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Abstract 

We ar e studyin g th e extractio n o f  high-leve l  feature s o f 
ra w speec h tha t  ar e statistically-based .  Give n carefull y 
chose n features ,  w e conjectur e tha t  extractio n ca n b e 
performe d reliabl y an d i n rea l  time .  A s a n exampl e o f 
thi s process ,  w e demonstrat e ho w speec h sample s ca n 
be classifie d reliabl y int o categorie s accordin g t o wha t 
languag e wa s spoken . 

The succes s o f  ou r  metho d depend s criticall y o n th e 
distributiona l  pattern s o f  speec h ove r  time .  W e 
observ e tha t  spoke n communicatio n amon g human s 
utilize s a  myria d o f  device s t o conve y messages , 
includin g frequency ,  pitch ,  sequencing ,  etc. ,  a s wel l  a s 
prosodi c an d durationa l  propertie s o f  th e signal .  Th e 
complexit y o f  interaction s amon g thes e ar e difficul t  t o 
captur e i n an y simplisti c mode l  whic h ha s necessitate d 
th e us e o f  model s capabl e o f  addressin g thi s complex -
ity ,  suc h a s hidde n Marko v model s an d neura l  net -
works .  W e hav e chose n t o us e neura l  network s fo r  thi s 
study . 

A neura l  networ k i s traine d fro m speec h sample s 
collecte d fro m fluent,  bilingua l  speaker s i n a n anechoi c 
chamber .  Thes e sample s ar e classifie d accordin g t o 
what  languag e i s bein g spoke n an d randoml y groupe d 
int o uainin g an d testin g sets .  Trainin g i s  conducte d 
over  a  fixed,  shor t  interva l  (segment )  o f  speech ,  whil e 
testin g involve s applyin g th e networ k multipl e time s t o 
segment s withi n a  larger ,  variable-siz e window .  Plu -
ralit y vot e determine s th e classification .  Empirically , 
th e prope r  siz e o f  th e windo w ca n b e chose n t o yiel d 
virtuall y 100 % classificatio n accurac y fo r  Englis h an d 
Frenc h i n th e test s w e hav e performed . 

Barr y L .  K a l m a n 

Cente r  fo r  Intelligen t  Compute r  System s 

Departmen t  o f  Compute r  Scienc e 

Washingto n Universit y 

Sl  Louis ,  Missour i  6313 0 

(314)935-616 0 

barty@cs.wustl.ed u 

A. Maynard Engebretson 

Centra l  Institut e fo r  th e Dea f 

Departmen t  o f  Comput w Scienc e 

Washingto n Universit y 

St .  Louis ,  Missour i  6313 0 

(314)652-320 0 

ame@cs.wustl.ed u 

Introduction 

I n a n internationa l  setting ,  on e migh t  overhea r  part s o f 
convention s i n a  variet y o f  languages .  Give n th e 
prope r  experience ,  identifyin g familia r  language s ca n 
be don e easil y an d accurately .  Wha t  i s i t  tha t  tell s u s 
th e identit y o f  a  language ? H o w d o w e know ,  fo r 
example ,  whe n th e sam e speake r  speak s Englis h o r 
French ? Unde r  th e right  circumstances ,  peopl e see m t o 
be abl e t o tel l  immediately ,  ofte n no t  fro m exactl y wha t 
i s bein g said ,  bu t  fro m broa d characteristic s o f  th e 
speech . 

I n fact ,  i t  i s  no t  necessar y tha t  on e b e competen t  i n 
Frenc h t o recogniz e tha t  peopl e ar e speakin g French . 
W h en Art e Johnso n spesdc s Englis h wit h a n accent . 
the n suddenl y start s talkin g i n pseudo-German ,  th e 
audienc e identifie s th e languag e a s German ,  eve n 
thoug h h e ma y no t  us e acuia l  Germa n word s o r 
phrases .  I t  simpl y "sound s lik e German. " 

Spoke n languag e i s perceive d o n man y levels .  A 
variet y o f  judgement s abou t  feature s o f  speec h ar e con -
stand y bein g mad e b y a  listener .  Listener s uncons -
ciousl y notic e man y thing s abou t  speec h - -  ton e o f 
voice ,  style ,  pace ,  gende r  o f  th e speaker ,  accent ,  degre e 
of  excitement ,  wh o i s speaking ,  etc .  Thes e feature s ca n 
be ver y hig h leve l  althoug h ofte n no t  consciousl y con -
template d unde r  ordinar y circumstance s b y th e listener . 
We furthe r  observ e tha t  spoke n communicatio n amon g 
humans utilize s a  myria d o f  device s t o conve y mes -
sages ,  includin g frequency,  pitch ,  an d sequencing ,  a s 
wel l  a s othe r  prosodi c an d durationa l  propertie s 
measurabl e i n th e signal .  Th e complexit y o f  interac -
tion s amon g thes e i n th e speec h signa l  ar e impossibl e 
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t o captur e i n an y simplisti c mode l  necessitatin g th e us e 
of  model s suc h a s hidde n marko v model s an d neura l 

networics . 

Whil e speec h understandin g researc h ha s focuse d 
primaril y o n extractin g "mean ing "  fitom  speech ,  i t  i s 
clea r  tha t  ther e ar e m a n y othe r  way s human s proces s 

speech .  Mos t  o f  th e high-leve l  feature s mentione d 
abov e canno t  b e tie d t o an y particular ,  conventiona l  se t 
of  phoneti c o r  acousti c feature s o f  th e speech .  Instead , 
the y zppca i  t o b e relate d t o distributiona l  pattern s o r 
statistica l  aggregate s o f  th e speec h waveform . 

We ar e investigatin g th e extractio n o f  high-level , 
statistically-base d feature s fro m speech .  Specifically , 
i n thi s paper ,  th e tas k i s t o determin e th e languag e 
bein g spoke n fro m sample s o f  ra w speech .  Bilingua l 
speaker s fluent  i n tw o language s ar e recorde d an d 
speec h sample s ar e separate d int o trainin g an d testin g 
groups .  Trainin g attempt s t o creat e a  networ k tha t  ca n 
reliabl y determin e whic h languag e i s rqpresenied . 

We assum e tha t  th e classificatio n tas k ca n b e con -
ducte d i n rea l  tim e b y th e model .  W e furthe r  assum e 
tha t  i t  i s  onl y necessar y fo r  th e mode l  t o se e ver y ra w 
speec h waveforms ,  represente d a s sample d frequenc y 
band s ove r  time .  W e specificall y rul e ou t  explici t 
phoneti c identificatio n a s wel l  a s a  variet y o f  othe r 
intemiediate-leve l  structurin g tha t  i s typicall y foun d i n 
speec h understandin g an d recognitio n systems . 

variation .  W e furthe r  assum e tha t  suc h processin g ca n 
be demonstrate d i n rea l  time .  Thi s assumptio n rule s 

out  th e existenc e o f  a  sophisticate d languag e structur e 
componen t  an d demand s tha t  intermediat e level s o f 
processin g normall y associate d wit h speec h under -

standin g b e finessed. 

Recently ,  Muthusam y e t  al .  (1990 )  ha s followe d 
some o f  th e suggestion s mad e b y Hous e i n examinin g 
thi s proble m fo r  fou r  languages :  America n English , 
Japanese ,  Mandari n Chinese ,  an d Tamil ,  The y 

recorde d si x mal e an d si x femal e speaker s eac h speak -
in g 2 0 utterance s i n on e o f  th e languages .  Fou r 
w a v e f w m an d fou r  spectra l  parameter s wer e extracte d 
and use d t o segmen t  an d labe l  th e speec h wit h on e o f  7 
broa d phoneti c categorie s wit h 8 2 . 3 % accuracy .  Th e 
segmente d speec h wa s the n use d i n a  secon d networ k 
designe d t o classif y b y language .  Thi s prove d t o b e 
79 .3 % accurat e i n classifyin g th e speec h int o on e o f 
fou r  languages . 

Our  approac h differ s fro m their s i n severa l 
respects .  W e first  assum e al l  processin g ca n b e con -
ducte d i n rea l  time .  W e als o wis h t o finesse  th e nee d 
fo r  intermediat e structure s a s m u c h a s possible .  W e 
fee l  ther e i s alway s som e los s o f  informatio n i n map -
pin g th e wavefor m int o discret e structure s an d thi s los s 
coul d hav e a n effec t  o n th e succes s o f  th e classificatio n 
of  th e high-leve l  feature . 

R e l a t e d W o r k 

There have been several studies that demonstrate the 
existenc e o f  statisticall y significan t  difference s amon g 
spoke n language s a t  th e acousti c leve l  (Hanley ,  e t  al . 
(1966) ;  Atkinso n (1968) )  an d als o a t  th e leve l  o f 
phoneti c feature s (Dene s (1963) ;  Kucer a &  Monro e 
(1968)) .  A b e e t  al .  (1990 ;  1991 )  hav e considere d som e 
of  th e difference s i n automaticall y convertin g a 
speaker' s voic e from  on e languag e int o another .  Sinc e 
thes e difference s ar e measurabl e a t  th e lo w en d o f  th e 
speec h chain ,  the n surel y i t  mus t  b e possibl e t o exploi t 
thos e difference s t o buil d a  mode l  tha t  emulate s th e 
human abilit y  t o correctl y discriminat e amon g 

languages . 

Hous e (1977 )  propose s a  metho d o f  languag e 
identificatio n whic h utilize s a  languag e structur e com -
ponen t  i n conjunctio n wit h a  statistica l  componen t  Hi s 
approac h wa s apparentl y hindered ,  a t  tha t  time ,  b y th e 
lac k o f  sufficien t  computin g powe r  t o perfor m th e 

necessar y statistica l  procedures . 

We shar e som e o f  House' s belief s abou t  th e valu e 
of  statistica l  procedure s i n extractin g certai n high-leve l 
features .  Bein g statisticall y based ,  th e processin g wil l 
naturall y b e resistan t  t o nois e an d toleran t  t o som e 

D a t a Collect io n 

For  ou r  experiments ,  w e collecte d speec h sample s fro m 
thre e bilingua l  speakers :  tw o male s an d on e female . 
Al l  speaker s fluently  spok e Englis h an d on e othe r 
language :  male ,  spok e nativ e Frenc h an d non-nativ e 
English ;  ma le ^  spok e nativ e Japanes e an d non-nativ e 
English ;  an d Temale .  spok e non-nativ e Frenc h an d 
nativ e Britis h English .  Recording s wer e mad e o f  12. S 
second ,  randoml y chose n sample s o f  eac h speake r 
readin g th e phoneticall y balance d "rainbo w passage " 
i n Englis h an d excerpt s o f  spoke n passage s rea d fro m 
newspape r  storie s i n th e othe r  languages .  T w o dif -
feren t  sample s wer e recorde d fo r  eac h languag e fo r 
eac h speaker .  Yieldin g a  tota l  o f  I2. S speec h samples . 

Al l  recording s wer e mad e i n a n anechoi c chambe r 
resultin g i n 16-bi t  sample s a t  24kHz .  Fiv e Band-Pas s 
filters  wer e use d t o separat e th e signa l  int o band s whic h 
wer e low-pas s filtered  an d decimate d b y a  facto r  o f 
200 .  Thi s proces s i s illustrate d i n Figur e 1 . 

Withi n th e 1 2 secon d samples ,  w e selecte d sample s 
of  smalle r  duratio n b y specifyin g a  star t  poin t  an d a 
duratio n an d clippin g i t  fro m th e large r  sample .  Thi s 
permit s numerou s overiappin g sample s t o b e extracte d 
fro m eac h collecte d sampl e dependin g o n th e siz e o f 
th e sampl e t o b e extracted . 
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Figure! :  FrontendProcessin g 

S y s t e m D e s i g n 

Designing a system for this task requires that proper 
trainin g i s  performe d an d tha t  testin g favor s correc t 
decisions .  W e ar e usin g a  neura l  networ k tha t  map s 
inpu t  unit s representing  7S0ms .  duratio n o f  speec h t o 
outpu t  unit s representin g th e rang e o f  language s bein g 
identified . 

The choic e o f  7S0m s i s  base d o n a  compromis e 
betwee n a  networ k tha t  i s  to o smal l  t o properl y detec t 
th e distinction s necessar y t o identif y th e languag e an d 
one tha t  woul d requir e enormou s computin g resource s 
10 uain .  Fo r  duration s les s tha n 750ms ,  trainin g pat -
tern s contai n numerou s inpu t  similaritie s whic h requir e 
separatio n a s outpu t  dissimilarities .  Thi s ca n b e deter -
mine d b y performin g boundar y pai r  testin g a s 
describe d i n Kalma n &  Kwasn y (1992) .  Suc h a  situa -
tio n i s unacceptabl e sinc e i t  indicate s tha t  goo d trainin g 
wil l  b e extremel y difficul t  t o achieve .  Duration s abov e 
750ms requir e a n enormousl y larg e inpu t  laye r  an d 
many networ k weight s t o manipulate .  Whil e a  faste r 
machin e o r  mor e tim e coul d overcom e suc h problems , 
we fel t  tha t  thi s wa s als o unacceptabl e fo r  u s give n ou r 
curren t  environment . 

Afte r  choosin g th e siz e o f  th e inpu t  window ,  th e 
remainde r  o f  th e architectur e ha d t o b e determined .  I n 

our  preliminar y experiment ,  onl y tw o languages , 
Frenc h an d Englis h (spoke n b y male ^  an d female,) , 
wer e used .  Therefore ,  th e outpu t  laye r  contain s onl y 
tw o units ,  on e fo r  Frenc h an d on e f w English .  T h e siz e 
of  th e hidden  laye r  i s determine d b y makin g intelligen t 
guesses .  W e examin e th e trainabilit y o f  th e networ k 
fo r  al l  data ,  trainin g an d testing ,  an d find  th e numbe r  o f 
hidde n unit s experimentall y wher e th e networ k maxi -
mall y account s fo r  al l  th e data .  [Not e tha t  thi s numbe r 
coul d als o b e foun d throug h a  se t  o f  experiment s i n 
whic h trainin g too k plac e wit h jus t  a  randoml y deter -
mine d trainin g se t  an d the n teste d fo r  generalizatio n 
among th e othe r  patterns ,  bu t  tha t  metho d woul d tak e 
much longer. ]  Th e final  networ k connect s eac h laye r  t o 
eac h laye r  forwar d o f  it ,  an d s o ther e ar e th e standar d 
layere d connection s a s wel l  a s connection s directl y 
fro m th e inpu t  t o th e outpu t  layer .  Al l  Gainin g wa s per -
forme d usin g variation s o n th e conjugat e gradien t 
metho d (se e Kalman ,  199 0 an d Kalma n &  Kwasny , 

1991) . 

Durin g networ k training ,  it s generalizatio n capabil -
it y i s  continuall y bein g monitore d b y calculatin g a  con -
fusio n matri x fo r  th e testin g se t  o f  pattern s an d apply -
in g a  x ^  test  t o it .  A s th e x ^  resul t  continue s t o 
increase ,  trainin g continues .  I f  th e tes t  level s of f  o r 
decreases ,  adjustment s ar e mad e i n trainin g unti l  th e 
bes t  traine d networ k ha s bee n found . 
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Repetition s 
Threshol d 
Duration(secs ) 
Number  o f  Pattern s 

(i n eac h language ) 

Englis h 
Frenc h 

Male ^ 
(Englis h only ) 

40 
21 

1.72 5 
1.72 9 

99.3 % 
92.7 % 

100 % 

60 
31 

2.22 5 
1.70 9 

100 % 
96.7 % 
100% 

80 
41 

2.72 5 
1.68 9 

100 % 
97.3 % 
100 % 

100 
51 

3.22 5 
1.66 9 

100 % 
99.2 % 
100 % 

120 
61 

3.72 5 
1.64 9 

100 % 
100 % 

100 % 

Figur e 2 :  Performanc e o n Tw o Speaker/Tw o Languag e Tas k 

To evaluat e decision s regardin g languag e 
identification ,  th e short .  750m s segmen t  mus t  b e sli d 
acros s a  wide r  windo w o f  speech ,  creatin g multipl e 
decision s o n whic h t o bas e th e classification .  W e arbi -
traril y  decide d t o d o s o i n 25m s intervals .  Fo r  th e tw o 
languag e problem ,  a  simpl e majorit y rul e i s wha t  i s 
used .  I n effect ,  th e smalle r  segmen t  resul t  i s  integrate d 
acros s th e large r  tim e frame.  Fo r  multipl e languages ,  a 
pluralit y vot e ma y b e use d an d ma y potentiall y  gen -
erat e "don' t  know "  classifications . 

I n analyzin g th e dat a b y bands ,  th e middl e (third ) 
band share s muc h wit h th e adjacen t  bands .  W e decide d 
t o attemp t  t o trai n th e networ k fro m dat a furthe r 
reduce d b y th e eliminatio n o f  ban d three .  W e success -
fuU y traine d th e netwoil c approximatel y th e sam e leve l 
withou t  includin g ban d three .  Thi s trainin g i s faste r 
sinc e ther e ar e fewe r  weight s t o adjus t  an d s o w e use d 
thi s metho d o f  trainin g fo r  al l  th e result s reporte d i n th e 
next  section . 

Results 

Our first results were obtained from experiments with 
tw o speakers ,  malê ^  an d femal e | ,  eac h speakin g 
Englis h an d French .  Whil e thi s i s a  ver y limite d task ,  i t 
represent s th e techniqu e involve d i n successfull y  clas -
sifyin g speec h segment s fo r  thi s purpose . 

First ,  th e 12. 5 secon d speec h sample s o f  th e tw o 
subject s wer e divide d int o trainin g sample s an d testin g 
samples .  Eac h trainin g sampl e wa s processe d int o 37 1 
overlappin g 750m s segment s o f  speec h eac h o f  whic h 
produce d 36 0 numeri c value s o f  frequenc y informatio n 
acros s th e fou r  band s (9 0 sample s o f  4  bands) .  Train -
in g proceede d t o settl e a t  73.7 % correc t  o n th e tes t  pat -
terns .  Thi s traine d networ k wa s the n evaluate d o n 
varyin g duration s o f  window s an d performanc e wa s 
measure d accordin g t o a  majorit y vote .  Figur e 2  show s 
th e performanc e whil e varyin g th e duratio n from  1.72 5 
second s t o 3.72 5 seconds .  W e rqwr t  figures  o n al l 
data ,  bot h testin g an d training ,  t o enabl e u s t o loo k a t 

more cases .  Clearly ,  thes e result s woul d hol d rather 
closel y fo r  jus t  th e testin g patterns .  Not e tha t  th e 
identificatio n o f  Englis h example s i s tota l  whe n usin g 
th e duratio n o f  2.22 5 seconds ,  whil e th e Frenc h exam -
ple s requir e a  duratio n o f  3.72 5 second s t o achiev e 
100 % performance .  Thi s leve l  o f  performanc e i s eve n 
more remarkabl e whe n w e conside r  tha t  i t  i s  base d o n 
an evaluatio n o f  al l  3.29 8 Frenc h an d Englis h testin g 
and trainin g patterns . 

We the n teste d th e sam e networ k wit h Englis h 
speec h sample s firo m male2 .  Thes e dat a ar e show n i n 
th e final  ro w o f  Figur e 2 ,  wit h perfec t  performanc e 
achievabl e i n a  duratio n o f  abou t  1.72 5 seconds .  Thi s 
illustrate s th e degre e t o whic h th e networ k i s capabl e o f 
generalizin g t o th e speec h o f  subject s fo r  whic h i t  ha s 
not  bee n trained ,  i n thi s cas e male 2 whos e nativ e 
languag e i s Japanese . 

I t  i s  possibl e t o mak e a  theoretica l  analysi s o f  th e 
tradeo ^  betwee n achieve d performanc e leve l  o n th e 
shor t  segmen t  an d th e duratio n o f  th e windo w neces -
sar y fo r  high-leve l  performanc e (99.5 % correct )  durin g 
testing .  Figur e 3  show s suc h a  theoretica l  projectio n 
fo r  selecte d performanc e level s o f  th e network .  Fo r 
example ,  i f  th e networ k perform s a t  th e leve l  o f  60 % 
correc t  fo r  th e wors t  categor y bein g classified ,  the n 
assumin g independen t  classificator y decision s (whic h i s 
not  strictl y  correct ,  bu t  suitabl e fo r  thi s approximation ) 
we us e th e binomia l  theore m t o yiel d 

0.99 5 <  "Ep'il-pf- * 

Hwe,  N  i s assume d t o b e od d t o 

simpler, and M is assumed to be 

make th e calculatio n 

N 
+2.  So ,  i n Fig -

ur e 3 .  th e initia l  colum n determine s th e probability ,  p , 
used i n th e binomia l  theore m an d N  i s determine d an d 
shown i n th e secon d column .  Th e thir d colum n ca n b e 
derive d fro m th e secon d b y th e formula : 
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Performanc e i n 
wors t  categor y 

(percent ) 

60 
65 
70 
75 

M i n u m u m (odd )  N 

t o yiel d 99.5 % 
perfomuuic e 

181 
81 
51 
41 

Duratio n o f  windo w 

(seconds ) 

5.2 5 
2.7 5 
2.0 0 
1.7 5 

Normalize d x ^ 
performanc e o n 

trainin g se t 

^0.4 0 

^0.4 9 
^0.5 5 
^0.6 4 

Figur e 3 :  Theoetica l  Projectio n o f  Performanc e 

0.75 + (^ - l ) x  (0.025 ) 

since the segment size is 0.75 seconds and the incre-
ment  fo r  slidin g th e segmen t  withi n th e windo w i s 

0.02 5 seconds .  Furthe r  th e x ^  performanc e whe n 
applie d t o th e confusio n matri x ca n b e estimate d an d 
used i n determinin g whe n trainin g ha s reache d th e 
prope r  leve l  t o achiev e th e performanc e desired . 

Conc lus ion s 

We have shown how a properly defined neural network 
i s capabl e o f  reliabl y extractin g th e identificatio n o f 
what  languag e i s bein g spoke n from  ra w speech .  I n 
our  preliminar y stud y reporte d here ,  perfec t  result s 
wer e obtaine d b y summin g ove r  multipl e decision s an d 
usin g a  majorit y vot e t o determin e a  bette r  decisio n 

fro m severa l  individua l  error-pron e ones .  I n fact ,  i t  ca n 
be show n tha t  th e erro r  decay s exponentiall y a s th e 
decision-makin g windo w i s extended . 

I n a  broade r  sense ,  w e hav e illustrate d th e potentia l 
of  extractin g high-leve l  feature s from  ra w speec h b y a 
majorit y decision-makin g system .  Th e ide a o f  "col -
lectin g votes "  whil e sequratiall y  processin g inpu t  from 
a sourc e channe l  i s a  powerfu l  ide a tha t  result s i n nois e 
toleran t  decision s leadin g t o remarkabl e performance . 
The majorit y vot e techniqu e exhibite d her e i s a  genera l 
metho d fo r  improvin g th e performanc e o f  a n errorfu l 
metho d t o on e tha t  i s  virtuall y flawless.  Successfu l 
applicatio n o f  thi s metho d require s a  tas k tha t  submit s 
t o simple ,  aggregat e classification s o f  th e typ e demon -
strate d her e an d a  classificatio n techniqu e tha t  achieve s 
a reasonabl e leve l  o f  performance . 

Human communicatio n mus t  carr y informati(M i 
fro m on e speake r  t o anothe r  b y exploitin g th e charac -
teristic s o f  th e channel .  Th e channe l  o f  voic e commun -
icatio n constrain s wha t  i s  permissibl e i n a  natura l 
languag e uaeranc e an d wha t  i s no t  Eac h languag e ha s 
develope d it s ow n uniqu e syste m o f  utilizin g th e chan -
nel  o f  communicatio n t o carr y messages .  Whil e ther e 
i s considerabl e overla p from  languag e t o language ,  i t  i s 

th e imiquenes s tha t  permit s u s t o determin e whic h 
languag e i s bein g spoke n and ,  therefore ,  whic h linguis -
ti c  frame  o f  referenc e t o apply . 

F u t u r e W o r k 

Ongoing research is investigating how to incorporate 
votin g scheme s int o th e networ k i n natura l  ways . 

Ther e i s evidenc e fo r  bot h spatia l  an d tempora l  summa -
tio n i n nerv e cell s foun d i n th e brai n an d w e hop e t o 
find  architecture s tha t  bette r  simulat e suc h activity . 

A promisin g approac h involve s th e us e o f  recurren t 
networks .  I n preliminar y studies ,  a  simpl e recurren t 
networ k wa s traine d t o achiev e recognitio n rate s com -
petitiv e wit h thos e o f  non-recurren t  ones ,  bu t  usin g a 
much smalle r  window .  Recurren t  network s develo p a 
limite d memor y o f  pas t  event s an d ca n exhibi t 
classificatio n capabilitie s tha t  conside r  bot h immediat e 
input s an d pas t  events . 

Experiment s hav e als o begu n whic h utiliz e th e dat a 
we hav e collecte d t o trai n network s fo r  bot h gende r 
discriminatio n an d speake r  discrimination .  Her e again , 
th e thrus t  o f  th e wor k i s o n reliabl e identificatio n o f 
high-leve l  feature s i n rea l  tim e directl y from  th e speec h 
signal .  Wit h a  smal l  numbe r  o f  speakers ,  speake r 
discriminatio n i s provin g t o b e a n eas y task .  Thi s situa -
tio n i s expecte d t o chang e a s dat a from  mor e speaker s 
i s collected .  Ou r  votin g metho d i s no t  expecte d t o 
wori c quit e a s wel l  wit h gende r  discriminatio n du e t o 
th e larg e degre e o f  overla p i n voca l  frequenc y betwee n 
mal e an d femal e speakers . 
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