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Abstract 

A method for learning phonetic features from speech data using connec-

tionis t  network s i s described .  A  tempora l  flo w mode l  i s  introduce d i n whic h 

sample d speec h dat a flows  throug h a  paralle l  networ k fro m inpu t  t o out -

put  units .  Th e networ k use s hidde n unit s wit h recurren t  link s t o captur e 

spectral/tempora l  characteristic s o f  phoneti c features .  A  supervise d learn -

in g algorith m i s presente d whic h perform s gradien t  descen t  i n weigh t  spac e 

usin g a  coars e approximatio n o f  th e desire d outpu t  a s a n targe t  function . 

A simpl e connectionis t  networ k wit h recurren t  link s wa s traine d o n a 

singl e instajic e o f  th e wor d pai r  "no "  an d "go "  represente d a s fine  time -

scal e filterbank  channe l  energies ,  an d successfull y learne d t o discriminat e 

th e wor d pair .  Th e traine d networ k als o correctl y separate d 9 8 % o f  2 5 

othe r  token s o f  eac h wor d b y th e sam e speaker .  Th e sam e experimen t  fo r  a 

secon d speake r  resulte d i n 100 % correc t  discrimination .  Th e discriminatio n 

tas k wa s performe d withou t  segmentatio n o f  th e input ,  an d withou t  a  direc t 

compariso n o f  th e tw o items . 

A secon d experimen t  designe d t o extende d th e us e o f  thi s mode l  t o dis -

criminatio n o f  voice d sto p consonant s i n variou s vowe l  context s i s described . 

Preliminar y result s ar e describe d i n whic h th e networ k wa s optimize d usin g 

a second-orde r  metho d an d learne d t o correctl y classif y th e voice d stops . 

The result s o f  thes e experiment s sho w tha t  connectionis t  network s ca n b e 

designe d an d traine d t o lear n phoneti c feature s fro m minima l  wor d pairs . 

^Thank s t o Wolfgan g Feix ,  Ale x Waibel ,  Ma x Mint z an d Bruc e Ladendor f  fo r  helpfu l  discussion . 
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1 I n t r o d u c t i o n 

Connectionist networks offer significant advantages in addressing problems of machine perception 

becaus e o f  thei r  inherentl y paralle l  structure ,  whic h i s wel l  matche d t o th e biologica l  architectur e 

tha t  ha s serve d a s thei r  paradigm .  Thei r  learnin g capabilities ,  robus t  behavior ,  nois e toleranc e 

and gracefu l  degradatio n ar e al l  capabilitie s whic h ar e becomin g increasingl y wel l  understoo d an d 

documente d [SR86] . 

Th e solutio n o f  certai n perceptua l  problem s require s tha t  th e tempora l  relationship s amon g 

stimulu s characteristic s b e properl y represented .  Thi s i s especiall y tru e i n speec h recognition , 

wher e th e relationshi p betwee n tim e an d frequenc y i s wonderfull y complex .  On e majo r  resul t  fro m 

th e pas t  thirt y year s o f  speec h recognitio n an d synthesi s researc h i s tha t  i t  i s  generall y impossibl e t o 

defin e speec h a s a  sequenc e o f  event s wit h stati c spectra l  characteristics .  Instead ,  speec h i s produce d 

and perceive d a s a  continuou s flo w o f  sound ,  wit h constantl y changin g spectra l  properties .  I n th e 

productio n o f  speech ,  basi c speec h unit s (phonemes )  ar e integrate d int o a  smoot h sequence ,  s o tha t 

th e acousti c boundarie s ca n b e ver y difficul t  t o specify .  Moreover ,  phoneme s ar e ofte n co-produce d 

(coarticulated) ,  s o tha t  th e phoneme s exer t  a  strongl y context-dependen t  interaction .  Th e effec t 

of  contex t  i s  see n i n th e change s i n forman t  trajectory ,  duratio n an d energ y contours .  Thus ,  th e 

perceptio n o f  speec h depend s o n th e correc t  analysi s o f  dynami c temporal/spectra l  relationships . 

M a ny solution s t o th e proble m o f  speec h recognitio n hav e bee n advanced ,  includin g signa l 

processing ,  featur e extraction ,  patter n matchin g wit h dynami c non-linea r  tim e alignment ,  linea r 

predictiv e coding ,  stochasti c modeling ,  segmentatio n an d labeling ,  syntacti c grammar s an d exper t 

systems ,  wit h explici t  rule-base d knowledg e representation .  Thes e approache s shar e th e goa l  o f 

capturin g th e regula r  structur e inheren t  i n th e speec h signa l  i n th e presenc e o f  tremendou s vari -

ability .  Althoug h thes e technique s hav e al l  succeede d t o som e extent ,  a  genera l  shortcomin g ha s 

been tha t  mino r  irregularitie s i n th e input ,  whethe r  fro m signa l  noise ,  backgroun d acousti c noise , 

or  speake r  variability ,  hav e majo r  negativ e effect s o n performance .  Thi s lac k o f  robustnes s ha s bee n 

ver y frustrating ,  becaus e i t  i s  contrar y t o ou r  experienc e o f  speec h communication ,  i n whic h mino r 

irregularitie s ar e easil y overcome ,  i f  consciousl y perceive d a t  all . 

Th e connectionis t  networ k approac h i s attractiv e becaus e i t  offer s a  computationa l  mode l  whic h 

has inherentl y robus t  properties .  Th e network s consis t  o f  simpl e processin g element s whic h inte -

grat e thei r  input s an d broadcas t  th e result s t o th e unit s t o whic h the y ar e connected .  Thus ,  th e 

networ k respons e t o inpu t  i s th e aggregat e respons e o f  m a n y interconnecte d units .  I t  i s  th e mutua l 

interactio n o f  man y simpl e component s tha t  i s  th e basi s fo r  robustness . 

Connectionis t  network s als o provid e a  fundamentall y differen t  languag e fo r  knowledg e represen -

tation .  Thi s i s importan t  i n establishin g a  conceptua l  framewor k i n whic h solution s ca n b e conceive d 

and investigated .  I n addition ,  th e computationa l  spee d o f  paralle l  network s i s a  requiremen t  fo r 

real-tim e performanc e i n non-trivia l  speec h systems . 

The proble m o f  designin g connectionis t  network s whic h ca n lear n th e dynami c spectral/tempora l 

characteristic s o f  speec h ha s no t  ye t  bee n widel y studied .  Mos t  wor k i n connectionis t  network s s o 

fa r  ha s focusse d o n th e stati c relationshi p betwee n input/outpu t  pairs ,  suc h a s associativ e memorie s 

[KL81,Hop82] ,  variou s encoding ,  decoding ,  parit y an d additio n problem s [ R H W 8 6 ] ,  an d mappin g 

fro m wor d spellin g t o phonem e label s [SI186] . 

Th e T R A C E mode l  [EM86,ME86 ]  i s th e firs t  well-develope d mode l  fo r  studyin g speec h recog -

nitio n usin g connectionis t  networks .  A s discusse d below ,  thi s mode l  represent s tempora l  sequenc e 

directl y usin g set s o f  networ k unit s allocate d t o subsequen t  tim e slices .  Th e approac h develope d i n 

thi s pape r  i s differen t  i n tha t  tempora l  sequenc e i s represente d implicitly . 

Learnin g t o associat e stati c input/outpu t  pair s ca n b e accomplishe d wit h layere d connec -

tionis t  network s wit h feedforwar d link s alone .  Bu t  recurrent ,  o r  feedback ,  link s ar e require d t o 

519 



provid e th e networ k wit h stat e sequenc e information ,  i n orde r  t o captur e sequentia l  behavior . 

[Jor86,Sut85,RHW86] . 

T h e experiment s reporte d her e wer e designe d t o explor e th e capabilitie s o f  paralle l  network s t o 

lear n dynami c propertie s o f  time-varyin g data . 

We firs t  choos e a  moderatel y difficul t  speec h recognitio n proble m t o tes t  th e exten t  t o whic h a 

connectionis t  networ k coul d for m a n interna l  representatio n o f  th e temporal/spectra l  characteristic s 

whic h distinguis h tw o simila r  words .  A  simpl e networ k wit h recurren t  link s wa s traine d o n a  singl e 

instanc e o f  th e wor d pai r  "no "  an d "go" ,  an d successfull y discriminate d 9 8 % o f  2 5 othe r  token s o f 

eac h wor d fo r  th e sam e speaker .  Th e experimen t  wa s repeate d fo r  a  secon d speake r  an d resulte d 

i n 1 0 0 % discriminatio n performance . 

Thi s researcl i  i s  bein g extende d t o mor e difficul t  problem s o f  speec h recognition .  Preliminar y 

result s ax e reporte d whic h sho w tha t  connectionis t  network s ca n b e use d t o successfull y discriminat e 

th e voice d sto p consonants ,  /b,d,g/ ,  i n variou s vowe l  contexts . 

T h e result s o f  th e preliminar y experiment s sho w tha t  connectionis t  network s ca n indee d b e 

designe d an d traine d t o successfull y discriminat e simila r  wor d pair s b y learnin g acoustic-phoneti c 

features . 

2 Experiment I 

The experiment selected for this first examination of connectionist networks in speech recognition 

was th e discriminatio n betwee n th e minima l  pai r  "no "  an d "go" .  Thi s i s a  typica l  speec h recognitio n 

problem ,  whic h i s include d i n a  standar d databas e fo r  evaluatio n o f  speec h recognizer s [DS81] .  Th e 

utterance s "no "  an d "go "  shar e fo r  th e majo r  an d final  portio n th e voice d phonem e /o/ .  Th e 

"no "  utteranc e i s characterize d b y a  lowe r  energ y nasa l  m u r m u r  precedin g th e transitio n t o th e 

bac k vowe l  /o/ .  T h e "go "  i s distinguishe d b y a  ver y lo w energ y voicin g interva l  durin g th e lingua -

palata l  closure ,  a  brie f  burs t  a s th e closur e i s released ,  an d a  voice d transitio n t o th e ful l  vowel . 

Th e distinctio n betwee n "n o "  an d "go" ,  therefore ,  i s  concentrate d i n th e brie f  interva l  o f 

relativel y lo w energ y a t  th e beginnin g o f  th e word .  Thes e difference s consis t  i n th e relativ e voicin g 

energy ,  burs t  spectrum ,  an d forman t  valu e an d transitio n pattern . 

2.1 Network Architecture 

For  thi s first  experiment ,  a  three-laye r  connectionis t  networ k consistin g o f  a n inpu t  layer ,  on e 

hidde n laye r  an d a n outpu t  laye r  wa s implemented ,  a s show n i n Figur e 1 .  Th e sample d speec h 

dat a flowed  throug h th e networ k i n tim e sequentia l  order .  Thus ,  th e 1 6 channe l  energie s wer e 

applie d t o 1 6 inpu t  units ,  fro m whic h activatio n sprea d towar d th e outpu t  unit s simultaneousl y a s 

th e inpu t  unit s wer e update d b y subsequen t  speec h samples .  Thi s desig n wil l  b e referre d t o a s th e 

tempora l  flo w model ,  or ,  mor e simpl y a ^  th e flo w model . 

Othe r  approache s hav e use d a n arra y o f  inpu t  units ,  an d represente d th e tim e axi s alon g on e 

inde x o f  inpu t  uni t  arra y [PNH86,EM86,ME86] .  I n thes e cases ,  tim e i s spatialize d acros s units .  Th e 

tempora l  flow  mode l  wa s chose n becaus e i t  doe s no t  requir e 'chunking '  o f  variabl e lengt h utterance s 

ont o a  fixed  siz e network ,  i t  avoid s th e proble m o f  tempora l  symmetry ,  an d th e tempora l  flow  mode l 

seems t o b e close r  t o th e biologica l  mode l  o f  speec h processing . 

Integratio n ove r  tim e o f  spectra l  characteristic s i s accomplishe d b y th e recurren t  uni t  links . 

A positiv e recurren t  lin k weigh t  wil l  fee d bac k a s inpu t  som e o f  th e uni t  outpu t  t o reinforc e an d 

integrat e th e uni t  response . 
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Outpu t  Unit s 

24-2 5 

Hidde n Unit s 

16-2 3 

Inpu t  Unit s 

0-1 5 

Figur e 1 :  "Tempora l  Flo w Mode l  showin g input ,  hidde n an d outpu t  layers " 
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2.1. 1 Uni t  Function s 

The function s whic h defin e th e uni t  behavio r  wer e chose n fro m one s i n commo n us e i n connectionis t 

network s [SR86,RHW86] .  Thes e function s approximat e th e computationa l  propertie s o f  neura l  cells , 

and hav e convenien t  mathematica l  propertie s fo r  th e learnin g algorith m use d i n thi s experiment . 

The uni t  output ,  Oj{t) ,  i s  give n b y th e sigmoi d function : 

oAt) = 
1 +  e-P'(̂ ) 

where Pj{t), the potential function is given by: 

i,d 

where d is the time delay along the link between units Uj and Uj. 

2.2 Back-Propagation Lccirning Algorithm 

For this experiment, an extended form of the back-propagation learning algorithm was chosen to 

accommodat e network s wit h recurren t  link s [RHW86] .  Th e derivatio n o f  a  mor e genera l  for m o f 

th e algorith m fo r  variabl e dela y an d recurren t  link s i s give n i n [WS86] . 

The error-propagatio n algorith m modifie s the'Uni t  connectio n weight s i n orde r  t o minimiz e th e 

mean square d erro r  betwee n th e actua l  an d desire d outpu t  values .  Th e weigh t  chang e rul e ca n b e 

writte n as : 

T 

wher e 6j{ t  -  r )  i s  th e erro r  signa l  a t  uni t  j  a t  tim e t  -  r ,  wit h respec t  t o th e targe t  value s a t  th e 

outpu t  unit s a t  tim e t .  Thi s erro r  i s  give n by : 

Sj{t -r) = Yl^jkaSkit - r + a)^{t - r) 
a, k " j 

for a < T. 

The erro r  signa l  fo r  a n outpu t  uni t  i s  define d b y th e differenc e betwee n th e actua l  an d targe t 

values ,  time s th e uni t  functio n slop e a t  tim e t : 

The target function for the output units consists of a simple ramp. For the output unit which 

corresponde d t o th e utteranc e bein g trained ,  th e ram p increase d fro m a  valu e o f  0. 5 t o 1.0 0 ove r  th e 

duratio n o f  th e utterance .  Th e othe r  uni t  wa s correspondingl y decrease d fro m 0. 5 t o 0 .  Thi s rep -

resente d th e intuitio n tha t  evidenc e fo r  o r  agains t  a  particula r  wor d accumulate s ove r  it s  duration , 

and reache s a  leve l  o f  confidenc e afte r  th e utteranc e i s completed . 

2.3 Data 

The data used for this experiment consisted of speech data for one male (GD) and one female 

speake r  (CP )  fro m th e Texa s Instrument s standar d isolate d wor d recognitio n databas e [DS81] . 

The digitize d dat a wa s playe d throug h a n A / D converte r  (Digita l  Soun d Corporatio n DS C 2000 ) 
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int o a  commercia l  speec h recognitio n devic e (Siemen s C S E 1200) ,  wher e i t  wa s passe d throug h a 

16-channe l  filter  bank ,  full-wav e rectified ,  lo g compresse d an d sample d ever y 2. 5 milliseconds .  T h e 

filters  wer e lo w Q  bandpzis s filters,  wit h linear-lo g space d cente r  frequencie s [Mar70] .  Twenty-si x 

repetition s o f  eac h wor d compris e th e corpus ,  fo r  a  tota l  o f  fifty-two  utterance s (2 6 "no "  an d 2 6 

"go" )  fo r  eac h speaker .  Th e filter  ban k respons e t o th e trainin g utterance s i s show n i n Figur e 2 . 

2.4 Results 

The connectionist network experiments were conducted on a sequential machine using a network 

simulator ,  writte n specificall y fo r  thi s experiment .  Th e experiment s wer e carrie d ou t  o n a  V A X 

865 0 an d a  S U N 3/16 5 workstation .  Th e networ k describe d previousl y wa s initialize d wit h smal l 

rando m lin k weight s aji d traine d o n a  singl e pai r  o f  no/g o utterance s fo r  600 0 trainin g iterations . 

Each speaker' s dat a wa s use d t o optimiz e separat e networks . 

Th e result s o f  th e optimizatio n ar e show n i n Figur e 3  fo r  th e first  speaker .  T h e valu e o f 

th e squared-erro r  ter m i s neithe r  monotoni c decreasin g no r  a  smoot h functio n o f  th e numbe r  o f 

optimizatio n iterations .  Thi s i s though t  t o b e du e t o th e loca l  natur e o f  th e weigh t  chang e algorithm , 

and th e limite d exten t  o f  back-propagatio n i n time .  Th e networ k coincidin g wit h th e shar p notc h 

i n th e square d erro r  valu e wa s chose n fo r  furthe r  study . 

2.4.1 Output Unit Response to Training Data 

The response of the output units for the network at the selected critical point in the learning process 

was recorded ,  an d ca n b e see n i n Figur e 4 .  Th e outpu t  unit s respon d i n equa l  an d opposit e way s t o 

th e inpu t  stimuli ;  i n addition ,  thei r  tim e respons e roughl y approximate s a  ramp .  Sinc e th e learne d 

respons e closel y fits  th e trainin g function ,  th e networ k show s ver y goo d discriminatio n betwee n th e 

singl e pai r  o f  th e trainin g set . 

Th e significanc e o f  thi s resul t  shoul d no t  b e overlooked .  First ,  th e applicatio n locall y o f  globa l 

optimizatio n metri c provide d a  successfu l  optimizatio n pat h t o a  desire d networ k respons e pattern . 

Second ,  althoug h n o segmentatio n decision s wer e made ,  th e networ k wa s abl e t o for m discrimi -

natin g spectra l  feature s independently .  Third ,  th e approximation s o f  constan t  weigh t  value ,  an d 

restriction s t o majcimu m r  valu e i n th e extende d ba<:k-propagatio n algorith m di d no t  preven t  con -

vergenc e t o a  goo d solution .  Fourth ,  althoug h th e shap e o f  th e erro r  contou r  i s unknown ,  i t  i s 

almos t  certainl y no t  smooth ;  consequently ,  th e learnin g pat h apparentl y avoide d loca l  min im a i n 

arrivin g a t  a  solution . 

2.4.2 Extension to Test Set 

I n orde r  t o tes t  th e generalit y an d robustnes s o f  th e interna l  representation s obtaine d fro m th e 

trainin g wor d pair ,  an d t o furthe r  investigat e th e characteristic s an d behavio r  o f  th e hidde n units , 

th e networ k o f  leas t  square d erro r  valu e wa s teste d o n a  se t  o f  2 5 additiona l  pair s o f  no/g o ut -

terance s b y th e sam e speaker .  Usin g a  simpl e deterministi c decisio n algorithm ,  th e inpu t  wor d 

coul d b e clearl y categorize d b y th e networ k response .  Unde r  thes e conditions ,  th e traine d networ k 

successfull y discriminate d al l  bu t  on e o f  th e tes t  case s ( 9 8 % accuracy) .  Th e result s fo r  th e secon d 

speake r  wer e simila r  (100 % accuracy) . 

Th e response s o f  th e hidde n unit s wer e analyze d fo r  th e 5 0 tes t  utterance s a s wel l  a s th e 2 

trainin g utterance s fo r  eac h speaker .  I n nearl y ever y respect ,  th e hidde n uni t  response s o f  th e tes t 

utterance s wer e isomorphi c t o th e respons e t o th e trainin g data .  A  singl e hidde n uni t  provide d 

th e discriminator y response .  I n th e singl e erro r  case ,  thi s singl e uni t  faile d t o respon d t o th e inpu t 
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no go 

Figur e 2 :  "Channe l  Energie s fo r  no/g o pair " 
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Iteration s 4000 6000 

Figur e 3 :  "Square d Erro r  fo r  Trainin g Se t  vs .  Iteration " 
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Figur e 4 :  "Outpu t  Uni t  2 4 Respons e t o No/G o Pair " 
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data .  T h e channe l  energ y inpu t  dat a fo r  thi s utteranc e i s extremel y lo w level ,  especiall y i n th e mi d 

t o uppe r  channels . 

Base d o n thes e encouragin g results ,  a  secon d se t  o f  experiment s wa s designe d t o explor e exten -

sion s o f  th e us e o f  connectionis t  network s fo r  mor e difHcul t  problem s i n speec h recognition . 

3 Experiment II 

The next set of experiments were designed to learn acoustic-phonetic properties of the phonemes 

i n th e categor y o f  th e voice d sto p consonants .  T h e method ,  however ,  i s  completel y genera l  an d wil l 

be extende d t o othe r  classe s o f  speec h sounds .  Th e experimenta l  desig n i s presented ,  followe d b y 

th e networ k architectur e an d learnin g algorithm . 

3.1 Design of Experiments 

The plan of the experiments to learn acoustic properties of phonemes uses a principle of incremental 

optimization .  A n initia l  networ k i s optimize d t o discriminat e th e phoneme s /b,d,g /  i n a  particula r 

vowel  context ,  sa y /i/ .  W h e n th e networ k ha s bee n modifie d t o correctl y discriminat e th e C V 

word s /bi,di,gi/ ,  th e trainin g dat a i s expande d t o includ e anothe r  vowe l  context . 

T h e subsequen t  vowe l  contex t  fo r  optimizatio n wa s chose n b y tw o methods .  I n th e first,  th e 

subsequen t  vowe l  wa s chose n t o b e phoneticall y clos e t o th e first.  Thi s i s designe d t o tes t  th e 

exten t  t o whic h th e networ k i s abl e t o generaliz e th e consonan t  discriminatio n acros s vowe l  con -

texts .  T h e secon d metho d wa s t o choos e a  subsequen t  vowe l  phoneticall y fa r  fro m th e first  vowel . 

Thi s i s designe d t o tes t  th e exten t  t o whic h th e networ k coul d mak e context-specifi c  consonan t 

discriminations . 

T h e choic e o f  subsequen t  vowel s wa s don e t o increas e th e likelihoo d o f  successfu l  optimizatio n 

by minimizin g th e incrementa l  learnin g required .  A  serie s o f  incrementa l  experiment s i s define d 

i n thi s way ,  b y whic h increasingl y dissimila r  context s ar e adde d t o th e networ k fo r  invarian t  dis -

criminatio n o f  /b,d,g /  an d increasin g simila r  context s ar e subtracte d fro m th e networ k desig n t o 

respon d selectivel y t o /bi,di,gi/ . 

A n alternativ e desig n woul d involv e optimizin g th e respectiv e network s ove r  th e complet e dat a 

set  o f  positiv e an d negativ e sample s i n a  singl e step .  Thi s approac h ha s th e advantag e tha t  th e net -

wor k i s force d fro m th e star t  t o atten d t o th e desire d goal ;  a  weaknes s o f  th e incrementa l  approac h 

i s tha t  th e networ k coul d b e optimize d fo r  on e contex t  usin g a n interna l  representatio n whic h i s 

inappropriat e fo r  th e large r  task .  I n thi s case ,  th e networ k woul d b e require d t o "unlearn "  th e 

origina l  solution ,  whic h coul d prove  a  difficul t  optimizatio n problem .  Nevertheless ,  th e incrementa l 

approac h wa s selecte d fo r  thes e initia l  experiment s becaus e th e progres s o f  optimizatio n coul d b e 

mor e closel y controlle d an d evaluated . 

I t  i s  clea r  eithe r  th e subtractiv e o r  th e additiv e cas e woul d b e sufficien t  fo r  speec h recognition . 

Eithe r  context-dependen t  o r  context-independen t  recognitio n woul d achiev e th e goa l  o f  consonan t 

discrimination .  Ther e is ,  however ,  a n importan t  theoretica l  questio n a t  issu e her e o f  acoustica l 

invarianc e [Blu86,BS79,BS80,LGB84] ,  whic h wil l  b e explore d i n a  subsequen t  paper .  Th e result s 

obtaine d t o thi s poin t  d o no t  warran t  a  ful l  discussio n o f  th e issu e o f  invariance . 

3.2 Network Architecture 

For these preliminary experiments, a three-layer temporal flow model was implemented, as shown 

i n Figur e 1 ,  wit h a  thir d outpu t  uni t  t o accommodat e th e thre e voice d consonants . 

526 



3. 3 N e t w o r k Learnin g A lgor i th m 

For these experiments, a second-order optimization algorithm was selected called the Broyden-

Fletcher-Goldfarb-Shann o algorith m (BEGS )  [FleSO] .  Thi s algorith m combine s a  linea r  searc h 

alon g a  minimizin g vecto r  wit h a n approximatio n o f  th e second-derivativ e o f  th e objectiv e functio n 

/.I n thi s way ,  knowledg e abou t  th e structur e o f  th e erro r  surfac e i s use d t o selec t  optima l  searc h 

direction s an d achiev e muc h mor e rapi d convergence ,  especiall y i n th e neighborhoo d o f  th e minim a 

of  th e objectiv e function .  Althoug h suc h second-orde r  method s d o no t  shar e th e localit y propert y o f 

first-order  methods ,  th e B F G S algorith m wa s employe d fo r  th e purpose s o f  mor e rapi d optimizatio n 

usin g a  sequentia l  machine . 

The B F G S updat e formul a i s give n as : 

Hik+i) = Ih +11 + -^\ -^ - I ^ I 

wher e / /  i s  th e approximat e invers e o f  G  =  V^/(u;) ,  and : 

7 =  ̂ (A:+l )  -  9(k ) 

^ = ^{k+i) - W{k) 

The algorith m basicall y iterate s throug h thre e steps ,  a s follows : 

1.  comput e th e searc h directio n a s 5  =  -IIg . 

2. execute a linear search along s; that is, minimize f{w + as) over a, a scalar, a > 0. 

3. update // according to the BFGS formula above. 

The computatio n o f  th e gradien t  vecto r  g  w«l s accomplishe d b y a n extende d for m o f  th e back -

propagatio n learnin g algorith m fo r  network s wit h recurren t  link s a s describe d above . 

For  thes e experiments ,  th e initia l  valu e o f  / /  wa s chose n t o b e I .  I n case s wher e th e linea r 

searc h failed ,  / /  wa s rese t  t o / ,  an d th e searc h continued . 

The linea r  targe t  functio n describe d i n th e previou s experiment s wa s als o use d fo r  th e consonan t 

discriminatio n experiments . 

3.4 Data 

The speech data used for the second set of experiments was taken from a small database of iso-
late d consonant-vowe l  (CV )  utterance s fo r  a  singl e speake r  (RW )  consistin g o f  th e sto p consonant s 

(/p,t,k,b,d,g/ )  i n combinatio n wit h te n vowel s (/i,I,e,ae,a, "  ,o,u,U,3/) .  Fiv e repetition s o f  eac h C V 

word fo r  a  tota l  o f  thre e hundre d utterance s wer e recorde d o n a  Nakamich i  Mode l  48 0 tap e recorde r 

usin g th e Digita l  Soun d Corporatio n Mode l  24 0 preamplifier .  Th e recorde d speec h wa s playe d int o 

a commercia l  speec h recognitio n devic e (Siemen s CS E 1200 )  wher e i t  wa s filtere d an d sample d a s 

describe d above .  Additiona l  dat a fro m th e origina l  an d othe r  speaker s wil l  b e collecte d fo r  furthe r 

experiments . 

The dat a file s wer e segmente d b y han d t o extrac t  th e transitio n portio n o f  th e C V word .  Th e 

initia l  segmentatio n boundar y wa s se t  a t  a  poin t  o f  silenc e a t  leas t  5 0 m s prio r  t o th e consonan t 

releas e an d th e fina l  segmen t  boundar y a t  th e poin t  o f  maximu m vocali c energy ,  approximatel y i n 

th e cente r  o f  th e vowe l  nucleus .  Thi s segmentatio n wa s performe d withou t  difficult y an d di d no t 

involv e a n attemp t  t o identif y th e consonant-vowe l  boundary .  Th e segmentatio n wa s don e primaril y 

t o decreas e th e computationa l  loa d o n th e optimizatio n algorithm .  I t  i s  certai n tha t  sufficien t  i f 

not  complet e discriminator y informatio n remaine d i n th e segmente d data . 
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Figur e 5 :  "Objectiv e Functio n Durin g Optimization " 

4 Results 

The network described previously was trained on a single set of/bi,di,gi/ using the back-propagation 

metho d fo r  network s wit h recurren t  link s use d i n experimen t  I .  T h e networ k converge d afte r  ap -

proximatel y 300 0 iterations . 

T h e resultin g networ k wa s the n traine d i n tw o experiments ,  a n additiv e experimen t  incorpo -

ratin g /bl,dl,gl /  an d a  subtractiv e experimen t  reducin g b y /bu,du,gu/ .  Thes e experiment s wer e 

conducte d wit h th e B F G S algorith m describe d above .  I n bot h cases ,  th e network s converge d fo r 

prope r  discriminatio n i n bot h contexts . 

T h e objectiv e functio n valu e durin g optimizatio n fo r  th e subtractiv e experimen t  i s show n i n 

Figur e 5 .  T h e respons e o f  th e outpu t  unit s t o th e positiv e trainin g sampl e fo r  th e optimize d 

networ k ca n b e see n i n Figur e 6 . 

T h e networ k make s a n unambiguou s discriminatio n betwee n th e voice d sto p consonant s i n th e 

respons e o f  th e outpu t  units .  T h e uni t  response s roughl y approximat e th e targe t  functio n an d 

clearl y begi n discriminatin g response s a t  th e initia l  wor d boundary . 

5 D i s c u s s i o n 

The results of the "no/go" experiment have been discussed at length elsewhere [WS86]. In summary, 

th e networ k forme d a n interna l  representatio n o f  a n acoustic-phoneti c featur e characteristi c o f  th e 

burst-releas e o f  th e vela r  consonan t  /g/ .  I n addition ,  th e networ k forme d a  simila r  discriminator y 

mechanis m fo r  bot h speakers .  Thi s discriminator y featur e wa s quit e robus t  acros s repetition s b y 

th e sam e speake r  o f  th e sam e word .  Take n together ,  thes e tw o fact s strengthe n th e conclusio n 

tha t  connectionis t  network s ca n b e use d t o infe r  significan t  acoustic-phoneti c feature s directl y fro m 

rea l  speec h data .  Thi s suggest s tha t  connectionis t  learnin g m a y b e use d t o uncove r  acoustica l 

characteristic s o f  th e speec h wavefor m i n whic h computationa l  optimaJit y m a y b e foun d t o hav e 

perceptua l  significance . 

T h e result s o f  th e consonan t  discriminatio n tas k ar e preliminary ;  i t  i s  significant ,  however ,  tha t 

th e tempora l  flow  mode l  wa s correctl y optimize d t o mak e thi s discriminatio n i n th e contex t  o f  a 

singl e vowel ,  an d tha t  thi s discriminatio n wa s extende d additivel y an d subtractivel y t o th e neares t 

correspondin g phoneti c contexts .  Furthe r  testin g o f  th e invarianc e hypothesi s i n th e contex t  o f 
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connectionis t  network s i s currentl y i n progress . 
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