
of  th e inpu t  wit h th e contex t  laye r  i s subsequentl y 
copie d t o th e contex t  layer ,  allowin g th e networ k t o 
stor e it s encodin g o f  histor y i n th e contex t  layer . 

Ther e wa s a  tota l  o f  44 0 connection s tha t  wer e 
allowe d t o var y i n th e weigh t  space .  Ther e wer e 17 0 
connection s betwee n th e inpu t  laye r  an d th e hidde n 
layer ,  give n tha t  ther e wer e 1 7 inpu t  node s an d 1 0 
hidde n uni t  nodes .  Similarl y ther e wer e 17 0 
connection s from  th e hidde n laye r  t o th e outpu t  layer . 
Th e final  10 0 connection s linke d th e 10-nod e contex t 
laye r  t o th e 10-nod e hidde n layer .  I t  shoul d b e note d 
tha t  ther e ar e 1 0 connection s fro m th e hidde n laye r  t o 
th e contex t  laye r  tha t  ar e fixed  a t  1.0 . 

Singl e a n d D o u b l e Backpropagat io n N e t w o r k s 

The single-entry backpropagation network is a 
simplificatio n o f  th e Elma n network .  I t  ha s onl y thre e 
cluster s o f  nodes :  a n inpu t  layer ,  a  hidde n layer ,  an d an 
outpu t  layer .  Ther e i s n o contex t  laye r  i n th e single -
entr y backpropagatio n networ k t o encod e previou s 
information .  Ther e wer e 34 0 connection s i n thi s 
network .  Thi s mode l  use s onl y th e previou s speec h ac t 
(speec h ac t  n )  t o predic t  th e categor y o f  th e nex t  speec h 
act  (speec h ac t  n+1) .  S o m e speec h ac t  theorie s identif y 
predictabilit y  tha t  i s  containe d i n adjacen t  pair s o f 
speec h acts .  Th e single-entr y backpropagatio n mode l 
woul d captur e thi s systematicity . 

Th e double-entr y backpropagatio n networ k i s a 
sligh t  expansio n o f  Ui e single-entr y backpropagatio n 
network .  Th e double-entr y networ k ha s a n expande d 
inpu t  laye r  tha t  take s tw o speec h ac t  categorie s a s input . 
I n thi s model ,  speec h ac t  n- 1 an d speec h ac t  n  ar e use d 
t o ixedic t  speec h ac t  n+1 .  Ther e wer e 51 0 connection s 
i n thi s network . 

G o o d n e s s o f  P red i c t i o n Ind ice s 

Goodness of prediction (GOP) indices measure the 
exten t  t o whic h th e mode l  i s correctl y predictin g th e 
categor y o f  th e nex t  speec h ac t  (n+1) .  Ther e ar e tw o 

differen t  G O P indices :  maxima l  activatio n an d above -
threshold . 

The maxima l  activatio n G O P inde x consider s onl y 
th e outpu t  nod e wit h th e highes t  activatio n t o b e th e 
network' s predictio n fo r  speec h ac t  n+1 .  Th e maxima l 
activatio n G O P inde x measure s th e probabilit y  tha t  th e 
predicte d speec h ac t  actuall y occur s i n th e data ,  ove r  an d 
abov e th e bas e rat e o f  th e speec h ac t  category .  Th e 
G OP inde x i s compute d a s show n i n formul a 1 . 

Maxima l  Activatio n G O P inde x = 
(Hi t  Rat e -  Bas e Rate )  /  ( 1 -  Bas e rate )  (1 ) 

I n th e abov e calculation ,  hi t  rat e wa s th e probabilit y 
(ove r  man y observations )  tha t  th e theoreticall y predicte d 
categor y matche s th e actua l  category .  Th e bas e rat e 
likelihoo d wa s th e probabilit y  tha t  th e speec h ac t  woul d 
be predicte d o n th e basi s o f  it s a  posterior i  distributio n 
(se e Tabl e 1) . 

The above-threshol d G O P inde x assesse s th e 
network' s performanc e w h e n allowe d multipl e 
predictions .  Al l  outpu t  node s tha t  excee d a  threshol d 
activatio n leve l  ar e considere d theoretica l  prediction s fo r 
n+1 .  Th e G O P inde x i s compute d i n th e sam e manne r 
as formul a 1 .  However ,  i n thi s case ,  hi t  rat e i s 
probabilit y  tha t  th e actua l  outpu t  i s amon g th e se t  o f 
theoreticall y predicte d categories ,  an d th e bas e rat e i s th e 
su m o f  th e a  posterior i  probabilitie s o f  al l  th e predicte d 
speec h acts . 

S i m u l a t i o n Detai l s 

Dat a Se t 

The data used in the simulation was taken from 
videotape d conversation s o f  secon d an d sixt h grader s 
(Sell ,  e t  al. ,  1991) .  Dyad s o f  secon d an d sixt h grader s 
wer e observe d i n thre e differen t  tasks :  a  questio n 
answerin g tas k (aki n t o 2 0 questions) ,  freeplay ,  an d a 
puzzl e task .  Th e childre n wer e furthe r  segregate d 
accordin g t o ho w wel l  the y kne w eac h other .  Relation s 
include d mutua l  friends ,  acquaintances ,  an d unilatera l 
friend s (wher e chil d A  consider s B  a  friend ,  bu t  no t  vic e 
versa) .  Ther e wer e 1 8 differen t  subjec t  group s an d 5 
subject s pe r  group :  3  (typ e o f  relation )  x  2  (age )  x  3 
(task) .  Therefore ,  ther e wer e 9 0 10-minut e dyadi c 
conversation s altogether .  Thes e conversation s wer e 
segmente d int o sequence s o f  th e 1 7 speec h ac t  categorie s 
(se e Tabl e 1) .  Th e junctur e categor y wa s a  specia l 
categor y use d t o rese t  contex t  whe n ther e wa s a  ne w 
conversation ,  whe n ther e wa s a  lon g paus e i n a 
conversatio n ( 5 o r  mor e seconds) ,  o r  whe n th e speec h 
was incomprehensible .  Th e agreemen t  betwee n a  pai r 
of  judge s i n assignin g speec h act s t o categorie s wa s 
moderat e (overal l  kappa s o f  .82 ,  .76 ,  an d .7 4 fo r  th e 
questio n task ,  puzzl e task ,  an d fre e tim e task , 
respectively) . 
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Trainin g th e Network s H ow M u c h Contex t  i s Needed ? 

The dat a take n fro m th e children' s conversation s Torme d 
tempora l  sequence s o f  speec h acts .  Th e 9 0 individua l 
conversation s provide d a n overal l  sequenc e o f  1665 7 
speec h acts .  A  17-bi t  binar y strin g wa s u.sc d t o locall y 
represen t  th e particula r  speec h act .  Onc e th e dat a wa s 
transforme d int o th e appropriat e loca l  encoding ,  eac h 
networ k wa s traine d o n 1 2 passe s throug h th e dat a set . 
Each connectionis t  architectur e the n underwen t  eigh t 
differen t  trainin g runs ,  wit h differen t  rando m set s o f 
initia l  weights . 

Result s a n d Discussio n 

Which Model Best Explains the Data? 

.̂..̂ ••*-A- k ;^...,....-*- : 

»^. .  Uumr i  AdwMon OOP 
— t -  UoxDirHigKQO P 

r  "  j  J  I t  I  f  i 
NiBbo-  ( f  lua i  c f  CMic d Frml M t > RMirra H Networ k 

Tabl e 2  segregate s th e m a x i m a l  activatio n an d th e 
above-threshol d analyses .  Withi n eac h o f  these ,  ther e i s 
th e G O P inde x score ,  th e hi t  rate ,  an d th e bas e rate . 

W h en considerin g th e m a x i m a l  activatio n G O P 
inde x ther e wer e significan t  difference s a m o n g th e thre e 
networks ,  F (2 ,23 )=257 .94 ,  p < . 0 5 .  Fo l lo w u p test s 
reveale d tha t  bot h th e recurren t  an d th e double-entr y 
backpropagatio n network s perfor m significantl y bette r 
tha n th e single-entr y backpropagat io n ne tworks . 
Accordin g t o th e data ,  a  singl e speec h ac t  o f  contex t  i s 
no t  e n o u g h t o captur e al l  o f  th e systematicit y i n th e 
data . 

W h en analyzin g th e above-threshol d G O P index . 
wher e multipl e prediction s ar e allowed ,  agai n ther e wer e 
significan t  d i f ference s a m o n g th e n e t w o r k s 
F ( 2 , 2 3 ) = 2 2 7 . 5 6 ,  p < . 0 5 .  T h e recurren t  n e t w o r k 
p e r f o r m e d signif icant l y bette r  tha n b o t h 
backpropagatio n networks .  Th e tw o G O P indice s 
togethe r  indicat e tha t  th e recurren t  networ k i s bes t  abl e 
t o accommodat e th e systematicit y inheren t  i n th e 
sequenc e o f  speec h ac t  categories . 

TABLE 2 
Goodness o f  Predictio n (GOP )  Score s Fo r 

Thre e Networ k Architecture s 

Backpropagatio n 
Recurren t  Single -  Double -
Networ k Entr y Entr y 

Maximal  Activatio n 
GOP Inde x 
Hi t  Rat e 
Base Rat e 

Analysi s 

.28 9 

.37 5 

.12 2 

.26 8 

.35 7 

.12 2 

.29 2 

.37 9 

.12 2 

Abov e Threshol d Ana h 
GOP Inde x 

Hi t  Rat e 

Base Rat e 

.37 6 

.56 5 

.30 4 

ŝi s 

.32 2 

.52 3 

.29 5 

.36 7 

.55 4 

.29 6 

Figur e 2 :  Goodnes s o f  FYedictio n Inde x 
Based o n Numbe r  o f  item s o f  Contex t 

We examine d ho w muc h o f  th e contex t  i s  mad e us e o f 
i n th e recurren t  network .  W e varie d th e numbe r  o f 
item s o f  contex t  tha t  wa s fe d int o th e recurren t  network . 
Figur e 2  plot s th e G O P indice s a s a  functio n o f  th e 
number  o f  contex t  item s considered .  Th e result s 
indicat e tha t  onl y 2  t o 3  item s o f  contex t  ar e mad e us e 
of  b y th e recurren t  network .  Give n tha t  th e recurren t 
networ k i s expecte d t o unpac k mos t  o r  al l  regularitie s i n 
th e data ,  w e conclud e tha t  onl y thre e speec h act s o f 
contex t  captur e an y systematicity ;  an y informatio n 
furthe r  bac k ha s a  ver y smal l  impac t  o n th e predictio n 
of  speec h ac t  categories . 

What is an Ideal Threshold? 

An important parameter in the simulation was the 
threshol d w e selecte d fo r  th e above-threshol d analysis . 
The findings  rel y o n th e valu e picke d fo r  th e threshold . 
We wante d a  threshol d valu e tha t  woul d maximiz e 
goodness-of-prediction ,  whil e als o makin g a  reasonabl e 
number  o f  predictions .  A  networ k tha t  predicte d 1 6 
possibl e categorie s fo r  speec h ac t  n+ 1 woul d b e 
undiscriminatin g an d therefor e no t  useful .  I n decidin g 
on th e threshold ,  w e teste d th e networ k a t  variou s 
threshold s an d recorde d th e G O P indices .  W e the n 
divide d thes e G O P indice s b y th e averag e numbe r  o f 
outpu t  categorie s tha t  wer e abov e threshol d (assignin g a 
min imu m valu e o f  1  fo r  numbe r  o f  categories) .  Thi s 
adjuste d above-threshol d G O P inde x matche d bot h ou r 
criteria .  W e wante d t o maximiz e th e G O P indice s whil e 
als o keepin g th e numbe r  o f  prediction s a t  a  lo w 
number .  A t  threshold s o f  .05 ,  .10 ,  .15 ,  .20 ,  an d .2 5 w e 
foun d adjuste d G O P indice s o f  .122 ,  .184 ,  .214 ,  .221 , 
and .177 .  W e ende d u p choosin g a  threshol d o f  .1 8 
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whic h ha d a  m a x i m u m adjuste d G O P inde x o f  .221 . 
Thi s threshol d als o limite d th e networ k t o predictin g a n 
averag e o f  1  o r  2  speec h ac t  categories ,  whic h seeme d 
reasonable . 

W h at  Condition s InHuenc e G O P Indices ? 

Our conversations involved three variables: age of 
speakers ,  contex t  o f  conversation ,  an d relationshi p 
betwee n speakers .  W e examine d factor s tha t  coul d 
influenc e th e G O P indices .  W e selecte d th e recurren t 
networ k tha t  bes t  fit  th e dat a an d use d th e networ k t o 
comput e maxima l  activatio n G O P indice s fo r  eac h o f 
th e 9 0 individua l  conversations .  W e the n assesse d th e 
variabilit y  amon g thes e conversation s an d analyze d 
whic h factor s bes t  accounte d fo r  G O P inde x scores .  W e 
foun d tha t  contex t  wa s th e onl y significan t  predicto r  o f 
G OP indices .  Th e G O P indice s wer e .38 ,  .07 .  an d .1 8 
fo r  th e 2 0 question s task ,  puzzl e task ,  an d freeplay . 
respectively ,  F(2,72) = 50.09 .  p<.05 .  Th e F-score s fo r 
A g e an d Relationshi p wer e bot h non-significan t 
{ F <  1) .  W e als o di d no t  fin d an y significan t 
interactions . 

Technica l  Assumpt ion s 

We performed a number of auxiliary analyses that 
assesse d technica l  assumption s behin d ou r  architectures . 
To asses s ou r  choic e fo r  th e numbe r  o f  hidde n unit s an d 
contex t  units ,  w e varie d th e numbe r  o f  node s i n th e 
hidde n layer .  Th e above-threshol d G O P indice s wer e 
.363 .  .376 ,  .376 ,  .384 ,  .38 3 whe n ther e wer e 6 ,  8 ,  10 . 
12 .  an d 1 4 hidde n nodes ,  respectively .  Clearly ,  th e 
number  o f  hidde n unit s di d no t  affec t  th e G O P inde x 
ver y much . 

I n a n attemp t  t o find  th e amoun t  o f  trainin g needed , 
we traine d th e networ k a t  variou s numbe r  o f  epochs ,  u p 
t o 3 5 passe s throug h th e corpu s o f  1665 7 speec h ac t 
categories .  Th e network' s performanc e appeare d t o 
asymptot e withi n 1 0 passe s throug h th e data . 

We use d th e split-hal f  transfe r  techniqu e t o tes t 
generalization .  W e randoml y assigne d hal f  o f  eac h 
conversatio n t o a  trainin g se t  an d th e othe r  hal f  t o a 
transfe r  set .  Th e networ k wa s the n traine d o n th e item s 
i n th e trainin g set .  Afte r  training ,  G O P indice s wer e 
recorde d fo r  networ k performanc e o n bot h th e trainin g 
and transfe r  sets .  Th e G O P inde x score s fo r  th e trainin g 
set  wer e exactl y th e sam e a s th e G O P inde x score s fo r 
th e transfe r  set .  Th e networ k performe d a s wel l  o n ne w 
dat a (no t  previousl y trained )  a s o n th e trainin g items . 
Therefore ,  th e networ k clearl y achieve d generalization . 

S o me N e t w o r k Regularitie s 

The network's activations and patterns of prediction 

wer e examine d fo r  an y consisten t  regularities .  T w o o f 
th e mos t  pervasiv e adjacenc y pair s discovere d wer e th e 
[Questio n the n Response-to-question ]  pai r  an d th e 
[Assertio n the n Assertion ]  pair .  Th e Response-to -
questio n outpu t  nod e onl y receive d activatio n whe n 
precede d b y a  questio n fro m th e opposit e person .  W h e n 
thi s occurred ,  th e outpu t  nod e ha d th e highes t  averag e 
activatio n awarde d b y th e network .  Th e Response-to -
questio n wa s correctl y predicte d 8 9 % o f  th e time .  Th e 
Assertio n als o receive d hig h activatio n whe n precede d 
by a n Assertio n b y eithe r  party .  Assertion s wer e 
correctl y predicte d 5 9 % o f  th e time . 

G e n e r a l  D i s c u s s i o n 

There were a number of findings in this study. First, 
Elman' s recurren t  networ k performe d bette r  tha n bot h 
backpropagatio n network s i n accountin g fo r  th e data . 
The backpropagatio n network s i n thi s pape r  onl y use d a 
contex t  o f  tw o item s a t  most .  Th e contex t  laye r  o f  th e 
recurren t  networ k appear s t o enabl e th e networ k t o 
utiliz e contex t  furthe r  bac k tha n tw o items .  However , 
th e contex t  analysi s (Figur e 2 )  suggest s tha t  no t  muc h 
informatio n i s gaine d afte r  thre e item s o f  context .  I t 
appear s tha t  onl y 2  o r  3  item s o f  contex t  ar e utilize d i n 
predictin g speec h ac t  categories .  Thes e findings  fit  wit h 
curren t  theorie s tha t  hav e specifie d regularitie s fo r  3 
item s o f  contex t  o r  less .  Fo r  example ,  Scheglof f  an d 
Sacks '  (1973 )  adjacenc y pai r  analysi s contain s on e ite m 
of  context .  Mehan' s (1979 )  Question-Answer -
Evaluatio n triple t  contain s tw o item s o f  context ,  whil e 
Clar k an d Schaefer' s Questio n Counter-questio n 
exampl e contain s 3  item s o f  context . 

We ar e currentl y i n th e proces s o f  comparin g th e 
recurren t  connectionis t  network' s performanc e t o othe r 
computationa l  models :  a n Augmente d Transitio n 
Networ k ( A T N )  designe d similarl y t o Steven s an d 
Rumelhart' s  (1975 )  A T N fo r  Englis h sentences ,  an d a 
productio n syste m mode l  (Anderson .  1983 ;  Kiera s & 
Bovair .  1984) . 
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