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A B S T R A CT 

Fluen t  huma n sequentia l  behavior ,  suc h a s tha t  observe d i n speec h production ,  i s 

characterize d b y a  hig h degre e o f  parallelbm ,  fiizz y boundaries ,  an d insensitivit y t o 

perturbations ,  h i  thi s paper ,  I  conside r  a  theoretica l  treatmen t  o f  sequentia l  behavio r 

whic h i s base d o n dat a fro m speec h production .  A  networi ^  i s discusse d whic h t s 

essentiall y  a  sequentia l  machin e buil t  ou t  o f  connectionis t  components .  Th e networ k 

relie s o n distribute d representation s an d a  hi( ^  degre e o f  parallelis m a t  th e leve l  o f  th e 

componen t  processin g units .  Thes e propertie s lea d t o parallelis m a t  th e leve l  a t  whic h 

whol e outpu t  vector s arise ,  an d constraint s mus t  b e impose d t o mak e th e performanc e 

of  th e networ k mor e sequential .  Th e sequentia l  tr^ectorie s tha t  ar e realize d b y th e 

networ k hav e dynami c propertie s tha t  ar e analogou s t o thos e observe d i n network s 

wit h poin t  attractor s (Hopfield ,  1982) :  learne d tn^ectorie s generalize ,  an d attractor s 

suc h a s limi t  cycle s ca n arise . 

I N T R O D U C T I ON 

One o f  th e argument s fo r  ''connectionist "  o r  "parallel ,  distribute d processing "  network s 

has bee n tha t  the y hav e propertie s tha t  see m t o reflec t  processe s a t  whic h human s ar e mos t 

naturall y proficien t  (Hinto n i c Anderson ,  1981 ;  Rumelhar t  &  McClelland ,  1986) .  Thes e 

propertie s includ e th e abilit y  t o generaliz e fro m instances ,  th e abilit y  t o dea l  wit h partia l 

information ,  an d insensitivit y t o noise .  I t  ha s bee n suggeste d tha t  i t  migh t  b e advisabl e t o 

base theorie s o n suc h primitive s rathe r  tha n o n thos e associate d wit h sequential ,  symboli c 

processing .  Thes e argument s hav e bee n mad e mostl y i n th e contex t  o f  model s dealin g wit h 

th e interpretatio n o f  incomin g data ,  o r  wit h mapping s fro m on e se t  o f  dat a t o another . 

However ,  on e nee d onl y conside r  th e fluency  o f  h u m a n speec h t o se e tha t  human s ar e 

als o ver y goo d a t  certai n kind s o f  sequentia l  behavior .  Furthermore ,  suc h behavio r  i s 

ofte n characterize d b y a  hig h degre e o f  parallelism ,  fuzz y boundaries ,  an d insensitivit y 

t o perturbation s — propertie s whic h ar e difficul t  t o captur e i n a  formalis m i n whic h th e 
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underlyin g primitiv e i s a  sequentia l  processor ,  bu t  whic h ar e mor e natura l  i n a  connectionis t 

system .  I n thi s paper ,  I  conside r  th e proble m o f  parallelis m i n speec h productio n an d 

sugges t  a  connectionis t  architectur e tha t  ca n exhibi t  behavio r  simila r  t o tha t  show n i n 

speech .  M y approac h i s base d o n th e recen t  wor k o n learnin g b y Rumelhart ,  Hinton ,  an d 

William s (1986 )  an d i s relate d t o previou s wor k b y Henk e (1966) ,  Kohonen ,  Lehtio ,  an d 

Oj a (1981) ,  an d Rumelhar t  an d N o r m a n (1982) . 

C O A R T I C U L A T I ON 

Much of the complexity of describing sequential processes in speech production comes 

fro m th e fac t  tha t  speec h gesture s associate d wit h nearb y phoneme s ca n overla p i n time . 

Such overlap ,  o r  eoarticnlation ,  b  ubiquitou s i n utterance s an d ca n b e quit e complex ,  give n 

th e m a n y degree s o f  freedo m o f  th e speec h apparatus .  I t  i s  possibl e t o se e gesture s tha t 

anticipat e futur e phonemes ,  referre d t o a s forwar d eoartieulation ,  a s wel l  a s perseverator y 

gestures ,  o r  backwar d coartieulation .  T h e overal l  effec t  o f  coarticulatio n i s t o mak e th e 

utteranc e mor e smoot h b y mergin g nearb y phoneme s an d t o allo w speec h t o procee d faste r 

tha n woul d otherwis e b e possibl e b y takin g advantag e o f  opportunitie s fo r  th e paralle l 

executio n o f  movements . 

Severa l  studie s hav e investigate d coarticulatio n b y recordin g articulato r  trajectorie s 

durin g utterances .  Mol l  an d Danilof f  (1971 )  showe d tha t  i n a n utteranc e suc h a s 'î reon" , 

th e vela r  openin g fo r  th e nasa l  / n /  ca n begi n a s earl y a s th e first  vowel ,  thereb y nasalizin g 

th e vowels .  ̂  Benguere l  an d Ck>wa n (1974 )  studie d phrase s suc h a s *un e sinistr e structure, " 

i n whic h ther e i s a  strin g o f  th e si x consonant s /strttr /  followe d b y th e rounde d vowe l  /y/ . 

*  The y showe d tha t  lip-roundin g fo r  th e /y /  ca n begi n a s earl y a s th e first  /«/ ,  a n exampl e 

of  forwar d coarticulatio n ove r  si x phonemes . 

O ne wa y t o characteriz e thes e example s i s t o sa y tha t  i f  certai n degree s o f  freedom 

ar e no t  bein g use d i n th e productio n o f  a  particula r  sound ,  the n the y m a y anticipat e o r 

perseverat e aspect s o f  othe r  phoneme s i n th e utteranc e s o tha t  performanc e become s mor e 

parallel .  However ,  suc h a  conceptio n o f  coarticulatio n ignore s th e constraint s whic h mus t 

be impose d o n th e parallelism .  Certai n anticipator y gestures ,  fo r  example ,  woul d inflic t 

to o m u c h chang e o n th e soun d currentl y bein g produced ,  an d ther e mus t  therefor e b e 

a wa y t o preven t  suc h coarticulation s whil e allowin g others .  I n th e cas e o f  "freon" ,  fo r 

example ,  th e velu m i s allowe d t o ope n durin g th e productio n o f  th e vowel s becaus e th e 

languag e bein g spoke n i s English .  I n a  languag e suc h a s FVench ,  i n whic h nasa l  vowel s 

*The velam b a mnacolar tissue that opens to allow air to pass between the pharynx and the nasal 
cavities . 

'Th e vowel/y /  b  th e *a "  i n '̂ a" ,  an d b  somewha t  lik e prononncing ^  th e Enf^ h soun d "ee "  wit h roonde d 
Ups. 
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ar e differen t  phonemicall y fro m non-nasa l  vowels ,  th e velu m woul d no t  b e allowe d t o 

coarticulate .  Thu s th e articulator y contro l  syste m canno t  blindl y anticipat e articulations , 

but  mus t  b e sensitiv e t o phonemi c distinction s i n th e languag e bein g spoken . 

Th e implementatio n o f  constraint s o n parallelis m i s complicate d b y th e fac t  tha t  th e 

constraint s canno t  b e encode d a s relation s betwee n whol e phonemes ,  bu t  mus t  b e specifi c 

t o particula r  phonemi c structure .  Fo r  example ,  i n th e cas e o f  /ttntry/ ,  th e roundin g o f 

th e /y /  ca n b e anticipate d durin g th e precedin g consonants ,  bu t  th e voicin g o f  th e /y / 

cannot ,  becaus e tha t  woul d chang e th e phonemi c identitie s o f  th e consonant s (fo r  example , 

th e /» /  woul d becom e a  /z/) .  Othe r  feature s o f  th e /y/ ,  suc h a s thos e specifyin g tongu e 

position ,  ma y b e mor e o r  les s constrained ,  dependin g o n th e particula r  allowabl e variation s 

of  th e consonants .  Again ,  suc h knowledg e canno t  com e fro m consideratio n o f  strategie s o f 

articulation ,  bu t  mus t  reflec t  higher-leve l  phonemi c constraints . 

Thus ,  speec h present s a n interestin g contro l  proble m i n whic h constraint s o f  variou s 

kind s ar e impose d o n th e particula r  patteming s o f  parallelis m an d sequentialit y  tha t  ca n 

be obtaine d i n a n utterance .  W h a t  I  w b h t o discus s i n th e remainde r  o f  thi s pape r  i s a n 

approac h t o thi s proble m base d o n connectionis t  mechanisms . 

C O N N E C T I O N I ST N E T W O R KS 

General discussions of connectionist networks can be found in Feldman and Ballard 

(1982 )  an d Rumelhar t  an d McClellan d (1986) .  Fo r  presen t  purposes ,  th e mai n feature s 

of  th e network s tha t  ar e relevan t  involv e distribute d representations ,  nonlinearities ,  an d 

learning . 

A on e laye r  networ k wit h n o recurren t  connection s compute s a  functio n from  th e vecto r 

of  activatio n o f  it s inpu t  unit s t o th e vecto r  o f  activatio n o f  it s outpu t  units .  I t  i s  possibl e 

fo r  suc h a  networ k t o lear n t o mak e association s betwee n inpu t  vector s an d outpu t  vectors . 

Thi s ca n b e don e b y a n error-correctin g learnin g rul e tha t  change s th e weight s comin g i n 

t o eac h outpu t  uni t  i n proportio n t o th e differenc e betwee n th e actua l  outpu t  o f  tha t  uni t 

and th e desire d outpu t  (Widro w &  Hoff ,  1960) . 

An importan t  propert y o f  suc h networks ,  whic h i s du e t o th e weighte d sum s tha t 

unit s for m i n determinin g thei r  activations ,  i s  tha t  simila r  inpu t  vector s ten d t o produc e 

simila r  outpu t  vectors .  M a n y connectionis t  approache s tak e advantag e o f  thi s propert y 

by representin g entitie s a s distribute d pattern s o f  activation ,  s o a s t o achiev e a  kin d o f 

automati c generalizatio n betwee n simila r  pattern s (Hinto n &  Anderson ,  1981) . 

A on e laye r  networ k ha s onl y a  singl e weigh t  matri x an d i s restricte d t o linea r  mappings . 

By allowin g mor e layers ,  wit h nonlinea r  activatio n function s o n intermediat e units ,  i t  i s 

possibl e t o implemen t  arbitrar y nonlinea r  mappings .  Unti l  recently ,  th e learnin g rule s i n 
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thes e network s wer e restricte d t o th e singl e laye r  case .  However ,  severa l  rule s hav e no w 

bee n develope d fo r  multilaye r  network s tha t  allo w essentiall y  arbitrar y association s t o b e 

forme d (Ackley ,  Hinton ,  k  Sejnowski ,  1985 ;  Bart o &  Anandan ,  1985 ;  Rumelhart ,  Hinton , 

k Williams ,  1986) .  Th e back-propagatio n rul e o f  Rumelhart ,  Hinton ,  an d William s ha s 

bee n use d i n simulation s o f  th e networ k discusse d i n thi s paper .  Th e back-propagatio n rul e 

i s a n error-correctio n procedur e tha t  generalize s th e Widrow-Hof f  rule .  A s before ,  error s 

ar e generate d a t  th e outpu t  unit s b y comparin g th e actua l  output s t o th e desire d outputs , 

and thes e error s ar e use d t o chang e th e weight s o f  th e outpu t  units .  T h e error s ar e the n 

propagate d bac k int o th e networ k t o provid e intermediat e unit s wit h erro r  signal s s o tha t 

the y ca n chang e thei r  weights . 

A N E T W O RK A R C H I T E C T U R E F O R S E Q U E N T I A L P E R F O R M A N CE 

Let there be some sequence of actions Xi, Xz,...,x., which are to be produced in order 

i n th e presenc e o f  a  pla n p .  Eac h actio n i s a  vecto r  i n a  featur e o r  paramete r  space ,  an d 

th e pla n ca n b e treate d a s a n actio n produce d b y a  highe r  leve l  o f  th e system .  Th e pla n i s 

assume d t o remai n constan t  durin g th e productio n o f  th e sequence ,  an d serve s primaril y 

t o designat e th e particula r  sequenc e whic h b  t o b e performed . 

We wis h t o construc t  a  networ k tha t  ca n perfor m arbitrar y sequence s b y takin g a 

pla n a s inpu t  an d producin g th e correspondin g sequence .  O n e approac h i s t o explicitl y 

represen t  th e stat e o f  a  sequentia l  machin e a s a n activatio n vecto r  an d t o produc e action s 

by evaluatin g a  functio n fro m state s t o actions .  A t  eac h moment  i n time ,  a n actio n i s 

chose n base d o n th e curren t  stat e 8 ,  an d th e stat e b  the n update d t o allo w th e nex t  actio n 

t o b e chosen .  Thus ,  ther e i s a  functio n /  whic h determine s th e outpu t  actio n x ^  a t  tim e 

X«=/(8n,p) 

and a  functio n g  whic h determine s th e stat e Bn+i , 

Bn+t = g{Bn,p), (l) 

where both functions depend on the constant plan vector as well as the current state vector. 

Followin g th e terminolog y o f  automat a theor y (Booth ,  1969) ,  /  wil l  b e referre d t o a s th e 

outpu t  function ,  an d g  wil l  b e referre d t o a s th e next-stat e function .  * 

T h e basi c networ k architectur e b  show n i n Figur e 1 .  T h e entitie s i n th e stat e equation s 

— plans ,  states ,  an d output s — ar e al l  assume d t o b e represente d a s dbtribute d pattern s 

^Fro m th e definitioB ,  i t  ca n b e see n tha t  th e pla n p  play s th e rol e o f  th e inpu t  symbo l  i n a  seqaentia l 

machbe .  Th e us e o f  th e ten n '̂ lan "  b  t o emphasiz e th e assumptio n tha t  p  remab s constan t  darin g th e 

prodactio n o f  th e sequence .  Tha t  is ,  w e ar e no t  allowe d t o assum e tempora l  orde r  b  th e bpu t  t o th e system . 
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Figur e 1 :  Basi c ne twor k architecture .  (No t  al l  connection s ar e s h o w n ) . 

of  activatio n o n separat e poo b o f  processin g units .  T h e pla n unit s an d th e stat e unit s 

togethe r  serv e a s th e inpu t  unit s fo r  a  multilaye r  network .  Thi s networ k implement s th e 

outpu t  functio n throug h weighte d connection s from  th e pla n an d stat e unit s t o th e outpu t 

units .  Th e outpu t  functio n i s generall y nonlinear ,  a s wil l  b e discusse d below ,  therefor e i t  i s 

als o necessar y t o hav e hidde n unit s i n th e pat h fro m th e pla n an d stat e unit s t o th e outpu t 

units .  Finally ,  th e next-stat e functio n i s implemente d wit h recurren t  connection s fro m th e 

stat e unit s t o themselves ,  an d fro m th e outpu t  unit s t o th e stat e units .  Thi s allow s th e 

curren t  stat e t o depen d o n th e previou s stat e an d o n th e previou s outpu t  (whic h i s itsel f 

a functio n o f  th e previou s stat e an d th e plan) . 

Th e networ k ca n lear n t o produc e sequence s o f  action s b y changin g th e weight s i n th e 

network .  Assum e tha t  th e recurren t  connection s implementin g th e next-stat e functio n 

ar e give n fixed  value s (particula r  choice s fo r  thes e value s ar e discusse d below) .  A t  eac h 

tim e step ,  a n activatio n vecto r  compose d o f  th e pla n an d th e stat e b  presen t  o n th e 

inpu t  units ,  an d a n associatio n ca n b e learne d from  thi s inpu t  vecto r  t 6 a  desire d outpu t 

vector .  Clearly ,  on e requiremen t  fo r  th e networ k t o b e abl e t o lear n arbitrar y sequence s 

i s tha t  th e next-stat e functio n produc e dbtingubhabl e stat e vector s a t  eac h tim e step .  I t 
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i s  no t  necessar y tha t  thes e vector s b e differen t  betwee n sequences ,  becaus e th e pla n serve s 

t o distinguis h th e sequences .  A  secon d requiremen t  i s tha t  ther e b e n o restriction s o n 

th e for m o f  th e association s tha t  ca n b e learne d (suc h a s a  linearit y restriction) .  Thi s 

requiremen t  i s me t  b y usin g th e back-propagatio n learnin g rule .  Not e tha t  th e abilit y 

t o lear n arbitrar y sequence s doe s no t  impl y tha t  al l  sequence s ar e equall y eas y t o learn ; 

indeed ,  th e networ k wil l  hav e mor e diflScult y i n learnin g an d performin g sequence s whe n 

distinction s mus t  b e mad e simila r  state s an d plans . 

A furthe r  requiremen t  mus t  b e impose d o n th e next-stat e functio n s o tha t  th e result s 

on parallelis m wil l  hold :  Stat e vector s a t  nearb p point s i n tim e mus t  b e simitar .  Ther e ar e 

m a ny way s t o choos e th e recurren t  connection s s o a s t o achiev e thi s continuit y property . 

O ne particula r  choice ,  whic h ha s bee n use d i n m a n y o f  th e simulation s o f  th e network ,  i s 

base d o n a  conceptio n o f  th e stat e a s representin g th e tempora l  contex t  o f  actions .  Conside r 

th e cas e o f  a  sequenc e wit h a  repeate d subsequenc e o r  a  pai r  o f  sequence s wit h a  c o m m o n 

subsequence .  I t  seem s appropriate ,  give n th e positiv e transfe r  whic h ca n occu r  i n suc h 

situation s a s wel l  a s th e phenomen a o f  captur e error s (Norman ,  1981) ,  tha t  th e stat e 

shoul d b e simila r  durin g th e performanc e o f  simila r  subsequences .  O n e wa y t o achiev e thi s 

i s t o defin e th e stat e i n term s o f  th e action s bein g produced .  However ,  th e representatio n 

must  provid e a n extensiv e enoug h tempora l  contex t  s o tha t  ther e ar e n o ambiguitie s i n 

case s involvin g repeate d subsequences .  I f  th e stat e wer e t o b e define d a s a  functio n o f 

th e las t  n  outputs ,  fo r  example ,  the n th e syste m woul d b e unabl e t o perfor m sequence s 

wit h repeate d subsequence s o f  lengt h n ,  o r  t o distinguis h betwee n pair s o f  sequence s wit h 

a c o m m o n subsequenc e o f  lengt h n .  T o avoi d suc h problems ,  th e stat e ca n b e define d a s 

an exponentiall y  weighte d averag e o f  pas t  outputs ,  s o tha t  th e arbitraril y  distan t  pas t  ha s 

some representatio n i n th e state ,  albei t  wit h ever-diminishin g strength .  Thi s representatio n 

of  th e stat e ca n b e obtaine d i f  eac h outpu t  uni t  feed s bac k t o a  stat e uni t  wit h a  weigh t  o f 

one ,  i f  eac h stat e uni t  feed s bac k t o itsel f  wit h a  weigh t  p ,  an d i f  th e stat e unit s ar e linear . 

*  I n thi s case ,  th e stat e a t  tim e n  i s give n b y 

Since this representation of the state is an average, it tends to have the desired property 

tha t  state s nearb y i n tim e ar e similar .  Th e similarit y depend s o n th e particula r  action s tha t 

ar e adde d i n a t  eac h tim e ste p an d o n th e valu e o f  /i .  I n general ,  however ,  wit h sufficientl y 

larg e value s o f  /i ,  th e similarit y extend s forwar d an d backwar d i n time ,  growin g weake r 

wit h increasin g distance . 

Othe r  possibl e representation s o f  th e stat e ar e discusse d i n Jorda n (1985) .  Th e majo r 

difference s betwee n differen t  representation s i s i n th e particula r  metric s the y induc e o n th e 

*Th e linearit y assamptio n give s th e stat e a  simpl e interpretatio n an d als o give s th e stat e anit s a  mor e 
extende d dynami c range ,  ba t  i s no t  essentia l  (o r  th e operatio n o f  th e network . 
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difficult y o f  learnin g an d performing  particula r  sequence s an d als o th e kind s o f  generaliza -

tion s tha t  ca n b e mad e betwee n sequences .  I t  i s  als o possibl e t o conside r  learnin g o f  th e 

next-stat e function .  Indeed ,  th e back-propagatio n algorith m applie s t o th e cas e o f  recur -

ren t  networks ,  althoug h i n a  mor e comple x form ,  requirin g unit s t o stor e historie s o f  thei r 

activation s (Rumelhart ,  Hinton ,  &  Williams ,  1986) .  However ,  i n th e curren t  framework , 

ther e b  littl e t o b e gaine d b y learnin g th e next-stat e function ;  al l  th e har d wor k ca n b e 

don e i n learnin g th e outpu t  function . 

L E A R N I N G A N D P A R A L L E L I S M 

The network as described thus far would appear to be strictly sequential: there is no 

overla p betwee n neighborin g actions .  T h b i s indee d th e cas e an d i t  i s  necessar y t o modif y 

th e for m i n whic h desire d outpu t  vector s ar e specifie d t o se e tha t  th e networ k i s i n fac t 

capabl e o f  highl y paralle l  performance . 

Th e for m tha t  desire d outpu t  vector s ar e assume d t o tak e i s a  generalizatio n o f  th e 

approac h use d i n traditiona l  error-correctio n scheme s (Dud a i i  Hart ,  1973 ;  Rosenblatt , 

1961 ;  Rumelhart ,  Hinton ,  &  Williams ,  1986 ;  Widro w k  Hoff ,  1960) .  Rathe r  tha n assumin g 

tha t  a  valu e i s specifie d fo r  eac h outpu t  unit ,  i t  i s  assume d tha t  i n genera l  ther e ar e 

eoMtraint s specifie d o n th e value s o f  th e outpu t  units .  Constraint s m a y specif y a  rang e o f 

value s whic h a n outpu t  uni t  m a y have ,  a  particula r  value ,  o r  n o valu e a t  all .  Thi s latte r 

cas e i s referre d t o a s a  "don't-car e condition. "  I t  i s  als o possibl e t o conside r  constraint s 

whic h ar e define d amon g outpu t  units .  Fo r  example ,  th e su m o f  th e activation s o f  a  se t  o f 

unit s ma y b e require d t o hav e a  particula r  value . 

Constraint s ente r  int o th e learnin g proces s i n th e followin g way :  I f  th e activatio n o f  a n 

outpu t  uni t  fits  th e constraint s o n tha t  unit ,  the n n o erro r  correction s ar e instigate d fro m 

tha t  unit .  If ,  however ,  a  constrain t  i s  no t  met ,  the n th e erro r  i s define d a s a  proportio n o f 

th e degre e t o whic h tha t  constrain t  i s  no t  met ,  an d thi s erro r  i s use d i n th e norma l  wa y 

t o chang e v/eight s toward s a  configuratio n i n whic h th e constrain t  i s  met .  A n exampl e o f 

thi s proces s i s show n i n Figur e 2  fo r  a  desire d outpu t  vecto r  wit h thre e specifie d value s 

and tw o don't-car e condition s (represente d b y stars) .  A s show n i n th e figure,  error s ar e 

propagate d fro m onl y thos e unit s wher e constraint s ar e imposed .  I n th e cas e o f  constraint s 

among units ,  i t  i s  possibl e t o impos e constraint s o n unit s havin g fixed  connection s fro m 

th e outpu t  units .  Error s generate d a t  thes e unit s ar e propagate d bac k t o th e outpu t  units . 

Thi s proces s i s sketche d i n Figur e 3 ,  wher e th e constraint s Z i  +  X 2 =  . 6 an d X i  +  X i  =  A 

ar e imposed .  Not e tha t  i f  man y constraint s ar e impose d o n th e sam e unit ,  th e error s ar e 

simpl y adde d together ,  an d th e networ k wil l  eventuall y find  a n activatio n valu e fo r  th e 

uni t  tha t  satisfie s al l  o f  th e constraint s (give n tha t  suc h a  valu e exists) . 

Conside r  no w th e cas e i n whic h desire d outpu t  vector s specif y value s fo r  onl y a  singl e 
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Figur e 2 :  Learnin g wit h don*t-car e conditions . 

output unit. This is essentially the case of local representations for actions, in which the 

networ k i s essentiall y  bein g instructe d t o activat e it s outpu t  unit s i n a  particula r  order . 

Suppose ,  fo r  example ,  tha t  a  networ k wit h thre e outpu t  unit s i s learnin g th e sequenc e 

1 

* 

* 
» 

"  *  ' 

1 

^  *  _ 
> 

*  * 

* 

.  1 , 

At  eac h tim e step ,  error s ar e propagate d fro m onl y a  singl e outpu t  unit ,  s o tha t  activatio n 

of  tha t  uni t  become s associate d t o th e curren t  state .  Association s ar e learne d from  S i  t o 

activatio n o f  th e first  outpu t  unit ,  fro m S j  t o activatio n o f  th e secon d outpu t  unit ,  an d 

fro m 8 s t o activatio n o f  th e thir d outpu t  unit .  * 

'wher e B i  denote s th e activatio n o f  th e stat e onit s a t  tim e i .  I  a m ifnorio s th e pla n vecto r  t o simplif y 

th e exposition . 

538 



J O R D AN 

X.  = 
I 

Xi  +  I 2 =  . 6 

T2 + X3 = -4 

Targe t  ,  ^ 

vecto r  '  ' 
.4 ] 

Outpu t 

unit s 

change s i n / 

Figur e S :  Learnin g wit h constraint s a m o n g units . 

After learning, the presence of Si on the state units will activate the first output unit. It 

wil l  als o partiall y  activat e th e secon d an d thir d outpu t  units ,  eve n thoug h n o association s 

fro m S i  t o thes e unit s hav e bee n learned .  Thi s occur s becaus e S i  b  simila r  t o S j  an d s * 

(give n th e requiremen t  mad e o f  th e next-stat e function )  an d simila r  input s ten d t o produc e 

simila r  output s i n thes e networks .  Th e association s mad e t o s j  an d S t  als o generalize ,  s o 

tha t  afte r  learning ,  th e networ k wil l  likel y produc e a  sequenc e suc h a s 

r  *  1 
. 8 

•6 , 

> 

. 8 

1 

.  -8 . 

> 

r.6 ' 

. 8 

.  1 

wher e a t  eac h tim e step ,  ther e ar e paralle l  activation s o f  al l  outpu t  units .  I f  th e networ k i s 

drivin g a  se t  o f  articulator s tha t  mus t  trave l  a  certai n distance ,  o r  hav e a  certai n inertia , 

the n i t  wil l  b e possibl e t o g o faste r  wit h thes e paralle l  contro l  signal s tha n wit h signa k 

wher e onl y on e outpu t  uni t  ca n b e activ e a t  a  time . 
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T h e foregoin g exampl e i s simpl y th e leas t  constraine d cas e an d furthe r  constraint s ca n 

be added .  Suppose ,  fo r  example ,  tha t  th e secon d outpu t  uni t  i s  no t  allowe d t o b e activ e 

durin g th e first  action .  Thi s ca n b e encode d i n th e constrain t  vecto r  fo r  th e first  actio n s o 

tha t  th e networ k i s instructe d t o lear n th e sequenc e 

r i ] 

0 

* 

f 

'  * " 

1 

* 
> « 

» 

"  *  * 

* 

.  1 . 

Afte r  learning ,  th e outpu t  sequenc e wil l  likel y b e a s follows : 

r  1  ] 

0 

•6 , 

» 

r  .8 ] 

1 

•8 . 

» 

[.6 ] 

. 7 

1 

wher e th e adde d constrain t  i s  no w met .  I n thi s example ,  th e networ k mus t  bloc k th e 

generalizatio n tha t  i s m a d e fro m S j  t o Si .  I n general ,  th e abilit y  t o bloc k generalization s 

i n thi s manne r  implie s th e nee d fo r  a  nonlinea r  outpu t  function . 

As furthe r  constraint s ar e added ,  ther e ar e fewe r  generalization s acros s nearb y state s 

tha t  ar e allowed ,  an d performanc e become s les s parallel .  Minima l  parallelis m wil l  aris e 

when neighborin g action s specif y conflictin g value s o n al l  outpu t  units ,  i n whic h cas e th e 

performanc e wil l  b e strictl y sequential .  Maxima l  parallelis m shoul d b e expecte d whe n 

neighborin g action s specif y value s o n non-overlappin g set s o f  outpu t  units .  Not e tha t 

ther e i s n o nee d t o invok e a  specia l  proces s t o progra m i n th e parallelism .  Essentially , 

th e syste m generalize s naturall y acros s simila r  stat e vectors ,  an d give n tha t  stat e vector s 

nearb y i n tim e ar e similar ,  th e generalization s ac t  s o a s t o sprea d action s i n time .  I n mos t 

cases ,  i t  wil l  b e mor e di£Bcul t  fo r  th e syste m t o lear n i n th e mor e sequentia l  cas e whe n 

ther e ar e mor e constraint s impose d o n th e syste m whic h bloc k th e generalizations .  Thes e 

observation s ar e summarize d i n Figur e 4 ,  whic h show s th e relationship s betwee n constrain t 

vector s an d parallelism . 

A T T R A C T OR D Y N A M I C S 

T h e propertie s o f  th e syste m tha t  lea d t o paralle l  performanc e als o mak e th e syste m 

relativel y insensitiv e t o perturbations .  Suppos e tha t  th e syste m ha s learne d a  particula r 

sequenc e an d tha t  durin g performanc e o f  th e sequenc e th e stat e i s perturbe d somewhat . 

Give n tha t  simila r  state s ten d t o produc e simila r  outputs ,  th e outpu t  o f  th e syste m wil l 

not  b e greatl y differen t  fro m th e unperturbe d case .  Thi s woul d sugges t  tha t  th e networ k 

wil l  perfor m a  sequenc e whic h i s a  "shifted "  versio n o f  th e learne d sequence .  However ,  a 

stronge r  propert y appear s t o hold :  T h e learne d sequence s becom e attractor s fo r  nearb y 
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Figur e 4 :  Relationship s be twee n constrain t  a n d parallelism . 

regions of the state space and perturbed trajectories return to the learned trajectories. This 

propert y i s demonstrate d i n Figure s 5  an d 6 .  A  networl c wit h tw o outpu t  unit s learne d t o 

follo w a  squar e i n th e two-dimensiona l  spac e whic h correspond s t o th e activation s o f  th e 

outpu t  units .  A s show n i n th e figures,  whe n th e networ k wa s starte d a t  othe r  point s i n th e 

space ,  th e trajectorie s move d towar d th e square .  Thi s occurre d whethe r  th e trajectorie s 

bega n insid e o r  outsid e th e square ,  showin g tha t  th e squar e i s a  limi t  cycl e fo r  th e system . 

For  a  dynamica l  syste m t o hav e limi t  cycles ,  i t  i s  necessar y tha t  th e syste m b e nonlinea r 

(Hirsc h i i  Smale ,  1974) ,  whic h furthe r  demonstrate s th e nee d fo r  th e outpu t  functio n t o 

be nonlinear . 

Mor e globally ,  a  networ k whic h ha s learne d t o produc e severa l  differen t  cyclica l  se -

quence s m a y hav e severa l  region s o f  th e stat e spac e whic h ar e attracto r  basin s fo r  th e 

learne d cycles .  I f  th e networ k i s starte d i n on e o f  thes e basins ,  the n th e performe d tra -

jector y wil l  approac h th e learne d cycle ,  wit h th e par t  o f  th e cycl e whic h first  appear s 

dependin g o n wher e i n th e basi n th e networ k i s starte d relativ e t o th e configuratio n o f 

th e cycle .  Th e networ k ca n b e regarde d a s a  generalizatio n o f  a  content-addressabl e m e m-

or y (cf .  Hopfield ,  1982 )  i n whic h th e memorie s correspon d t o cycle s o r  othe r  dynami c 

trajectorie s rathe r  tha n stati c points . 

Constraint s o n th e outpu t  unit s i n genera l  defin e region s throug h whic h trajectorie s 

can pass .  Th e networ k b  fre e t o choos e a  particula r  trajector y withi n th e region ,  an d 

thi s tend s t o b e don e i n a  wa y s o a s t o avoi d shar p change s i n th e trajectory .  Whateve r 

trajector y i s chose n b y th e network ,  i t  wil l  ten d t o generaliz e s o a s t o becom e a n attracto r 
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Figur e 5 :  T h e activation s o f  th e t w o o n t p a t  unit s plotte d wi t h t im e 

as a  parameter .  T h e squar e b  th e tri^ector y tha t  th e 

ne two r k learned ,  a n d th e spira l  tr^ector y i s th e pat h 

tha t  th e ne two r k followe d w h e n starte d a t  th e poin t  (.4 , 

A ) . 

for the surrounding space. 

A P P L I C A T I O N S T O S P E E C H P R O D U C T I ON 

I n th e cas e o f  speech ,  th e constrain t  list s use d b y th e learnin g proces s ca n b e take n t o 

encod e knowledg e abou t  th e phoneti c structur e o f  th e language ,  an d i t  i s  natura l  t o identif y 

thes e constrain t  list s wit h phonemes .  Thus ,  i n th e curren t  framework ,  th e rol e o f  phoneme s 

i s t o constrai n th e dynamica l  proces s tha t  produce s utterance s b y changin g parameter s 

of  th e proces s unti l  th e constraint s ar e met .  T h e constraint s tha t  defin e phoneme s ar e 

themselve s independen t  o f  context :  The y specif y i n wha t  way s a  phonem e ca n b e altere d 

by it s context ,  withou t  specifyin g value s fo r  particula r  contexts .  Durin g th e learnin g 

process ,  paralle l  interaction s betwee n nearb y phoneme s ca n aris e a s lon g a s the y d o no t 
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Figur e 6 :  T h e activation s o f  th e t w o o u t p a t  unit s plotte d wi t h t im e 

as a  parameter .  T h e squar e b  th e tr^ectox y tha t  th e 

ne twor k learned ,  a n d th e spira l  tri^ector y I s th e pat h 

tha t  th e ne twor k followe d w h e n starte d a t  th e poin t  (.05 , 

.05) . 

violate the constraints. 

I  hav e elsewher e presente d simulation s tha t  sho w tha t  th e networ k ca n mimi c coar -

ticulatio n dat a suc h a s thos e presente d earlie r  (Jordan ,  1986) .  Severa l  prediction s wer e 

als o mad e o n th e bas b o f  thes e simulations .  T h e simulation s sho w tha t  ther e ca n b e 

non-adjacen t  interactions ,  s o that ,  fo r  example ,  th e degre e o f  anticipatio n o f  a  featur e ca n 

depen d o n wha t  follow s th e feature .  I t  i s  als o th e cas e tha t  ther e i s mor e coarticulatlo n i n 

th e simulatio n ove r  string s wit h homogeneou s phonemi c structur e tha n ove r  string s wit h 

heterogeneou s phonemi c structure . 

Finally ,  i t  shoul d b e note d tha t  i t  i s  consisten t  wit h th e curren t  approac h t o trea t  th e 

stat e equation s a s discret e version s o f  a  continuou s process .  I n thi s case ,  th e constrain t 

vector s ca n stil l  b e applie d a t  discret e epoch s durin g learning .  Thus ,  th e approac h woul d 

see m t o hav e som e promis e fo r  resolvin g som e o f  th e theoretica l  problem s tha t  aris e a t  th e 

interfac e betwee n discret e phonemi c representation s an d continuou s articulator y processe s 
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(Fowler ,  1980) . 

D I S C U S S I O N 

O ne o f  th e importan t  problem s tha t  arise s i n th e tempora l  domai n i s tha t  ther e ca n 

be interaction s bot h forwar d an d backwar d i n time .  O n e approac h t o thi s proble m i s 

t o represen t  action s explicitl y  i n a  spatia l  buffer ,  us e relaxatio n technique s t o allo w in -

teraction s betwee n buffe r  positions ,  an d the n m a p spac e int o tim e b y gatin g connection s 

betwee n action s (Feldma n &  Ballard ,  1982) .  T h e presen t  pape r  demonstrate s a  secon d 

approach .  I n th e propose d network ,  ther e i s n o explici t  representatio n o f  tempora l  orde r 

an d n o explici t  representatio n o f  actio n sequences .  Ther e i s onl y on e se t  o f  outpu t  unit s 

fo r  th e network ,  therefor e outpu t  vector s mus t  aris e a s a  dynami c process .  Representin g 

action s a s distribute d pattern s o n a  conuno n se t  o f  processin g unit s ha s th e virtu e tha t 

partia l  activation s ca n blen d togethe r  i n a  simpl e wa y t o produc e th e outpu t  o f  th e system . 

Likewise ,  th e representatio n o f  state s a s distribute d pattern s o n a  singl e se t  o f  unit s ha s th e 

advantag e tha t  similarit y betwee n state s ha s a  natura f  functiona l  representatio n i n term s 

of  th e overla p o f  patterns .  I t  b  th e similarit y betwee n nearb y state s tha t  b  responsibl e 

fo r  interaction s i n tim e an d thi s similarit y ha s n o tim e arro w associate d wit h it ,  s o tha t 

forwar d an d backwar d interaction s ar e bot h possible . 
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