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ABSTRACT

In this short paper the problem of supervised learning of a
neural net is treated as one of stochastic parameter
estimation. The identification of the neural net parameters in
its supervised training is as usually formulated as an
optimization problem. A linear pertubation scheme, reducing the
problem to one of stochastic parameter estimation in each
iteration is then proposed. The structure of a Kalman filtering
in the resulting algorithm allows the use of all the existing
results in state and parameter estimation to guarantee a good

performance to the proposed procedure.

1. INTRODUCTION following an approach very

much influenced by the one

The experience with proposed by Chen and Billings
adaptative state estimation {1992), this short paper
and control schemes based on tries to give an
the Kalman filter (e.qg. interdisciplinary contribu-~
Jazwinki, 1970) in aerospace tion. It shows how to
applications (Rios Neto and formulate and treat this
Kuga, 1985; Rios Neto and problem as one of stochastic
Cruz, 1990) and in parameter parameter estimation, with
estimation (Orlando and Rios the objective of calling the
Neto, 1984), has naturally attention of researchers in
led the author to consider the field of neurocomputing
these schemes in his recent for results of the area of
work with neural nets in state and parameter
control. estimation that can be of

great utility to them.
Looking at the problem
of neural nets supervised
training in the modelling of
nonlinear systems as one of
parameter identification, and
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2. NEURAL SUPERVISED

LEARNING APPROACH

The supervised training
of a neural net to learn a
nonlinear continuous mapping

£(.): xeD< RBI »yeRNO, (2.1)

can naturally be treated as a
problem of estimation the
connection weight parameters
P in the network

correspondent mapping:
£(.,p):xedDc RBL ayerMO, (2.2)
such as to have f(x, 5) as

close as possible to f(x) for
xeD -

A set of pairs (x(t),
y(t)), t=1,2,...N, given by
the mapping in (2.1) is

selected in order to get this

approximation, and the
parameters are usually
determined under the

condition of minimizing

I(p)=4((p~F) "B (p=F)+

ek (v ) -Fen TR e) (v(t) -
F(E)))eeunnnnnn veseerees(2.3)
where p is a_ given_a priori
ggiue of p; .¥(t)= £(x(t),p);

and R 1(t) are weight
matrices.

To solve the problem of
(2.3) an - iterative scheme
based on linear perturbation
has to be used. In a typical
iteration, one usually takes:

J(npkw %((p*-p) TP (pk-p)

£ L0 a Kiy(e)-gF(e)-

r =k K=k, To-1
Ex(e),B5) (p*-pK)) TR (1)
(ak(y(t)—x'fk(t))-g(x(t),5")
(pk-ﬁk))......f.........(2.4)
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where . k=1,2,...,Kk~; §1=—,
PR(e)=E(x(t) 85y E(x(t) PR}

is the matrix Bf first
partial derivatives with
respect to p; 0O<a k<1l is an
adjusting parameter to

guarantee the hypotesis of
linear perturbation.

The solution of (2.4) is
formally equivalent (see, for
example, Jazwinki, 1970) to
the following stochastic
parameter estimation problem:

o Ky (e)-gK ()= E(x(t), %)
(PE-BR) V() e evnnennnn (2.6)

where, E[®8]=0,
E{v(t)]=0, E(v(t)vi(t)]=
R(t), usually diagonal; Ef.]
is the expextation value
operator; & and v(t) are
assumed to be gaussian
distributed and not
correlated; and v(t) is also
assumed not correlated along
t=1,2,..., N.

E[ééT%f P,

_ Expressing this problem
in a2 more compact notation,
one has:

- TN T £
K= HkpX + vl (2.8)
where in (2.6) fb(x(t), gk pk

has been taken Tto the left
hand side and all the values

of the index t were
considered t% define the
extended zk, H™ and v.

. Thus, in a typical
iteration, for k=1,2,..., ke,
the resulting parameter

estimation problem can then
be solved with a Gauss Markov
estimator, which in a Ralman

form results as:
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pF= p+rK(2K-B¥py........(2.9)
PR= (1-k¥EK)B..........(2.10)
K= BHXT (hKBRkT+R) =1, (2.11)

where R=E[va], diagonal; and

t eiterate one takes

§E+1=5% in (2.6) until one

gets:

B = Buiiviiiiiini.. (2.12)

PRC 2 E[(p-p) (p-p)T}..(2.13)
If one further wants to

explore the possibilities

given by this approach, one

should notice that:

(1) since the components of
the error v in (2.8) are
uncorrelated (R diagonal),
the recursive algorithm of
{2.9) to (2.%1) can be used
to . process 2z“ componentwise,
thus avoiding the need of
matrix inversion in (2.11);

(ii) if it happens that a new
set of pairs is to Dbe
considered in the training of
the neural net, one only has
to take the values in (2.12)

and (2.13) as _a _ prigri
information (§ < P, P « PXC)
to process the new
information;

(iii) there are many well
developed results to

guarantee a good performance
to the estimator of (2.9) to

(2.11), as for example the
factorization methods
(Bierman, 1977) to improve
numerical behavior and the
methods of noise adaptive
estimation (Jazwinski, 1970;
Rios Neto and Kuga, 1985) to

guarantee both good numerical
behavior and statistical
consistency.
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3. CONCLUSIONS

Motivated by the
possibility of giving an
interdisciplinary
contribution, the author has
used his experience in
stochastic control and
parameter estimation to
formulate the problem of

supervised training of neural
nets as one of parameter
stochastic estimation.

This approach leads to
an algorithm which is more
general and more realistic
than the usual
backpropagation. If a full
version (as in (2.9) to
(2.11)) is wused one looses
part of the paralel
processing characteristic of
the backpropagation
algorithm. However, as shown
in Chen and Billings (1992),
for algorithms with the
structure of a recursive
least squares it is possible
to get simplified versions
still more general than
backpropagation but wich
preserve the paralel
processing capability.

It is expected that the
approach of parameter
stochastic estimation as
presented in its full version
will be useful in off line

neural nets training, and
will provide simplified
versions which will be

equally wuseful in on line,
real time schemes.
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