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The research reported in the paper aims the development of a suitable neural architecture for implementing
the Bayesian procedure for solving pattern recognition problems. The proposed neural system is based on an
inhibitive competition installed among the hidden neurons of the computation layer. The local memories of
the hidden neurons are computed adaptively according to an estimation model of the parameters of the
Bayesian classifier. Also, the paper reports a series of qualitative attempts in analyzing the behavior of a
new learning procedure of the parameters an HMM by modeling different types of stochastic dependencies
on the space of states corresponding to the underlying finite automaton. The approach aims the development
of some new methods in processing image and speech signals in solving pattern recognition problems.
Basically, the attempts are stated in terms of weighting processes and deterministic/non deterministic
Bayesian procedures. The aims were mainly to derive asymptotical conclusions concerning the performance
of the proposed estimation techniques in approximating the ideal Bayesian procedure. The proposed
methodology adopts the standard assumptions on the conditional independence properties of the involved

stochastic processes.

1 HMM IN BAYESIAN LEARNING

Stochastic models represent a very promising
approach to temporal pattern recognition. An
important class of the stochastic models is based on
Markovian state transition, two of the typical
examples being the Markov model (MM) and the
Hidden Markov Model (HMM).

The latent structure of observable phenomenon is
modeled in terms of a finite automaton Q, the
observable variable being thought as the output
produced by the states of Q. Both evolutions, in the
spaces of non observable as well as in the space of
observable variables, are assumed to be governed by
probabilistic laws.
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In the sequel, we denote by (A, ) _, the stochastic

n=0
process describing the hidden evolution and by
(Xn)nZO the stochastic process corresponding to the

observable evolution.

Let Q be the set of states of the underlying finite
Q| =m. We denote by 7, the
probability distribution on Q at the moment n. Let
(€2,3,P) be a probability space, (N,C,a) be a
measure space, where o is a o -finite measure. The
output of each state qeQ is represented by the

automaton;

random element X :.2 — X of density function
f,(). Let & be the apriori probability distribution

on Q. We assume that quQ,é‘(q):tO. The
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conclusions on the hidden evolution are derived
using the Bayesian procedure when the apriori
probability distribution & and the set of density

functions (fn,q g€ Q) are known.

LetL:QxQ —[0,0) be a risk function. The
outputs of the automaton are represented by the
sequence of random elements (Xn)nzo, where the

output at the moment n, X, is distributed p(q, ) if it

was emitted by the state q,. Let R = }E Ite ([O 1P )N}

be the set of random decision procedures, where, for
any teR,qeQ,xe¥, t(x)(q) is the probability of

deciding that the output X is produced by the state q.
For any t € R we denote the expected risk by,

REL )=3 3 [&(@)L(a, Tty (x)f, (x)o(dx)

4=QT<QN
The Bayesian decision procedure t € R assures
the minimum risk that is,

R(£, T, f)=inf R L, Fad(g, f)
teR
and it is given by,
1, T(q, T
(q X)<qTQI\r{]} (q X)

(x)=10, T(g.x)> min T(q" x) ., where
q <Q\a}

ag, T(@x)= min T(o" )

q <Q\d}
x)= Y &(a)@.a)f,(x). Yag =1,

(2) 7(@
qeQ qeA
vQq e Aag > 0 and
:{q/qu,T(q,x): min T(q*,x)}.
q |}

The true evolution in the space Q of non
observable variables is governed by probabilistic

1§

@)

—

q

laws, (z,),.,» Where 7, represents the probability

distribution on Q at the moment n.
Let (u,)_, be a sequence of subjective utilities

assigned to the states of the

n>0

automaton;

vn>0,u, :Q > [0,0). We assume that, for any
n>1>u,(q)#0. For any n>0 and qeQ,
qeQ

u, (q) stands for the subjective utility assigned to the
state q at the moment n. Typically, un(q) can be
taken as the relative emitting frequency of the state q
during the time interval [O, n].

Let (g,)., be a sequence of measurable
functions, ¢, :NxX—>[0,0), Yn>1, a Parzen-
like basis of asymptotically unbiased estimates of

the system of density functions (fq,qu)

satisfying a series of convenable regularity
assumptions. Our method is a supervised technique
based on the learning sequence
S= ((An,Xn)/ nz 1) , where the true probability

distribution 7,is approximated by a weighting
(&()geQ),,  defined by

&a,(a)
0" @

qeQ
is the emitting state at the moment n. The decision
procedure i‘: is defined by ( ) in terms of &, (q)

process

) representing the guess that (

and f_ _(x ol\A.,q)9 , where
s (Q),Zl (o x,)
- JLa=q
. Th fi T
5(q.9)= {0 o 7 e criterion function T(q,x)

given by (2) is

(3)T(@.x)= Y& (@)L@.a)f,4(x).

qeQ

replaced by

2 THEORETICAL RESULTS
SUPPORTING THE
QUALITATIVE ANALYSIS OF
THE BEHAVIOR OF THE
LEARNING SCHEME

Let R, (ﬂ*): E(R(ej ,t~n* f )) be the expected risk
corresponding to the random decision procedure f]*
when ¢&is the true probability distribution on Q and

f= (fn,q qe Q) is the set of output density

functions.
Theorem 1. (State, 2002) Let (g,)

sequence of measurable functions such that the
assumptions A, A,, Az, A4 hold, where,
(A, )forany k>1, qeQ,xeN,

(AA) Eq(gk(x'x)): fq(x)-

If S=((4,,X
such that the random elements (An,Xn),n >1 are
independent, A, is distributed & and X, is
distributed f, if A, =q, then, for the Parzen-like

basis (9,),.o. im R, ()= (&, 7).

.o DE @

,)/n>1) is a learning sequence
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Theorem 2. (State, 2002) Let
S=((4,,X,)/n>1) be a learning sequence such

that the random elements (An,Xn),nzl are
and X, is

If for the sequence

independent, A, is distributed 7,
distributed f, if 4,=9.

(gn)nzo, the assumptions Ay, A,, Az, A4 hold and, for
any qeQ, |im%i1j(q)= #(q) . then,
n—o0 j=1

limER(, T, )= o(&,1).
Theorem 3. (State, 2002) Assume that the
conditions mentioned in theorem 2 hold. If, for any

qeQ. limz .(a)=7(q) , then,

mE(R(rn, £ 1 )= f).

Theorem 4. (State, 2002) Let
S=((4,,X,)/n>1) be a learning sequence such
that (An,nzl) is a Markov chain of stationary

transition probabilities having an unique recurrent
class Q*. If (X,)n>1 are independent and X , is

distributed f, if A, =q, then
limER(E )=l ),
where 7 is the probability distributions of A, .
If (A4,,n>1) is a Markov chain then

(An,Xn),nzl is a Markov chain of stationary

transition probabilities having an unique recurrent

class R' = U{(q,x)/ Xe Cq},
qeQ’

C, = {x/ XeN, fq(x):to}.

where

3 NEURAL ARCHITECTURE FOR
IMPLEMENTING THE  _
BAYESIAN PROCEDURE &

We assume that N=RY. Then the neural
architecture consists of the layers F,,F, of d and

respectively |Q| neurons. The neurons of the input

layer F, have no local memory, they distribute the

corresponding inputs toward the neurons of the
hidden layer F, . Each neuron of F,, is assigned to

one of the pattern classes from Q. For simplicity
sake, we’ll refere to each neuron of F, by its

corresponding pattern class. The local memory of
each neuron @ e F,consists of &,(q) and the
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parameters needed to compute f . The activation

function of the neuron e F, at the moment n is

hyo(X)= foq(x)E,(@). The layer F, is fully
connected, the connection from ¢ to { is weighted
by (- L(a,).
x:(xl,...,xd) applied to Fy
activations,

net(d,0)=->"¢, (a)L(q

5 q_)fn,q (X) =-T (q, X): Je FH
qeQ

The recognition task corresponds to the
identification of the states § for which T(q,x) is
minimum. This task is solved by installing a

discrete time competitive process among the neurons
of F,. Let Sq(t): f (net(q,t)) be the output of the

neuron (e Fy

Consequently, the input
induces the neural

at the moment t, where the

competition process starts at the moment 0 and the
O,uz0
uu<0’
We denote by S(t)= (Sq(t),q eF, ) the state at the
moment t. The initial state is
5(0)=(f(net(q0))\a e Fyy).

The synaptic weights of the connections during

1,9=17
the competition are, Wyg = { 4= _, where
Y -&£,0+(
£ >0 is a vigilance parameter.
The wupdate of the state is

synchronously, that is, forany qe F,,

net(q,t+1)=S,(t)-e> S, (t)=

1505 50

S,(t+1)= f(net(q,t+1)).

The conclusions concerning the behavior of the
competition in the space of states stem from the
following arguments. Note that Sq(t)S 0, for any

t>0 and qe F,.

. If S,(t)=0, then h,(t+1)>0,
Sq(t+1):0.M0reover, for any t'Zt,Sq(t'):O.

2. Assume that for some q,defF,, t>0,
S¢ (t) =3, (t) <0. Then for any t>t,
Sy (t)=5,(t)<0.

3. Assume that for some ¢,qeF,, t=0,
S, (t)<S,(t)<0.Then, S, (t+1)<S,(t+1).
Moreover, for any t'>t, S, (t)< Sq(t‘).

activation function f is given by f(u)z{

performed

hence
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Using some of the previous arguments, we get that
there exists t(g')>0 such that Sy (t)=0 for any

t>t(q).

4. Assume that for q,q'€ F,,

0<T(q,x)<T(q ,x),
Then, for any t=0, S, (t)< Sq(t) <0 hence there
exists t(q') 20 such that S, (t) =0 for any
t> t(q') . Therefore, the competition installed by the
above mentioned process among the neurons of F,
determines that the outputs of all neurons q’ that

received values T(q',x)> minT(q,x) are inhibited
asky

in a finite number of stages, that is there exists t

such that S, (tg, )# 0 if and only if

T(q',x)=minT(q,x).
qeFy
Also, for any ¢',q" € F, such that
T(d ) =T(d" x)=minT(q.x),
S¢(tam)=Sq(tam)20
and forany t>0, S, (t): Sy (t)

The local memories of the hidden neurons are
determined in a supervised way by adaptive learning
algorithms using a  learning sequence
S=((4,,X,)/n>1). The recurrent relations for

fn,q & (q), n>1,qekF, arederived in terms of the

fin

particular relationships of (u,(q)),(g,(x,y)). For

%5(/11’(4)

Un(Q)ZJT

gn(x,y)= 5(X,y) then we get the following
relations. Let A,,, =0,,,. Then

instance, if and

n
mun (q)! q+ qn+l

nu,(q)+1
n+1

un+1(Q):

E)

v d=0nn

1
therefore u,,,(q)= UH(Q)+m5(qun+1)

N+l
For q #q,,,; we get,
\ né(al, ()
fonl)=1 > & un (@) +£(0n.0)°

qeFy

If &(g)=0 or u,(q)=0, then
&(@)=¢,.(a)=0. 1f £(a)#0,u,(q)#0, then,

denoting by P,(q)=

1
§—(q) , W€ get

n

(0= 0) S

For q=gq,,; we get

5 (q ): g(qml)(l-‘r nun(le))
A o C) TN C DR CAY
gery
that is
nun (qn+1) 1
P =P
”*1(q”+1) n(qn+l)1+nun(qn+l)+l+nun(qn+1)
Since
(n + 1) fn+1,q (X)gnﬂ (q) = S(A n+l2 Q)S(X, X n+l1 )+

+ng, (0)f, (%)

1 225

5()(’ X n+1)+ négn (qn+1)fn,qn+1 (X)

(n+1),1(An,a)

we get, for 4 # (., ,

n
fn+1,q (X) = m

and respectively,

fn+1,qn+1 (X) >
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