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ABSTRACT 
Speech i s  a  s i g n a l  w i t h  a  complex u n d e r l y i n g  s t r u c t u r e  and cons ide rab le  
v a r i a b i l i t y .  I n  o r d e r  t o  determine acous t i c  p h o n e t i c  c o r r e l a t e s  o f  
speech one must t a k e  t h i s  s t r u c t u r e  i n t o  account.  To s p e c i f y  i t s  
s t r u c t u r e  adequate ly  a  p r i o r i  would be very  d i f f i c u l t .  One would a l s o  
have t o  ensure t h a t  any f i x e d  s t r u c t u r e  imposed i n i t i a l l y  was n o t  
r e s t r i c t i v e .  C h a r a c t e r i s t i c s  o f  l e a r n i n g  machines appear u s e f u l  f o r  
t h i s  t y p e  o f  prob lem because they  have p o t e n t i a l  f o r  a c q u i r i n g  i n t e r n a l  
s t r u c t u r e ,  so l e s s  n.eeds t o  be imposed i n  advance. The t ype  o f  
l e a r n i n g  machine i n v e s t i g a t e d  i s  t h e  m u l t i - l a y e r  p e r c e p t r o n  (MLP).  I t  
i s  shown t h a t  one may t r a i n  such a  system t o  pe r fo rm  ve ry  w e l l  a t  
s t anda rd  p a t t e r n  r e c o g n i t i o n  t asks .  I t  i s  compared a g a i n s t  a  s tanda rd  
techn ique  f o r  d i s c r i m i n a n t  a n a l y s i s ,  a  Bayes c l a s s i f i e r  f o r  norma l  
p a t t e r n s .  

INTRODUCTION 
The aim o f  t h e  work here  i s  t o  i n v e s t i g a t e  t h e  use fu lness  o f  t h e  MLP i n  
acous t i c -phonet i c  d e t e r m i n a t i o n  and i t s  a b i l i t y  t o  l e a r n  s t r u c t u r a l  
r e l a t i o n s h i p s -  i n  p a t t e r n s .  The case o f  v o i c i n g  d e t e r m i n a t i o n  i s  used 
he re  an  an example. A MLP network [ r e f  l] may be cons idered  as 
pe r fo rm ing  a  t r a i n a b l e  non - l i nea r  t r a n s f o r m a t i o n  t h a t ,  when p resen ted  
w i t h  an i n p u t  p a t t e r n  v e c t o r ,  generates an a p p r o p r i a t e  response. When 
t h e  t a s k  i n v o l v e s  c l a s s i f y i n g  frames o f  a  t ime -va ry i ng  s i g n a l ,  such a  
d e c i s i o n  process w i l l  c l e a r l y  b e n e f i t  from access t o  t h e  s i g n a l  over  a  
w ider  time-window. T h i s  may be achieved by a l l o w i n g  access t o  ad jacen t  
frames o r  by i n c r e a s i n g  t h e  time-window o f  t he  e lements c f  t h e  p a t t e r n  
vec to r s .  Th i s  work i s  concerned w i t h  t h e  c l a s s i f i c a t i o n  o f  p a t t e r n  
v e c t o r s  i n  i s o l a t i o n  o r  i n  c o n j u n c t i o n  w i t h  t h e i r  ad jacen t  p a t t e r n  
vec to r s ,  and w i l l  n o t  address t h e  problem o f  i n c r e a s i n g  performance by 
demanding t h a t  t h e  sequence o f  t h e  d e c i s i o n s  made b e  s u b j e c t  t o  
c o n s t r a i n t .  I n  t h e  case o f  a  b1LP w i t h  no h idden u n i t s ,  i t s  o u t p u t  
r ep resen ts  t h e  we igh ted  sum o f  t h e  p a t t e r n  vec to r  elements passed 
th rough a  n o n - l i n e a r  f u n c t i o n .  S ince t he  l a t t e r  i s  monotonic t h e  o u t p u t  
p a t t e r n  c l a s s  depends o n  a  l i n e a r  combinat ion o f  t h e  i n p u t  e lements and 
a  t h r e s h o l d .  I n  t h i s  case t h e  t r a i n i n g  r e s u l t s  i n  t h e  s e l e c t i o n  o f  
s u i t a b l e  weights .  When h idden  u n i t s  a r e  i n t r oduced ,  t h e  ou tpu t  p a t t e r n  
c l a s s  i s  no l o n g e r  a  l i n e a r  t h r e s h o l d  f u n c t i o n  o f  t h e  i n p u t  v e c t o r .  I n  
t he  l a t t e r  case one may expect  inc reased  performance s i n c e  t h e  ne twork  
may e x p l o i t  more complex i n t e r - r e l a t i o n s h i p s  between components o f  t h e  
p a t t e r n  vec to r .  Complex r e l a t i o n s h i p s  must, o f  course,  e x i s t  f o r  t h i s  
t o  happen. 

BAYES CLASSIFIER 
An e s t a b l i s h e d  approach t o  c l a s s i f i c a t i o n  o f  p a t t e r n  v e c t o r s  i s  t h e  
Bayes c l a s s i f i e r  [ r e f  2 1  which has i t s  foundat ion  i n  s t a t i s t i c a l  
d e c i s i o n  theory .  I f  one assumes a normal d i s t r i b u t i o n  o f  t h e  p a t t e r n  
c lasses ,  then  t h e  optimum d e c i s i o n  boundar ies can be  conrputed i n  terms 
o f  t h e  r e s p e c t i v e  mean v e c t o r s  and covar iance  m a t r i c e s  [ r e f  31. 
Prov ided  t h e  p a t t e r n s  a r e  genu ine ly  norma l l y  d i s t r i b u t e d ,  such a scheme 
i s  op t ima l .  However, t h i s  i s  n o t  always t h e  case. One may then ,  o f  
course, r e s o r t  t o  f u n c t i o n a l  approx imat ion  techn iques ,  b u t  they a r e  n o t  
cons idered  here,  s i n c e  ou r  i n t e r e s t  l i e s  w i t h  t h e  MLP. 
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TRAINING 
The t r a i n i n g  scheme i n v o l v e s  s u p p l y i n g  t h e  c l a s s i f i e r s  w i t h  l a b e l l e d  
p a t t e r n  v e c t o r s .  The t r a n s f o r m a t i o n  r e q u i r e d  t o  map t h e  i n p u t  v e c t o r s  
t o  t h e  s p e c i f i e d  o u t p u t  s t a t e s  a r e  t h e n  computed. 

EXPERIMENT 1 
The speech  d a t a  was r e c o r d e d  a n e c h o i c a l l y  t o g e t h e r  w i t h  t h e  o u t p u t  o f  a  
l a ryngograph  [ r e f  41. The l a t t e r  was r e q u i r e d  by a  r e f e r e n c e  v o i c i n g  
a n a l y s e r  [ r e f  51. T h i s  p rov ided  a  conven ien t  and a c c e p t a b l y  good 
method o f  a n n o t a t i n g  a  very  l a r g e  amount o f  speech  d a t a  f o r  v o i c i n g ,  
wi th  t h e  minimum o f  human e f f o r t .  The m a t e r i a l  was t h e  "Rainbow" 
passage  [ r e f  61 and i t  was r e c o r d e d  f o r  f i v e  a d u l t  male  s p e a k e r s  e a c h  
wi th  two r e p e t i t i o n s .  The f i r s t  r e p e t i t i o n  was u s e d  a s  t r a i n i n g  d a t a  
and t h e  o t h e r  a s  t h e  t e s t i n g  d a t a .  A 1 9  channe l  vocoder  [ r e f  7 1  was 
used t o  g e n e r a t e  t h e  p a t t e r n  v e c t o r s .  C l e a r l y  o t h e r  f e a t u r e s  c o u l d  h a v e  
been u s e d ,  b u t  o p t i m a l  f e a t u r e  s e l e c t i o n  i s  n o t  t h e  problem a d d r e s s e d  
h e r e .  The p a t t e r n  v e c t o r s  were formed by sampl ing t h e  vocoder c h a n n e l s  
i n  1 0  rns f rames .  The samples  were  t h e  t o p  50 dB o f  a  l o g a r i t h m i c  s c a l e ,  
t o  h e l p  n o r m a l i z e  a m p l i t u d e s .  There  were,  i n  t o t a l ,  14616 f r a m e s  o f  
t r a i n i n g  d s t s  2nd 16395 frames o f  t e s t  d a t a .  

METHOD 
The f o l l o w i n g  schemes f o r  v o i c i n g  d e t e r m i n a t i o n  were  examined. I n  e a c h  
c a s e  t h e r e  was on ly  one  o u t p u t  u n i t .  1 )  Bayes normal c l a s s i f i e r  w i t h  1 9  
i n p u t  e l e m e n t s .  2 )  MLP w i t h  1 9  i n p u t  e l e m e n t s  and no h idden  u n i t s .  3 )  
MLP w i t h  1 9  i n p u t  e l e m e n t s  and 1 9  hidden u n i t s .  4 )  MLP w i t h  1 9  i n p u t  
e l e m e n t s  and two l a y e r s  o f  1 9  h idden  u n i t s .  5 )  MLP w i t h  a d j a c e n t  f r ames  
(3*19 i n p u t  e l e m e n t s )  and no hidden u n i t s .  6 )  MLP w i t h  a d j a c e n t  f r ames  
(3*19 i n p u t  e l e m e n t s )  and (3*19) h idden  u n i t s .  Each was f i r s t  t r a i n e d  
on t h e  t r a i n i n g  d a t a  and t h e n  r u n  on t h e  t e s t  d a t a .  The MLP t r a i n i n g  
a l g o r i t h m s  were run  u n t i l  t h e r e  was v i r t u a l l y  no more improvement i n  
performance,  w l t h  t h e  same number o f  t r a i n i n g  c y c l e s  b e i n g  used i n  each  
c a s e .  The a l g o r i t h m s  were  a l l  w r i t t e n  i n  C and r a n  under  Unix on a 
Masscomp MC5500 s e r i e s  computer.  

E V A L U A T I O N  O F  RESULTS 
The r e s u l t s  a r e  d i s p l a y e d  i n  t h e  form o f  r e c e i v e r  o p e r a t i n g  
c h ~ r a c t e r i s t i c s  (ROC). Th i s  i s  a p l o t  o f  t h e  number o f  c o r r e c t  
c l a s s i f i c a t i o n s  a g a i n s t  t h e  number o f  f a l s e  a l a r m s ,  f o r  many t h r e s h o l d  
v a l u s s .  T h i s  p r o v i d e s  a  conven ien t  v i s u a l  method o f  comparing 
performance.  The r e s u l t s  appear  i n  f i g . 1 .  The p a t t e r n  v e c t o r s  were 
not  normal ly  d i s t r i b u t e d ,  and c o n s e q u e n t l y  t h e  Bayes c l a s s i f i e r  f o r  
normal p a t t e r n s  d i d  n o t  o p e r a t e  a s  w e l l  a s  a  more g e n e r a l  v e r s i o n  may b e  
expec ted  t o .  I t  d o e s ,  however, g i v e  a  rough i n d i c a t i o n  o f  t h e  
performance t h a t  may o t h e r w i s e  b e  c o n s i d e r e d  " r e a s o n a b l e " .  Hidden u n i t s  
d.id n o t  improbe pe r fo rmance  o f  t h e  MLP. The MLP w i t h  o n l y  1 9  i n p u t  
e l e m e n t s  worked b e t t e r  t h a n  t h e  Bayes c l a s s i f i e r .  The MLP w i t h  a d j a c e n t  
f rames worked b e s t  o f  a l l ,  b u t  t h i s  i s  t o  be e x p e c t e d  s i n c e  i t  h a s  
a c c e s s  t o  more i n f o r m a t  i o n .  

EXPERIMENT 2 
Observa t ion  o f  t h e  l a b e l l i n g  performed by t h e  MLPs s u g g e s t e d  t h a t  they  
were, i n  f a c t ,  p r o d u c i n g  b e t t e r  r e s u l t s  t h a n  t h e  r e f e r e n c e .  T h i s  was 
due t o  t h e  f a c t  t h a t  t h e  l a ryngograph  o u t p u t  does  n o t  a lways  i n d i c a t e  
t h e  p r e s e n c e  o f  v a i c i n g  w h i l s t  o b s e r b a t i o n  o f  t h e  s p e e c h  waveform 
i n d i c a t e s  t h a t  v o i c e d  e x c i t a t i o n  i s  indeed  p r e s e n t .  T h i s  c l e a r l y  
i n v a l i d a t e s  t h e  R O C  t e s t  p rocedure .   ath her t h a n  r e s o r t  t o  manual 
c o r r e c t i o n ,  one s o l u t i o n  vJas t o  degrade  t h e  speech  d a t a .  T h i s  would 



e n s u r e  t h e  r e c o g n i t i o n  performance would be  poor compared t o  t h e  
r e f e r e n c e ,  and s o  pe rmi t  more mean ingfu l  compar isons  t o  be  made. The 
speech  was degraded  t o  OdB w i t h  un l fo rm d e n s i t y  random n o i s e .  
I n  o r d e r  t o  h o p e f u l l y  p e r m i t  t h e  PlLP t o  show i t s  a b i l i t y  t o  p e r f o r m  
complex t r a n s f o r m a t i o n s  o f  t h e  i n p u t  v e c t o r ,  t h u s  showing u p  h i d d e n  
r e l a t i o n s h i p s ,  i t  was n e c e s s a r y  t o  have  i n p u t  p a t t e r n  v e c t o r s  w i t h  
s u i t a b l e  relationships between t h e i r  e l e m e n t s .  A smoothed v e r s i o n  o f  
t h e  vocoder o u t p u t ,  g e n e r a t e d  by a p p l y i n g  a  0 .2  s window t o  t h e  f o r m e r ,  
was used  t o  g i v e  f e a t u r e s  which r e f l e c t  s i g n a l  i n p u t  c h a r a c t e r i s t i c s  
o v e r  a  l o n g e r  t i m e - s c a l e .  Such d a t a  i s  n o t  o f  d i r e c t  v a l u e  t o  t h e  
c l a s s i f i c a t i o n  p r o c e s s .  

ME T H O D  
T h i s  t i m e ,  t h e  f o l l o w i n g  e x p e r i m e n t s  were run  on t h e  n o i s e  c o r r u p t e d  
speech  d a t a :  1 )  Bayes normal c l a s s i f i e r  w i t h  1 9  i n p u t  e l e m e n t s .  2 )  MLP 
w i t h  1 9  i n p u t  e l e m e n t s  and no h idden  u n i t s .  3 )  MLP w i t h  1 9  normal  i n p u t  
e l e m e n t s ,  1 9  smoothed i n p u t  e l e m e n t s  and no hidden u n i t s .  4 )  MLP w i t h  
19  normal i n p u t  e l e m e n t s ,  1 9  smoothed i n p u t  e l e m e n t s  and 1 9  h i d d e n  
u n i t s .  5 )  MLP w i t h  a d j a c e n t  f r ames  (3*19 i n p u t  e l e m e n t s )  and ( 3 x 1 9 )  
h idden  u n i t s .  

REStJLTS 
F i g .  2 shows t h a t  t h e  normal Bayes c l a s s i f i e r  performed abou t  a s  w e l l  a s  
t h e  MLP, i n  t h e  s i n g l e  v e c t o r  i n p u t  c a s e .  Th i s  was due t o  the,  f a c t  t h a t  

t h e  p a t t e r n  v e c t o r s  were now more normal ly  d i s t r i b u t e d  t h a n  t h e y  had 
been p r e v i o u s l y ,  and c o n s e q u e n t l y  t h e  d e c i s i o n  f u n c t i o n  c a l c u l a t e d  was 
more a p p r o p r i a t e  t o  t h e  c l a s s i f i c a t i o n  t a s k .  The b e s t  r e s u l t s  were  
o b t a i n e d  when a d j a c e n t  f r ames  were employed,  w i t h  t h e  smoothed v e c t o r  
c a s e  s l i g h t l y  worse .  Hidden u n i t s  d i d  n o t  improve performance.  

CONCLUSIONS 
The MLP worked b e t t e r  t h e n  Bayes normal c l a s s i f i e r .  The former d o e s  n o t  
make asumpt ions  a b o u t  t h e  form of  t h e  p r o b a b i l i t y  d e n s i t i e s  o f  t h e  
p a t t e r n  v e c t o r s .  Performance o f  t h e  MLP was h i g h e s t  ,when a d j a c e n t  
f rames were i n c o r p o r a t e d .  Performance o f  t h e  MLP improved over  t h e  
s i n g l e  p a t t e r n  v e c t o r  c a s e ,  wi th  t h e  a d d i t i o n  o f  a  smoothed p a t t e r n  
v e c t o r .  Hidden u n i t s  d i d  n o t  improve performance.  T h i s  s u g g e s t s  t h a t  
any complex h idden  s t r u c t u r e  i n  t h e  d a t a  v e c t o r s  was n o t  s i g n i f i c a n t  
compared t o  t h a t  more d i r e c t l y  a v a i l a b l e .  Thus t h e  MLP,  when p r o v i d e d  
wi th  a p p r o p r i a t e  p a t t e r n  v e c t o r s ,  c a n  perform frame l a b e l l i n g  f o r  
v o i c i n g  d e t e r m i n a t i o n  a t  l e a s t  a s  w e l l  a s  a  normal Bayes c l a s s i f i e r .  
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FIGURE 1. R e s u l t  R O C 1 s  w i t h  a n e c h o i c  s p e e c h  d a t a  i n p u t  f o r  t h e  f o l l o w i n g  
schemes:  Curve A f o r  Bayes normal c l a s s i f i e r  w i t h  one f rame  i n p u t .  Curve 
B f o r  FlLP w i t h  one  f rame i n p u t ,  w i t h  and w i t h o u t  h i d d e n  u n i t s .  Curve C 
f o r  MLP u s i n g  a d j a c e n t  f r ames ,  w i t h  and w i t h o u t  h idden  u n i t s .  
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FIGURE 2 .  R e s u l t  R O C 1 s  w i t h  s p e e c h  d e g r a d e d  t o  0 dB SNR w i t h  n o i s e  f o r  
t h e  f o l l o w i n g  schemes:  Curve A f o r  Bayes normal c l a s i f i e r  w i t h  o n e  f rame 
i n p u t .  Curve B f o r  EILP w i t h  one  f rame i n p u t ,  w i t h  h i d d e n  u n i t s .  Curve C 
w i t h  a d d i t i o n a l  smoothed f rame i n p u t ,  w i t h  and w i t h o u t  h i d d e n  u n i t s .  
Curve D ElLP u s i n g  a d j a c e n t  f rame i n p u t ,  and h i d d e n  u n i t s .  


