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Abstract

D u r in g  th e  e a r ly  s ta g e s  o f  la n g u a g e  a c q u is i t io n ,  y o u n g  in fa n ts  

fa c e  th e  ta s k  o f  le a r n in g  a  b a s ic  v o c a b u la ry  w i th o u t  th e  a id  o f  

p r io r  l in g u is t ic  k n o w le d g e . I t  is  b e l ie v e d  th e  lo n g  te r m  e p is o d ic  

m e m o ry  p la y s  a n  im p o r ta n t  ro le  in  th i s  p ro c e s s . E x p e r im e n ts  

h a v e  s h o w n  th a t  in f a n ts  r e ta in  la rg e  a m o u n ts  o f  v e ry  d e ta i le d  

e p is o d ic  in f o r m a t io n  a b o u t  th e  s p e e c h  th e y  p e rc e iv e  (e .g . [1]). 

T h is  w e a k ly  ju s t i f ie s  th e  f a c t  t h a t  s o m e  a lg o r i th m s  a t te m p t in g  

to  m o d e l  th e  p ro c e s s  o f  v o c a b u la ry  a c q u is i t io n  c o m p u ta t io n a l ly  

p ro c e s s  la rg e  a m o u n ts  o f  s p e e c h  d a ta  in  b a tc h . N o n -n e g a tiv e  

M a t r ix  F a c to r iz a t io n  (N M F ) ,  a  te c h n iq u e  th a t  is  p a r t ic u la r ly  

s u c c e s s fu l  in  d a ta  m in in g  b u t  c a n  a ls o  b e  a p p lie d  to  v o c a b u la ry  

a c q u is i t io n  (e .g . [2 ] ) ,  is  s u c h  a n  a lg o r i th m . I n  th i s  p a p e r , w e  

w i l l  in te g r a te  a n  a d a p tiv e  v a r ia n t  o f  N M F  in to  a  c o m p u ta t io n a l  

f r a m e w o rk  fo r  v o c a b u la ry  a c q u is i t io n ,  fo r e g o in g  th e  n e e d  f o r  

lo n g  te r m  s to ra g e  o f  s p e e c h  in p u ts ,  a n d  e x p e r im e n ta l ly  s h o w  its  

a c c u ra c y  m a tc h e s  th a t  o f  th e  o r ig in a l  b a tc h  a lg o r i th m .

I n d e x  T e r m s :  C o m p u ta t io n a l  m o d e ls ,  M a c h in e  L e a r n in g ,  L a n ­

g u a g e  A c q u is i t io n ,  D e v e lo p m e n ta l  P s y c h o lo g y .

1. Introduction

T h e  p ro c e s s  o f  la n g u a g e  a c q u is i t io n  b y  y o u n g  in f a n ts  is  u l t i ­

m a te ly  b a s e d  o n  th e  d e te c t io n  a n d  le a r n in g  o f  w o rd - l ik e  u n its  

f r o m  th e  s p e e c h  s ig n a l.  T h e  d is c o v e ry  o f  th e s e  w o rd - l ik e  u n its  

is  b a s e d  o n  th e  s e a r c h  f o r  r e c u r r e n t  w o r d - l ik e  s e g m e n ts  in  th e  

s p e e c h  s ig n a l ,  su c h  th a t  r e p r e s e n ta t io n s  a re  h y p o th e s iz e d  a n d  

u p d a te d  w h e n  m o r e  s t im u li  a re  p ro c e s s e d .  Y o u n g  in f a n ts  le a r n  

th a t  a u d i to r y  s t im u li  su c h  a s  s e g m e n ts  o f  s p e e c h  a re  n o t  a r ­

b i t r a ry  s o u n d s ,  b u t  in s te a d  a re  p a t te rn s  th a t  c a n  b e  a s s o c ia te d  

w i th  c o n c e p ts  (e .g . w i th  o b je c ts  a n d  e v e n ts  in  th e  e n v ir o n m e n t) .  

N o r m a l ly  th i s  d e v e lo p m e n t  p ro c e s s  r e s u lts  in  r e p r e s e n ta t io n s  

o f  w h a t  l in g u is ts  c a ll  ‘w o r d s ’ . T h is  w o rd  d is c o v e ry  p ro c e s s  

is  p a r t ic u la r ly  in te re s t in g  s in c e  in f a n ts  s ta r t  w i th o u t  a n y  le x ic a l 

k n o w le d g e  a n d  th e  s p e e c h  s ig n a l d o e s  n o t  c o n ta in  c le a r  a c o u s t ic  

c u e s  fo r  b o u n d a r ie s  b e tw e e n  w o rd s . T h e  c o n v e n tio n a l  in t e r p r e ­

t a t io n  is  th a t  in f a n ts  m u s t  ‘c r a c k ’ th e  s p e e c h  c o d e  ( [ 3 ] )  a n d  th a t  

th e  d is c o v e ry  o f  w o rd - l ik e  e n t i t i e s  is  th e  f i r s t  s te p  to w a rd s  m o re  

c o m p le x  l in g u is t ic  a n a ly s e s  ([4 ]) .

S e v e ra l c o m p u ta t io n a l  m o d e ls  o f  th e  la n g u a g e  a c q u is i t io n  

p ro c e s s  h a v e  b e e n  p ro p o s e d  (e .g . [5 ]).  M o s t  o f  th e m  u s e  m u l t i ­

m o d a l  s t im u li  a s  in p u t  a n d  s e a r c h  fo r  r e p e a t in g  w o rd - l ik e  u n i t s  

b y  c r o s s - m o d a l  a s s o c ia t io n .  T h e y  a s s u m e  th a t  th e  b e h a v io u r  

o f  in f a n ts  c a n  b e  a d e q u a te ly  d e s c r ib e d  b y  a  s e a r c h  f o r  w o rd -  

c o n c e p t  a s s o c ia t io n s  th a t  s ta t i s t i c a l ly  ‘ s ta n d  o u t ’ a c ro s s  s i tu a ­

t io n s . T h is  p ro c e s s  is  a ls o  r e f e r r e d  to  a s  ‘g r o u n d in g ’ . A n o th e r  

r e c e n t ly  p ro p o s e d  te c h n iq u e  th a t  a d h e re s  to  th e s e  p r in c ip le s ,  is  

N o n -n e g a t iv e  M a t r ix  F a c to r iz a t io n  ( N M F )  ( [ 2 ] ,  [6 ]).  D u e  to  its  

c o m p u ta t io n a l ly  a n d  c o n c e p tu a l ly  a t t r a c t iv e  p r o p e r t ie s ,  i t  h a s

b e e n  s u c c e s s f u l ly  a p p lie d  in  m a c h in e  le a r n in g  a n d  d a ta  m in in g . 

I n  th e  N M F  a p p ro a c h ,  th e  d is c o v e ry  o f  s t ru c tu r e  is  m a th e m a t ­

ic a l ly  r e p r e s e n te d  a s  a  d e c o m p o s i t io n  o f  r i c h  h ig h - d im e n s io n a l  

in p u ts  in to  a  lo w -d im e n s io n a l  p a r ts - b a s e d  r e p r e s e n ta t io n .  I n  th e  

c o n te x t  o f  m o d e l l in g  la n g u a g e  a c q u is i t io n ,  th e  N M F  a p p ro a c h  

is  in te r e s t in g  b e c a u s e  i t  is  a b le  to  f in d  s t ru c tu r e  w i th o u t  a n y  a 

priori g iv e n  to p - d o w n  in f o rm a t io n .  I t  is  a b le  to  f in d  s t a t i s t i ­

c a l ly  r e le v a n t  p a r ts  o f  th e  s p e e c h  s ig n a l ,  b a s e d  o n  re g u la r i t ie s  

a n d  ir r e g u la r i t ie s  in  s o u n d  s e q u e n c e s  ( s e e  [2 ] ) ,  s im i la r  to  w h a t  

re a l b a b ie s  d o . A  fe w  m o n th s  o ld , in f a n ts  c a n  d is c r im in a te  d e ­

t a i l s  su c h  a s  d i f f e re n c e s  b e tw e e n  v o w e ls  a n d  c o n s o n a n ts  (e .g .

[7 ] ). A t  a n  a g e  o f  a b o u t  7  m o n th s  in f a n ts  c a n  p e r f o rm  ta s k s  th a t  

a re  s im i la r  to  w o rd  s e g m e n ta t io n  (e .g . [8 ] ,[9 ] ) .  H o w e v e r , w h e n  

v ie w e d  f r o m  a  c o g n it iv e  p e r s p e c tiv e ,  th e  u s e  o f  N M F  in  it s  o r ig ­

in a l f o r m  (s e e  [1 0 ] )  in  th e  c o n te x t  o f  la n g u a g e  a c q u is i t io n  is  n o t 

in d is p u ta b le .  I t  r e q u ire s  la rg e  n u m b e r s  o f  s p e e c h  u t te r a n c e s  to  

b e  k e p t  in  m e m o ry , in  o rd e r  to  c o n v e rg e  to w a rd s  a p p ro p r ia te  

m a t r ix  d e c o m p o s i t io n s .  T h is  w a y  o f  d a ta  p r e s e n ta t io n  c o n f l ic ts  

w i th  th e  id e a  o f  la n g u a g e  a c q u is i t io n  b e in g  a  p ro c e s s  o f  o n lin e  

r e in f o r c e m e n t  le a r n in g ,  in  w h ic h  n e w  in p u t  is  o n ly  o b s e r v e d  

o n c e  in  o r d e r  to  in i t i a l iz e  o r  u p d a te  in te rn a l  r e p r e s e n ta t io n s  o f  

s p e e c h .

I n  th i s  p a p e r , w e  d is c u s s  a  c o m p u ta t io n a l  m o d e l  o f  th e  la n ­

g u a g e  a c q u is i t io n  p ro c e s s  in  a n  adaptive w a y , w h e r e  th e  fo c u s  

li e s  o n  th e  gradual e m e r g e n c e  o f  w o rd - l ik e  u n its .  I n  s e c t io n  

2 , w e  w i l l  b r ie f ly  re v ie w  th e  N M F - a lg o r i th m  a n d  e la b o r a te  o n  

th e  n e c e s s a r y  e x te n s io n s  fo r  a d a p tiv ity . I n  s e c t io n  3 , w e  w il l  

d e s c r ib e  a n d  d is c u s s  th e  r e s u l ts  o f  a n  e x p e r im e n t  th a t  c o m p a r e s  

th e  a c c u ra c y  o f  a d a p tiv e ly  t r a in e d  w o rd  m o d e ls  w i th  w o rd  m o d ­

e ls  t r a in e d  in  b a tc h . F in a l ly ,  a  d is c u s s io n  fo l lo w s  in  s e c t io n  4.

2. Structure discovery by NMF

N M F  is  a  m e m b e r  o f  th e  f a m ily  o f  m a c h in e  le a r n in g  a p p ro a c h e s  

in  w h ic h  th e  d is c o v e ry  o f  s t ru c tu r e  is  b a s e d  o n  m a t r ix  d e c o m ­

p o s i t io n .  I t  is  a  f a c to r iz a t io n  a lg o r i th m  th a t  d e c o m p o s e s  a  ( ty p ­

ic a l ly  la r g e )  d a ta  m a t r ix  V , o f  s iz e  M  x  N , in to  th e  p r o d u c t  o f  

tw o  ( m u c h  s m a lle r )  m a t r ic e s  W  a n d  H , su c h  th a t

V  «  W  • H  (1 )

T h is  a p p r o a c h  d if fe rs  f r o m  o th e r  m a t r ix  f a c to r iz a t io n s  s u c h  as 

P r in c ip a l  C o m p o n e n t  A n a ly s i s  o r  e ig e n v a lu e  d e c o m p o s it io n :  

V , W  a n d  H  a re  c o n s t r a in e d  to  o n ly  c o n ta in  non-negative e le ­

m e n ts .  B e c a u s e  o f  th i s ,  th e  N M F - d e c o m p o s i t io n  c a n  b e  p h y s i ­

c a l ly  a n d  c o n c e p tu a l ly  in te rp re te d .  T h e  c o lu m n s  o f  W  a re  th e  

n o n -n e g a t iv e  p a r ts  t h a t  c a n  b e s t  a p p ro x im a te  th e  c o lu m n s  o f  V  

b y  a  w e ig h te d  a d d it io n .  I n  o u r  c o n te x t  th e  c o lu m n s  o f  V  a re  

s p e e c h  u t te ra n c e s ,  th a t  a re  c o m p o s e d  o f  w o rd s ,  r e p r e s e n te d  in  

th e  c o lu m n s  o f W .  T h e  f a c to r iz a t io n  c a n  b e  s o lv e d  b y  m in im iz -
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in g  a  m e t r ic  u s e d  to  a s s e s s  th e  d if f e re n c e  b e tw e e n  th e  observed 

m a tr ix  V  a n d  its  hypothesized reconstruction W H . I n  th i s  p a ­

p e r , w e  a p p lie d  th e  K u l lb a c k - L e ib le r  d iv e r g e n c e  b e tw e e n  V  a n d  

W H :

D k l (V \\W H ) =  ( V y  lo g  + (W H )ij -  Vi3̂

(2 )

w h ic h  c a n  b e  m in im iz e d  b y  ite ra t iv e ly  a p p ly in g  th e  m u l t ip l ic a ­

t iv e  u p d a te s  ( s e e  [10 ]) :

f o r  N  i te r a t io n s  do

W ik  —  W ik  • E h kj — )  W H  I .. i jW H  i j  j i j

N o r m a l iz e  th e  c o lu m n s  o f  W  

V
H k ;/ ' E  "  ; ( i t / / )

(3 a )

(3 b )

(3 c )

i j

I t  c a n  b e  s h o w n  th a t  th i s  c o n v e rg e s  to w a rd s  a  s o lu t io n  w i th  m a x ­

im u m  lik e l ih o o d  L ( V |W ,  H ) ( [ 1 1 ] ,  [1 2 ]) .

2.1. Adaptive NMF

I f  a  N M F - b a s e d  d e c o m p o s i t io n  te c h n iq u e  is  to  b e  a p p lie d  in  

a  c o m p u ta t io n a l  m o d e l  o f  w o r d  d is c o v e ry  th a t  is  c o n c e p tu a l ly  

c lo s e  to  a  r e a l - l i f e  le a r n in g  s i tu a t io n ,  w h e r e  s p e e c h  in p u t  is  p r e ­

s e n te d  o n e  u t te r a n c e  a t  a  t im e , o n l in e  a d a p tiv i ty  o f  th a t  te c h ­

n iq u e  b e c o m e s  a  v e ry  in te re s t in g  fe a tu re . I t  a l lo w s  fo r  s m a ll  

in c r e m e n ta l  u p d a te s  to w a rd s  a n  o p tim a l  s o lu t io n  w i th o u t  r e s o r t ­

in g  to  s to r in g  a n d  p r o c e s s in g  la rg e  a m o u n ts  o f  p a s t  in p u t  d a ta . 

T o a c h ie v e  th is  a d a p tiv i ty , B a y e s ia n  u p d a tin g  c a n  b e  u s e d  in  

a  s im i la r  w a y  a s  in  [1 3 ] . S u p p o s e  th a t  th e r e  is  a  s e q u e n c e  o f  

e p o c h s ,  in  e a c h  o f  w h ic h  a n  in p u t  m a t r ix  V i s  p r e s e n te d  to  

th e  a lg o r i th m , c o n s i s t in g  o f  a  s m a ll  n u m b e r  o f  c o lu m n s  f ro m  

V . T h e  c o lu m n s  o f  W ,  w h ic h  a re  a s s u m e d  to  c o n ta in  D ir ic h le t  

d is tr ib u te d  p ro b a b i l i t i e s ,  c a n  th e n  b e  r e e s t im a te d  in  e a c h  e p o c h  

b a s e d  o n  th is  in p u t . C o n c re te ly ,  N M F  in  e p o c h  n  c a n  b e  so lv e d  

a s  a  m a x im u m  lik e l ih o o d  p ro b le m :

( W  ( n ) , H (n) ) =

a rg  m a x  lo g  f L ( V (n) | W , H (n) ) )  +  Y lo g  f g ( W  |K ( n ~ 1))')
W , H \  /  V /

(4 )

in  w h ic h  L ( )  is  th e  l ik e l ih o o d . g ( W |K (n 1 )) is  th e  p r io r  d is t r i ­

b u t io n  o f  W , w h ic h  is  a s s u m e d  to  b e  D i r i c h le t  w i th  (K ( n - 1 )  + 1 )  

a  m a t r ix  c o n ta in in g  it s  h y p e rp a r a m e te r s ,  e s t im a te d  o n  th e  in p u ts  

f r o m  th e  ( n  — 1 ) p re v io u s  e p o c h s . N o te  th a t  w e  h a v e  a s s u m e d  

H (n) to  b e  in d e p e n d e n t  f r o m  p a s t  in p u ts .  T h is  is  d o n e  b e c a u s e  

in  th e  c o n te x t  o f  th i s  p a p e r , th e  c o lu m n s  o f  W  a re  e n v is a g e d  

a s  e s t im a t io n s  o f  th e  w o rd  m o d e ls ,  w h ic h  a re  th e  s a m e  in  e v ­

e ry  e p o c h ,  u n lik e  th e  c o lu m n s  o f  H , w h ic h  w i l l  e s t im a te  w o rd  

a c t iv a t io n s  th a t  c h a n g e  a lo n g  w i th  th e  in p u t  d a ta  V ( n ) . T h e  p a ­

r a m e te r  0  C  Y <  1 is  in t ro d u c e d  to  a s s ig n  a  s l ig h t ly  sm a lle r  

w e ig h t  to  th e  p a s t  in f o r m a t io n  th a n  to  th e  c u r r e n t  in f o rm a t io n .

A p p ly in g  th is  B a y e s ia n  u p d a t in g  p r in c ip le  in  p ra c t ic e  y ie ld s

th e  f o l lo w in g  u p d a te s  in  e a c h  e p o c h  n :  

f o r  N  i te r a t io n s  d o

W
(n)

W
(n)

V  kj V u  / / )

(n)
i (n - 1)

+  Y • )

N o r m a l iz e  th e  c o lu m n s  o f  W (n )

H k n ) -  H k n ) ^  W ik
(n ) '  V

W h

(n )

i j

(5 a )

(5 b )

(5 c )

T h e  m a t r ix  W i s  in i t i a l i z e d  w i th  th e  v a lu e s  o f  W ( n - 1 )  a t 

th e  e n d  o f  th e  p re v io u s  e p o c h  (a f te r  N  i te ra t iv e  u p d a te s ) .  T h e  

m a t r ix  H i s  in i t i a l i z e d  w i th  r a n d o m  v a lu e s . A t  th e  e n d  o f  

e a c h  e p o c h ,  k  is  u p d a te d  a s  fo llo w s :

(n) =  W (n)
ik ik

(n)

kj I W H  I 
j i j

( n - 1 )
+  Y • Kik (6 )

w h e r e  k (0) is  in i t i a l iz e d  a s  a  m a t r ix  c o n ta in in g  a ll  o n e s . N o te  

th a t  th e  in p u t  in  a  c e r ta in  e p o c h  c a n n o t  in f lu e n c e  W  in d e f in i te ly  

in to  th e  fu tu re . T h e  in c lu s io n  o f  y  in  e q u a t io n  6  e n s u r e s  th a t  th is  

in f lu e n c e  w i l l  e x p o n e n t ia l ly  d e c a y  o v e r  t im e . A ls o ,  a s  a  s id e  

e f f e c t ,  e le m e n ts  o f  k  c a n  n o t  in c r e a s e  w i th o u t  b o u n d s .

3. Experiments

3.1. Experimental Setup

F o r  o u r  e x p e r im e n ts  w e  m a d e  u s e  o f  a  d a ta b a s e  th a t  w a s  

re c o r d e d  f o r  th e  A C O R N S - p r o je c t1. I t  c o n s i s ts  o f  4 0 0 0  E n ­

g l i s h  s e n te n c e s  w i th  a  s im p le  s y n ta c t ic  s t ru c tu r e ,  s p o k e n  b y  

tw o  m a le  a n d  tw o  f e m a le  s p e a k e r s . E a c h  o f  th e s e  u t te ra n c e s  

c o n ta in s  a  s in g le  k e y w o rd ,  c h o s e n  f r o m  th e  fo l lo w in g  se t: ‘A n ­

g u s ’ , ‘E w a n ’ , ‘b a th ’ , ‘b o o k ’, ‘b o t t le ’ , ‘c a r ’, ‘d a d d y ’, ‘m u m m y ’ , 

‘n a p p y ’ , ‘ s h o e ’ a n d  ‘t e l e p h o n e ’ (e x a m p le :  “L o o k  a t  d a d d y ” ). 

E n v iro n m e n ta l  in f o r m a t io n  f r o m  o th e r  m o d a l i t ie s  th a n  s p e e c h  

th a t  a c c o m p a n ie s  e a c h  u t te r a n c e  is  r e p r e s e n te d  in  a  s im p l if ie d  

w a y  a s  a  ta g  th a t  c o r r e s p o n d s  w i th  th e  k e y w o rd  in  th a t  u t te ra n c e .  

T h e  m o d e l  d o e s  n o t  k n o w  a n y th in g  a b o u t  le x ic o n ,  m o r p h o lo g y , 

p h o n e tic  r e a l is a t io n s  o f  w o r d s  a n d  o f  c a r r ie r  p h ra s e s ,  b u t  m u s t  

le a r n  to  d e te c t  a n d  u p d a te  in te rn a l  a c o u s t ic  r e p r e s e n ta t io n s  o f  

w o r d - l ik e  u n its .

3 0 0 0  u t te ra n c e s  w e re  u s e d  in  th e  t r a in  s e t , 1 0 0 0  in  th e  te s t  

se t. E q u a l  a m o u n ts  o f  d a ta  f r o m  a ll  f o u r  s p e a k e r s  w e re  p r e s e n t  

in  b o th  se ts . E a c h  u t te r a n c e  is  c o n v e r te d  to  a  s e q u e n c e  o f  s ta tic ,  

A -  a n d  A A - l a b e l s ,  b y  m e a n s  o f  v e c to r  q u a n tiz a t io n .  T h e  c o d e ­

b o o k  s iz e s  w e r e  1 5 0 , 15 0  a n d  10 0  re s p e c tiv e ly . H is to g r a m s  o f  

V Q - la b e l  c o o c c u r r e n c e s  a t  t im e  la g s  o f  2 0 m s , 5 0 m s  a n d  9 0 m s  

w e r e  c o m b in e d  in to  h ig h - d im e n s io n a l  v e c to r s  o f  f ix e d  s iz e , th a t  

w e r e  p la c e d  in  th e  c o lu m n s  o f  th e  d a ta - m a t r ix  V . T h is  is  th e  

H A C - r e p r e s e n ta t io n  o f  th e  d a ta  ( H is to g r a m  o f  A c o u s t ic  C o o c ­

c u r r e n c e s ) ,  w h ic h  is  m o r e  e x te n s iv e ly  d e s c r ib e d  in  [2]. S in c e  

th e  H A C - r e p r e s e n ta t io n  accumulates c o o c c u r r e n c e  c o u n ts ,  th e  

c o o c c u r r e n c e  s ta t i s t ic s  o f  w o r d s  ( c o lu m n s  o f  W ) c o n tr ib u te  a d ­

d i t iv e ly  to  th e  c o o c c u r r e n c e  s ta t i s t ic s  o f  u t te ra n c e s  ( c o lu m n s  o f  

V ) , th e r e f o r e  V  ~  W H . A  c o n d i t io n  is  th a t  W  h a s  e n o u g h  

c o lu m n s  to  a c c o m o d a te  a ll  k e y w o rd s  a n d  s o m e  e x tr a  c o lu m n s  

to  m o d e l  e v e ry th in g  u n r e la te d  to  a n y  o f  th e m  (e .g . th e  w o rd s  

in  th e  c a r r ie r  s e n te n c e s ) .  T h e  W - m a t r ix  in  o u r  e x p e r im e n ts  h a d  

2 0  c o lu m n s  ( tw ic e  th e  n u m b e r  o f  k e y w o rd s ) .

1 h ttp ://www. acorns-p roj ect.org
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U tte r a n c e  le v e l ( g r o u n d in g )  in f o r m a t io n  ( i .e . th e  ta g  th a t  

r e p r e s e n ts  th e  k e y w o rd )  is  a d d e d  to  th e  o r ig in a l  V - m a t r ix ,  

w h ic h  w e  w i l l  h e n c e f o r th  c a l l  V H A C , in  th e  fo r m  o f  a  w o rd  

id e n t i ty  m a t r ix  Vg . T h e  ro w  d im e n s io n  o f  Vg is  e q u a l  to  th e  

n u m b e r  o f  d i f f e re n t  p o s s ib le  k e y w o rd s  a n d  its  e le m e n ts  a re

Vg ( i , j )  =  {

T h e  N M F  d e c o m p o s i t io n  in  t r a in in g  th e n  lo o k s  lik e

1 i f  u tt . j  c o n ta in s  k e y w o rd  i 

0  o th e r w is e

vg Wg Gg

Vh a c W h a c G h a c

Hw

G h
(7 )

in  w h ic h  W g is  in i t i a l i z e d  a s  a  m a t r ix  w i th  la rg e  e le m e n ts  o n  

i t s  d ia g o n a l  a n d  v e ry  sm a ll  e le m e n ts  e ls e w h e r e . H w is  e q u a l  to  

Vg a n d  W h a c  is  in i t i a l i z e d  w i th  r a n d o m  n u m b e r s ,  a s  a re  th e  

g a rb a g e  m a t r ic e s  G g, G HAC a n d  GH .

I f  w e  d e n o te  th e  d a ta - m a t r ix  c o n ta in in g  th e  u t te r a n c e s  o f  th e  

t e s t  s e t  V H A c ,  a n d  th e  t r a in e d  W - m a t r ix  o b ta in e d  f r o m  e q u a ­

t i o n  3 a  (o r  in  th e  a d a p tiv e  c a s e  e q u a t io n  5 a )  W  ( t r a m ) , th e  a c c u ­

ra c y  o f  th i s  t r a in e d  W - m a t r ix  c a n  b e  te s te d  in  b a tc h  a s  fo llo w s : 

w e  u p d a te  a  r a n d o m ly  in i t ia l i z e d  m a t r ix  H (test) u n t i l  c o n v e r ­

g e n c e  (3 0  i te r a t io n s ) ,  a p p ly in g  e q u a t io n  3 c  s u c h  th a t

(test)
w

(train)
HAC g

( tr ain)
HAC

in)

'  J
• H

(test)
(8 )

T h e  a c t iv a t io n s  o f  th e  k e y w o rd s  b y  th e  u t te ra n c e s  o f  th e  te s t  se t 

c a n  th e n  b e  c a lc u la te d  a s

A  =  W g( t r • H
(test)

(9 )

S in c e  th e r e  is  o n ly  o n e  k e y w o rd  to  b e  d e te c te d  in  e a c h  u t te r a n c e ,  

i t  s u f f ic e s  to  f in d  th e  m a x im a l e le m e n t  in  e a c h  c o lu m n  o f  A ,  to  

d e te r m in e  a  k e y w o rd  e r r o r  r a te  (K E R ) .

3.2. Results with batch NMF

T ra in in g  is  p e r f o rm e d  u n ti l  c o n v e rg e n c e  a c c o rd in g  to  f o r m u ­

la s  3 a , 3 c  a n d  7. I n  p ra c t ic e ,  th i s  is  re a c h e d  a f te r  2 0 0  i te r a ­

t io n s .  T o a c c o m m o d a te  fo r  th e  r a n d o m  e le m e n ts  in  W  a n d  H  

a t  in i t i a l i z a t io n  t im e , w h ic h  c a n  a f f e c t  th e  o u tc o m e  o f  th e  d e ­

c o m p o s i t io n ,  th e  e n ti r e  t r a in in g  w a s  p e r f o rm e d  fiv e  t im e s .  O f  

th e s e  fiv e  d if f e r e n t  d e c o m p o s i t io n s ,  o n ly  th e  o n e  w i th  th e  lo w ­

e s t  D k l ( V | | W H ) w a s  u s e d  f o r  te s t in g .  A p p ly in g  th e  te s t in g  

m e th o d  f r o m  s e c t io n  3 .1 , u s in g  e q u a t io n s  8 a n d  9 , y ie ld e d  a 

K E R  o f  0 .3 % .

3.3. Results with adaptive NMF

I n  th is  e x p e r im e n t ,  n o t  o n ly  d o  w e  u s e  th e  s a m e  V - m a t r ic e s  

d u r in g  tr a in in g  a n d  te s t in g  a s  in  s e c t io n  3 .2 ,  b u t  w e  a ls o  u s e  th e  

s a m e  r a n d o m  in i t ia l i z a t io n s  o f  W  a n d  H  th a t  w a s  e v e n tu a l ly  

s e le c te d  th e re . I n  e a c h  e p o c h  n  a  n u m b e r  o f  c o lu m n s  f r o m  V , 

V  w  , is  p re s e n te d  to  th e  a lg o r i th m  in  o r d e r  to  u p d a te  th e  W -  

m a tr ix :

V (n) «  W (n) • H (n)

w h e r e  H c o n t a i n s  th e  c o r r e s p o n d in g  c o lu m n s  o f  th e  in i t ia l  

H - m a t r ix .  I n  o u r  e x p e r im e n ts  V a n d  H o n l y  c o n ta in e d  a 

s in g le  c o lu m n  f r o m  V  a n d  H  r e s p e c tiv e ly  ( r e p r e s e n t in g  a  s in ­

g le  u t te ra n c e  f r o m  th e  t r a in  se t).  10 I te r a t io n s  p e r  e p o c h  w e r e  

p e r f o rm e d  a s  a  t r a d e - o f f  b e tw e e n  c o m p u ta t io n a l  c o m p le x ity  a n d  

a d e q u a te  c o n v e rg e n c e  o f  th e  a lg o r i th m . O n c e  e v e ry  2 0  e p o c h s ,  

w e  u s e d  th e  W - m a t r ix  to  d e te r m in e  th e  K E R  o n  th e  te s t  s e t, 

a s  d e s c r ib e d  in  s e c t io n  3 .1 . T h e  e x p e r im e n t  w a s  r e p e a te d  fo r

Y =1 (n o  f o r g e t t in g ) ,  y = 0 .9 9 9 ,  y = 0 .9 9  a n d  y = 0 .9 . T h e  p e r f o r ­

m a n c e  w i th  b a tc h  p r o c e s s in g  o n  th e  s a m e  a m o u n t  o f  t r a in in g  

d a ta  w a s  a ls o  d e te r m in e d .  T h e  r e s u l ts  a re  s h o w n  in  f ig u re  1. 

N o te  th a t  th e  K E R  o f  batch N M F  o n  lo w  a m o u n ts  o f  d a ta  is  

s l ig h t ly  a b o v e  th a t  o f  th e  a d a p tiv e  N M F . A  p o s s ib le  e x p la n a tio n  

is  th a t  th e  b a tc h  a lg o r i th m  is  m o r e  tr o u b le d  b y  lo c a l  o p t im a  th a n  

th e  a d a p tiv e  o n e .

number of utterances trained

F ig u re  1: The evolution of KER on a test set for the models 

with different y -values, when training is done one utterance at 

a time. The KER obtained with batch training is also indicated.

In  a  s e c o n d  e x p e r im e n t ,  w e  d e c id e d  to  p a s s  th r o u g h  th e  

tr a in in g  d a ta  in  th e  s a m e  w a y  a s  b e fo r e ,  t r a in in g  o n  o n e  u t t e r ­

a n c e  a t  a  t im e  a n d  te s t in g  a f te r  e v e ry  2 0  u t te ra n c e s . H o w e v e r ,  

a f te r  p r o c e s s in g  a ll  t r a in in g  d a ta  o n c e ,  th e  g ro u n d in g  v e c to r  w a s  

f l ip p e d  ( m a tr ic e s  Vg a n d  H w in  e q u a t io n  7 )  u p s id e  d o w n  a f ­

t e r  w h ic h  th e  tr a in in g  d a ta  w a s  p r e s e n te d  a  s e c o n d  t im e . T h is  

fo r c e d  th e  a lg o r i th m  to  a d a p t  th e  m o d e ls  in  th e  W - m a t r ix  to  

th e s e  c h a n g e s  in  th e  in p u t .  F o r  in s ta n c e ,  th e  w o rd  m o d e l  fo r  

“ te le p h o n e ”  h a d  to  b e  a d ju s te d  to  m o d e l  th e  w o r d  “A n g u s ” , th e  

m o d e l  f o r  “ n a p p y ”  h a d  to  c h a n g e  in to  “ s h o e ”  e tc . . . T h e  r e s u lts  

a re  s h o w n  in  f ig u re  2 .

3.3.1. About the influence o f  y

A s  c a n  b e  s e e n  in  f ig u re  1, th e  K E R  o n  th e  t e s t  s e t  s te a d ily  d e ­

c r e a s e s  to w a rd s  a n  a v e ra g e  le v e l ,  th a t  is  d e p e n d e n t  o f  y .  T h is  

is  n o t  s u r p r is in g ,  s in c e  y  e s s e n t ia l ly  d e te r m in e s  th e  m e m o r y ’s 

lo n g e v i ty , w h ic h  is  p r o p o r t io n a l  to  . T h e  s h o r te r  th e  m e m ­

o ry , th e  le s s  p re v io u s  d a ta  th e  m o d e ls  a re  a c tu a l ly  t r a in e d  o n ,  

th u s  th e  h ig h e r  th e  a v e ra g e  K E R . I t  is  a ls o  c le a r  th i s  d if f e re n c e  

o n ly  b e c o m e s  v is ib le  w h e n  th e  n u m b e r  o f  p re v io u s  u t te ra n c e s  

(e p o c h s )  e x c e e d s  th i s  m e m o ry  le n g th . T h e  s im i la r i ty  o f  th e  a l ­

g o r i th m ’s p e r f o rm a n c e  in  th i s  e x p e r im e n t  w h e n  y  =  0 .9 9 9  as 

o p p o s e d  to  w h e n  y  =  1 c a n  b e  e x p la in e d  b y  th e  f a c t  th a t  th e  

m e m o ry  le n g th  is  in  th e  s a m e  o rd e r  o f  m a g n i tu d e  a s  th e  le n g th  

o f  th e  d a ta b a s e .

N o t  o n ly  d o e s  m e m o ry  e f f e c t  o v e ra l l  p e r f o r m a n c e ,  i t  a ls o  

in f lu e n c e s  th e  s p e e d  w i th  w h ic h  th e  w o r d  m o d e ls  c a n  a d a p t  to  

c h a n g e s  in  th e  in p u t .  T h e  s h o r te r  th e  m e m o ry , th e  f a s te r  m o d e ls  

a re  e x p e c te d  to  a d a p t.  T h is  c a n  c le a r ly  b e  o b s e r v e d  in  f ig u re  2 . 

F r o m  th i s  f ig u re , w e  c a n  a ls o  d e te r m in e  th e  m e m o ry  le n g th  to  

b e  a p p ro x im a te ly  a ro u n d  u t te ra n c e s . A t  th a t  p o in t ,  th e r e  is  

a  t ip p in g  p o in t  a f te r  w h ic h  th e  m o d e ls  b e c o m e  m o r e  s e n s itiv e

n)



Adaptivity 5. Conclusion
□  gamma=0.999

number o f utterances

F ig u r e  2 : The KER on the test set during incremental training of 

W . After 3000 utterances, the algorithm is forced to radically 

change its internal models

to  n e w  in p u ts  th a n  to  th e  o ld  o n e s .

4. Discussion

I t  is  v e ry  d if f ic u l t  to  m a k e  s t ro n g  c la im s  a b o u t  th e  lo n g  te r m  

m e m o ry  o f  in fa n ts .  T h e  g e n e ra l  c o n s e n s u s  is  th a t  b a b ie s  r e ta in  

v e ry  d is t in c t  d e ta i le d  m e m o r ie s  o f  p e rc e iv e d  s p e e c h  (s e e  [1 ]).  I t  

is  th e r e f o r e  p o s s ib le  th a t  a t  a n y  g iv e n  t im e  d u r in g  th e  f i r s t  s ta g e s  

o f  a c q u ir in g  la n g u a g e  s k i l l s ,  a  la rg e  n u m b e r  o f  s u c h  e p is o d ic  

m e m o r ie s  is  p r o f u s e ly  p ro c e s s e d  u p o n  b y  th e  b a b y ’s b r a in  to  

h y p o th e s iz e  p o te n t ia l  w o r d - l ik e  r e p r e s e n ta t io n s .  T h is  a s s u m p ­

t i o n  s u p p o r ts  th e  c o g n it iv e  p la u s ib i l i ty  o f  c o m p u ta t io n a l  m o d ­

e ls  th a t  r e q u i re  batch p r o c e s s in g  o f  s p e e c h  d a ta . I n  th e  a d a p tiv e  

e x p e r im e n ts  a b o v e ,  h o w e v e r , w e  c a re f u l ly  a v o id e d  m a k in g  th is  

a s s u m p tio n .  A t  a n y  p o in t  in  t im e ,  o n e  a n d  o n ly  o n e  u t te ra n c e  

is  p ro c e s s e d  to  re f in e  th e  w o rd  r e p r e s e n ta t io n s  s to re d  in  lo n g  

te r m  m e m o ry  ( i .e . th e  W - m a t r ix ) ,  a b o l i s h in g  th e  n e e d  to  s to re  

la rg e  a m o u n ts  o f  sp e e c h . T h is  d o e s  n o t  im p ly  th a t  th e  d e ta i le d  

m e m o ry  in  re a l in f a n ts  s e rv e s  n o  p u rp o s e  a t  a ll  in  th e  p ro c e s s  o f  

la n g u a g e  a c q u is i t io n .  I n  fa c t ,  s in c e  th e  a d a p tiv e  N M F - a lg o r i th m  

c a n  b e  s e e n  a s  a  s ta te  m a c h in e ,  c h a n g in g  it s  in te rn a l  s ta te  b a s e d  

o n  a n  in p u t  a n d  it s  p re v io u s  s ta te , th e  p re s e n ta t io n  o f  th e  s a m e  

s p e e c h  u t te r a n c e  a t  d if f e r e n t  t im e s  c a n  h a v e  v e ry  d i f f e re n t  ( b e n ­

e f ic ia l )  e f f e c ts  o n  th e  w o rd  m o d e ls  in  W . T h is  m e a n s  th a t  th e  

re i te r a t io n  o f  p a s t  s p e e c h  u t te ra n c e s  s to re d  in  m e m o ry  m a y  b e  

c ru c ia l  f o r  s u c c e s s  in  m o re  c o m p le x  le a r n in g  e n v ir o n m e n ts . I n  

o u r  e x p e r im e n ts ,  h o w e v e r , th i s  p ro v e d  to  b e  u n n e c e s s a ry ,  s in c e  

th e  a d a p tiv e  a lg o r i th m  w a s  c a p a b le  o f  p ro d u c in g  w o rd  m o d e ls  

a s  a c c u ra te  a s  th o s e  o b ta in e d  b y  b a tc h  tr a in in g  o n  th e  s a m e  d a ta , 

w i th o u t  ta k in g  a n y  tr a in in g  u t te r a n c e  a s  in p u t  m o re  th a n  o n c e .

A n o th e r  p ro p e r ty  o f  th e  a d a p tiv e  N M F - a lg o r i th m  th a t  is 

t r a c ta b le  f r o m  a  c o g n it iv e  p o in t  o f  v ie w , is  th a t  i t  p ro v id e s  a n  e l ­

e g a n t  m o d e l  fo r  fo r g e t t in g .  T h e  e x p e r im e n ta l  r e s u l ts  s h o w  th a t  

d u e  to  th i s  fo r g e t t in g  p ro p e r ty , th e  a lg o r i th m  c a n  e v e n  a d a p t  to  

e x tr e m e  c h a n g e s  in  th e  in p u t  d a ta  a n d  th a t  r e c e n t  t r a in in g  d a ta  

d o m in a te s  o v e r  d a ta  th a t  w a s  p r e s e n te d  m o re  th a n  e p o c h s  

a g o . A n a lo g ie s  c a n  b e  d ra w n  w i th  re a l in f a n ts  a d a p tin g  to  e .g . 

s p e a k e r - s p e c if ic  p r o n u n c ia t io n s  o f  w o rd s .

I n  th i s  p a p e r , w e  in t ro d u c e d  a  c o m p u ta t io n a l  f r a m e w o rk  f o r  a c ­

q u ir in g  a  v o c a b u la ry  in  a n  a d a p tiv e  w ay . T h e  u t i l i z e d  a lg o r i th m  

w a s  N M F , e x te n d e d  w i th  th e  id e a  o f  B a y e s ia n  u p d a t in g ,  p ro ­

p o s e d  fo r  P L S A  in  [1 3 ] . S o m e  im p ro v e m e n ts  w e r e  p ro p o s e d  

to  a l lo w  a  b e t te r  e m u la t io n  o f  c e r ta in  p ro p e r t ie s  o f  th e  h u m a n  

b ra in ,  s u c h  a s  fo r g e t t in g .  F u r th e r m o r e ,  w e  h a v e  e x p e r im e n ta l ly  

s h o w n  th a t  th e  w o rd  m o d e ls  t r a in e d  b y  th i s  a d a p tiv e  a lg o r i th m  

a re  c o m p a r a b le  to  m o d e ls  t r a in e d  in  b a tc h ,  in  te r m s  o f  a c c u ra c y . 

T h is  m e a n s  a  c o m p u ta t io n a l  m o d e l  o f  w o rd  a c q u is i t io n  b a s e d  

o n  N M F  d o e s  n o t  n e e d  to  re ly  o n  lo n g  te r m  e p is o d ic  m e m o ry .
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