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Hierarchical neural 
networks consisting of small 

. expert-networks are considered. 
Algorithms of fast parallel 
learninR are proposed. 

1 .  B a s i c  s t r u c t u r e s .  The i d e a s  
a p p l i e d  a r e  e s s e n t i a l l y  t h o s e  
p u t  forward  i n  fundamental  
works [ l - 3 1 ,  p r e c e d i n g  t h e  
neurocomputing " o u t b r e a k " .  They 
a r e ,  f i r s t  of a l l ,  t h e  i d e a  of 
"Cora"  ( C o r t e x )  by Bongard  and 
Marr' s codons. 

The i d e a  o f  a sys tem of 
e x p e r t s :  s e v e r a l  ne tworks  a r e  

t r a i n e d  t o  s o l v e  some t a s k .  I n  
t h e  p r o c e s s  of  t r a i n i n g  t h e  
" f i e l d s  of  competence" a r e  
c a p t u r e d ,  w i t h  t h e  e x p e r t s  
l e a r n i n g  t o  g i v e  e x a c t  answers  
i n  t h e i r  own f i e l d  and make n o t  
v e r y  c o a r s e  e r r o r s  i n  o t h e r s .  
I n  f u n c t i o n i n g  t h e  e x p e r t s '  
v o t i n g  is  processed e i t h e r  w i t h  
a s p e c i a l  d e v i c e  o r  a program 
o r  a s p e c i a l l y  t r a i n e d  network. 

T h i s  s e c t i o n  d e s c r i b e s  
b a s i c  s t r u c t u r e s  i n  t h e  g e n e r a l  
form. w e ' l l  s t a r t .  w i t h  t h e  
problem o f  t e a c h i n g  one 
expert-network.  
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A d a p t i v e  matrix of s i g n a l  
r e c e p t i o n .  The network a s s i g n s  
i n p u t  n e u r o n s  ( i n  p a r t i c u l a r ,  
eve ry  neuron  can be  i n p u t ) .  The 
i n p u t  s i g n a l s  can be f e d  o n t o  
t h e  i n p u t  n e u r o n s  through t h e  
a d a p t i v e  accumulator .  I n t r o d u c e  
d e n o t a t i o n s .  L e t  

i=I,. . . , n be t h e  i n p u t  
neuron index ,  

j = I , .  . .  , k  be t h e  i n p u t  
s i g n a l  index;  

be t h e  v a l u e  f e d  a t  t h e  ai 
i n p u t  of t h e  i - t h  i n p u t  neuron, 

a=(ai) be  t h e  i n p u t  
v e c t o r ,  

x .  b e  t h e  v a l u e  o r  t h e  
- ? j - t h  s i g n a l ,  

X = ( X . ~ )  be t h e  s i g n a l  
v e c t o r ;  

M=(m. .) be t h e  i n c i d e n c e  

i f  x .  is f e d '  
o n t o  t h e  1 - t h  i n p u t  accumulator  
and m CO o the rwise ;  

1.7 

k 

1 . 7  

matrix:  m<.J=l, .I 

1 . J  

A = @ .  .) b e  t h e  a d a p t i v e  

m a t r i x  o f  s i g n a l  r e c e p t i o n :  

x be  t h e  e s t i m a t i o n  
f u n c t i o n .  
The c o n n e c t i o n  between A and M 

is: i f  mie7=o, t hen  U =O. In  
t h e  c o u r s e  of l e a r n i n g  A can 
change i n  any o f  the  known 

i, 7 

a l g o r i t h m s ,  M as a r e s u l t  of 
s p e c i a l  c o n t r a s t i n g  p rocedure  

C o n t r a s t i n g  a r e c e p t i o n  
matrix. The m a t r i x  A i s  
c o n t r a s t e d  t o  s e p a r a t e  t h e  most 
s i g n i f i c a n t  p a r a m e t e r s  and 
f o r c e  t h e  o t h e r s  t u r n  i n t o  
zero .  T r a i n i n g  is d i v i d e d  i n t o  
t h r e e  phases:  pr imary l e a r n i n g  
- c o n t r a s t i n g  - ' a d j u s t i n g .  

In  the c o u r s e  of pr imary 

141. 

l e a r n i n g  t h e  i n d i c e  of 
s e n s i t i v i t y  8 i. i f o r  each a.. 1.1 

m # U )  a r e  ( p r o v i d e d  
determined.  They show how much 
t h e  e s t i m a t e  o f  t h e  network 
o p e r a t i o n  d e p e n d s .  of t h i s  
parameters .  

when c o n t r a s t i n g  i n  
columns A,  each s i g n a l  x .  i s  
a l l o t t e d  q numbers o f  neurons 
i = i l ( . j ) , .  . . , i q ( . j )  wi th  the  

g r e a t e s t  ZiOi. ~ s s u m e  m .  = I  a t  

i = i l ( . j ) ,  . . . , i q ( . j ) ,  and m =O 

o t h e r w i s e .  
I n  ana logy, when 

c o n t r a s t i n g  i n  rows each neuron 
is a l l o t t e d  r s i g n a l s  f e d  o n t o  
i t .  

F i n a l l y ,  i n  g e n e r a l  
c o n t r a s t i n g , a l l o t t e d  a r e  s most 
s i g n i f i c a n t  ( w i t h  t h e  h i g h e s t  
E )  s igna l -neuron  connect ions.  

1. i 

.l 

1.1  

i. 1 
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The r e s t  t u r n  i n t o  ze ro .  
The numbers q, r, s a r e  

t h e  p a r a m e t e r s  of  t h e  
p rocedures .  

Note. We pay immediate  
a t t e n t i o n  t o  i n d i v i d u a l  
p rocedures ,  assuming t h e  
p a r a m e t e r s  o f  t h e  p r o c e d u r e s  
and t h e  f i n a l  assembly of  t h e  
a l g o r i t h m s  t o  be  d i f f e r e n t  f o r  
d i f f e r e n t  t a s k s .  T h i s  is  i n  
agreement  wi th  t h e  s t r u c t u r e  of 
t h e  "Neurodes igne r"  p r o j e c t  
w i t h i n  t h e  limit o f  which we 
ca r r i e ' d  o u t  t h e  work. 

S e n s i t i v i t y  i n d i c e  X i i  a r e  
f i r s t  formed f o r  one r u n  of 
each t r a i n i n g  p a t t e r n  b y  t h e  
ne twork .Le t  1 be t h e  number of 
t h e  t r a i n i n g  p a t t e r n s ,  x1 and 

1 a' the respective vectors, 8 . .  
1 . 7  

be t h e  s e n s i t i v i t y  index  f o r  
a when s o l v i n g  t h e  g iven  
p a t t e r n .  T h i s  is a p roduc t  

a .  .x . by t h e  s i g n i f i c a n c e  index  

of t h e  i - t h  i n p u t  neuron Xi : 

i. i 

- 1  
1.1 . I  

1 
1 1 7  

a?. U .  .xfaeL (EQ2 ) 
1.1- 1.J .7 i' 

If computa t ion  o f  t h e  
d e r i v a t i v e s  o f  H1 is p o s s i b l e ,  
t a k e  

T h i s ' &  ' i s  t h e  modulus o f  t h e  

d e r i v a t i v e  of HI in *i. i 
i. i 

f o r m a l l y  i n t r o d u c e d  i n  ( 1 ) :  
(E04 ) 

In  o t h e r  c a s e s  X . .  can be 
d e f i n e d  a s  a sum of t h e  
c o n n e c t i o n  we igh t s  g e t t i n g  from 
t h e  i - t h  neuron  ( independen t  of  
I ) , '  a sum o f  s i g n a l s ,  g e t t i n g  
from t h e  i - t h  neuron o n t o  t h e  
network neurons ,  e t c .  

The i n d i c e  2' f o r  one 
e v e n t  of  s o l u t i o n  of one 
p a t t e r n  a v a i l a b l e ,  we shou ld  
p a s s  t o  a s e t  of p a t t e r n s  and 
sequence  o f  t h e i r  s o l u t i o n s  
( e a c h  p a t t e r n  can be s o l v e d  
s e v e r a l  t i m e s ) .  

S u c c e s s i v e  t r a i n i n g  of 
e x p e r t s .  when t r a i n i n g  t h e  n e x t  
e x p e r t  t h e  r e q u i r e m e n t s  t o  i t s  
f u n c t i o n i n g  on t h e  p a t t e r n s ,  
which a r e  s o l v e d  by t h e  
p r e v i o u s  e x p e r t s  c o r r e c t l y ,  a r e  
reduced  - t h e  main t h i n g  is n o t  
t o  make on t h e s e  p a t t e r n s  too  
c o a r s e  e r r o r s .  

The p a r a l l e l  t r a i n i n g  or 
e x p e r t s .  I n  t h i s  c a s e  t h e  
e x p e r t s  a r e  t r a i n e d  w i t h  t h e  
" f i e l d  o f  competence" i n  t h e  
taskbook g r a d u a l l y  s e p a r a t i n g .  
A t  t h i s ,  t h e  e x p e r t s  m u s t  n o t  
make t o o  c o a r s e  e r r o r s  i n  
o t h e r s '  a r e a s ,  w h i l e  i n  i t s  own 
- s o l v e  t h e  problem q u i t e  
p r e c i s  1 y. 

a i=Za.  .m . .x .i 1.1 1.1 .i' 
1 
1.1 

1. i 
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2. Example of implemeata t ion .  
c o n s i d e r  t h e  problem of  p a t t e r n  
r e c o g n i t i o n .  Denote t h e  number 
of  p a t t e r n s  by 0. Each e x p e r t  
h a s  Q o u t p u t  neurons.  I t  v o t e s  
f o r  t h e  p a t t e r n  w h i t h  t h e  
number z (~Qi<o), i f  t h e  z - t h  
o u t p u t  s i g n a l  f o r  i t  yz  exeeds  
t b e  - o t h e r s  pi( I<i<O, i f z ) .  Let  
f u r t h e r  1 be t h e  number of  t h e  
case ,  z ( I )  be t h e  number of  t h e  
r e s p e c t i v e  p a t t e r n ,  N be t h e  
number of  a s m a l l  e x p e r t ,  yN1 

. be t h e  o u t p u t  s i g n a l  of  t h e  
N-th e x p e r t  when s o l v i n g  t h e  
I - t h  ca se .  The l e v e l  of 
r e l i a b i l i t y  h is t h e  r e q u i r e d  
e x c e s s  of  t h e  o u t p u t  s i g n a l  
whith t h e  a p p r o p r i a t e  number .y, 
over  t h e  o t h e r  y i .  

E v a l u a t i o n  f u n c t i o n  is 
c o n s t r u c t e d  a s  fo l lows .  Denote 
by e, t h e  Q-dimensional v e c t o r  
with t h e  z - th  c o o r d i n a t e  - 1 

Y z = ( y I y > y i ; i = l  , . . . ,  Q ; i # z l .  Let  
t h e  t r a i n i n g  c a s e  be from t h e  
c l a s s  w i th  t h e  number z. Then 
f o r  t h i s  p a t t e r n  
G ( y ) = d i s t  (y-hcZ, Yz), (EQ5) 

where d i s t  is t h e  d i s t a n c e  from 
t h e  p o i n t  t o  t h e  s e t .  

The  f u n c t i o n  of p e n a l t y  
f o r  t h e  " t o o  c o n f i d e n t  
i n c o r r e c t  answer '  is  

and t h e  o t h e r  - 0, 

c o n s t r u c t e d  i n  analogy:  
6 ( y ) = d i s t  ( H e , ,  YZ), (EO6 1 

Each e x p e r t  is l e a r n i n g ,  
minimizing i t s  f u n c t i o n  of 
e v a l u a t i o n  VM: 

1 

where W ,  W . , , > O  a r e  t h e  t h e  

111 11 

Learn ing  a l g o r i t h m  and the 
network s t r u c t u r e .  The e x p e r t s  
a r e  fu l l - connec ted  o r  l aye red  
networks w i t h  smooth s igmoida l  
i npu t -ou tpu t  c h a r a c t e r i s t i c ,  
l i n e a r  accumula to r s  a t  t h e  
i n p u t s  and l i n e a r  connec t ions .  
The connec t ion  c o e f f i c i e n t s  i n  
l e a r n i n g  a r e  main ta ined  i n  t he  
range [-1, 11, - w e  choose t h e  
c h a r a c t e r i s t i c  i n  t h e  form 
f(a)-a/(c+a), c is t h e  c o n s t a n t  
( u s u a l l y  C=O. 1+0. 5 ) .  

Eva lua t ion  f u n c t i o n  ( 7 )  is 
minimized i n  s i n g  l e - s  t ep 
quasi-Newton method 
(BFGS-formula). The d e r i v a t i v e s  
a r e  computed by t h e  d u a l i t y  
p r i n c i p l e  [ 4-71. 

R e d i s t r i b u t i o n  of t he  
weights  between t h e  p a t t e r n s  
and the  e x p e r t s  is c o n s t r u c t e d  
as fo l lows:  t h e  we igh t s  s h i f t  
from t h e  wel l  s o l v e d  c a s e s  t o  
the bad ly  so lved  ones  a n d  from 
t h e  e x p e r t s  s o l v i n g  t h e  given 

222 



c a s e s  b a d l y  t o  those ,  which 
s o l v e  i t  w e l l .  Give a s i m p l e s t  
network a l g o r i t h m  o f  s u c h  a 
d i s t r i b u t i o n .  For t h e  w e i g h t s  
we c o n s t r u c t  a d i f f e r e n t i a l  
e q u a t i o n :  

c 
. ~ t  t h e  i n i t i a l  moment o i  
) l e a r n i n g  a l l  wNI=1. 

The c o n s t a n t s  of  t h e  
weight  f l o w  r a t e  a r e  de te rmined  
a s  f o l l o w s :  

where H9=minHM9; A , 3  - a r e  t h e  
p o s i t i v e  c o n s t a n t s .  

To  make t h e  e x p e r t s  
c o m p e t i t i v e  ( a  s t r o n g  e x p e r t  
f o r c e s  a weak one from t h e  t a s k  
book i n  g e n e r a l  and n o t  f o r  t h e  
g i v e n  t a s k  o n l y ) ,  i t  is  
s u f f i c i e n t  t o  t h e  c o e f f i c i e n t s  
( 9 )  t o  add 

(EQ10) 

where C is  t h e  p o s i t i v e  
c o n s t a n t .  

E q u a t i o n  ( 8 )  a r e  e a s i l y  
r e a l i z e d  by an o t h e r  network. 

After each  o p t i m i z a t i o n  
s t e p  t h e  f l o w  c o e f f i c i e n t s  
change, new weights  a r e  
a s s i g n e d  i n  compliance w i t h  (s) 

and a g a i n  - an o p t i m i z a t i o n  
s t e p .  The c o n s t a n t s  A ,  3, C 

s p e c i f y  t h e  procedure  of  weight  
s e l e c t i o n .  A t  t h i s  t h e  t ime o f  
network f u n c t i o n i n g  can be  
c o n s i d e r e d  t o  be f i x e d ,  

Annealing. I n  ‘ the c o u r s e  
of  l e a r n i n g  h i s  g r a d u a l l y  
i n c r e a s i n g ,  E - d e c r e a s i n g  and 
w n e c e s s a r i l y  grows h i g h  ( f rom 

r e s u l t  of l e a r n i n g  n o t  a s i n g l e  
e x p e r t  would d o  too  c o a r s e  
e r r o r s ,  i f  p o s s i b l e .  

The e x p e r t s ’  v o t i n g  is 
performed a c c o r d i n g  t o  t h e  
f o l l o w i n g  p r i n c i p l e :  v o t i n g  i s  
t h e  most c o n f i d e n t  e x p e r t  ( t h e  
one w i t h  t h e  maximum o u t p u t  
s i g n a l  exceeding  t h e  c l o s e s t  i n  
t h e  v a l u e  by t h e  g r e a t e s t  
number),  o r  v o t i n g  is processed  
by a s p e c i a l  neuron network, 
which is  t r a i n e d  a f t e r  
comple t ing  t h e  b a s i c  l e a r n i n g  
p r o c e s s .  

i t o  i 0 2 - i 0  3 ) so,  t h a t  i n  t h e  

3. Test  t a s k s  
Election of the americon 

president [ 8 ]  - by 1 2  i n p u t  
s i g n a l s ,  d e s c r i b i n g  t h e  
p o l i t i c a l  s i t u a t i o n  i n  t h e  USA 

on t h e  eve o f  t h e  e l e c t i o n ,  
2-neuron f u l l y  connected 
network a f t e r  2 s t e p s  of s i g n a l  
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exchange between t h e  neu rons  4. References 
p r e d i c t s  which p a r t y  i s  t o  win. 1.Bongard M.M.  "The Recogn i t ion  

Recognizing of succession Problem". Moscow: Nauka, 
. shift ( a  s t a n d a r d  t e s t  

problem). The network i n p u t  is 
fed  a s u c c e s s i o n  o f  8 z e r o s  o r  
ones and t h e  r e s u l t  of i t s  
c y c l i c  s h i f t  one p o s i t i o n  l e f t  
o r  r i g h t .  Two 3-neuron e x p e r t s  

- s o l v e  i n  two s t e p s  o f  s i g n a l  
exchange i n  what d i r e c t i o n  is 
t h e  s u c c e s s i o n  moved. For  t h i s  
purpose Boltzmann machine u s e s  
2 5 2  n e u r o n s  [ g ] .  And one 
4-neuron network mastered t h i s  
problem on t h e  whole. A t  t h i s  
i t  p o i n t e d  o u t  4 p a t t e r n s  s e t  
up e r r o n e o u s l y  a s  u n s o l v a b l e  
( c o r r e c t e d  t h e  t y p e s e t t i n g s  
e r r o r s  ). 

Among t h e  problems s o l v e d  
were r e c o g n i t i o n  of v i s u a l  
images and p r e d i c t i o n  o f  
chemical  e l emen t s '  p r o p e r t i e s .  

. The approach proposed g r e a t l y  
e n l a r g e s  t h e  i n f o r m a t i o n  
c a p a c i t y  of t h e  network and 
a c c e l e r a t e s  l e a r n i n g ,  b u t  t h e  
q u e s t i o n  how i t  can h e l p  i n  t h e  
p r o g r e s s  of u n d e r s t a n d i n g  t h e  

. work of t h e  r e a l  n e u r o n ,  
networks r ema ins  t o  be so lved .  
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