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Abstract

The paper presents the eflicient training program of multilayer feedforward neu-
ral networks. It is based on the best second order optimization algorithms including
variable metric and conjugate gradient as well as application of directional minimi-
zation in each step. Its efficiency is proved on the standard tests, including parity,
dichotomy, logistic and 2-spiral problems. The application of the algorithm to the
solution of higher dimensionality problems like deconvolution, separation of sources
and identification of nonlinear dynamic plant are also given and discussed. It is
shown that the appropriatly trained neural network can be used to the nonconven-
tional solution of these standard signal processing tasks with satisfactory accuracy.
The results of numerical experiments are included and discussed in the paper.
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1 Introduction

Methods to speed up the learning phase and to optimize the learning process
in feedforward neural networks (NN) have been recently studied and seve-
ral new adaptive learning algorithms have been discovered (”Moeller, 19937,

*The results presented in the paper have been partly obtained in colaboration
with the Laboratory of Artificial Brain Systems, FRP Riken, Japan
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”Karayiannis and Venetsanopoulos, 1992”7, ”Charalambous, 1992”, ”Sperdu-
ti and Starita, 1993”7, ”Jutten, Guerin and Nguyen, 1991”7, ”Battiti, 1992”,
”Fahlman, 1988”). Some of them introduce the momentum term, others use
the alternative cost functions or dynamic adaptation of the learning parame-
ters. Many apply special techniques of initialization of weights. Most of them
apply the higher order gradient optimization routines to minimize the appro-
priately defined error function, the multivariable function that depends on the
weights of the network. However there is still the problem of accelerating the
learning process, especially when large training sets and large networks are u-
sed. This paper will present the fast, efficient learning algorithm based on the
second order Newton optimization methods. The approach presented in the
paper consists of two steps: the determination of the direction of search and
the directional minimization to determine the optimum length of the learning
step. Its efficiency is due to the applied variable metric BFGS method and
to the very effective mixed third and second degree polynomial interpolation
in combination with the nongradient search techniques like golden search and
bisection (”Gill, Murray and Wright, 19817), used in the directional minimiza-
tion. The program is suitable for any multilayer feedforward NN using either
sigmoidal or linear activation functions. Besides the standard use it allows also
the weightsharing, i.e. taking into account the equal values of different weights
of the network. The weightsharing problem is solved in a very efficient way
by applying the signal flow graph technique. The signal flow graph technique
(”Osowski, 1993”) is used in the paper to generate the gradient vector at each
learning cycle. This approach substitutes the classical backpropagation strate-
gy and clarifies our understanding of generation of gradient in the multilayer
networks. The results of the numerical experiments performed on the standard
tests confirm its efficiency and superiority over already published results.

The program has been applied to the solution of high dimensionality problems,
involving thousands of weights adjusted in the learning process. The paper will
present some of such applications, including the nonlinear deconvolution of
the signals, separation of sources and identification of the nonlinear dynamic
plants, on the basis of the input - output measurements. The results of the
numerical experiments will be given and discussed.

2 Optimization routines

The energy function to be minimized is defined in the usual way as the squared
difference between the destination and the actual responses of the output
neurons over all p training samples. Let us assume the multilayer feedforward
NN of N input and M output neurons. The number of hidden layers may be
arbitrary just as the number of neurons in the layers. The supervised learning
of this net is equivalent to the minimization of the energy function (the error



function), which can be written as follows
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The variable 3 and d; stand for actual and desired response of kih output
neuron, respectively. The superscript denotes the particular learning pattern.
The vector W is composed of all weights in the net. Summation of the actual
errors takes place over all M output neurons and all p learning data (X, d),
where the N-dimensional vector X is the input vector and the M-dimensional
vector d is the destination vector associated with X.

In minimizing this energy function we apply here the most efficient second
order gradient optimization methods. This approach is known to be the most
efficient way of minimization of nonlinear objective function in optimization
theory ("Gill et al., 1981”) and has been applied in the past to the learning
processes of neural networks. The most important distinct feature of our ap-
proach is, that the learning cycle is composed of 2 steps: the determination of
the direction of search p(W) and the directional minimization, used to find
the optimal learning rate n. The update of the weight vector W is then done
according to the relation

AW =p(W) (2)

in which W - the weight vector and p(W) is the direction of search, where

p(W)=-Vg (3)

g is the gradient and V is the inverse of the hessian matrix H. In determining
V we have applied the BFGS updating rule ("Gill et al., 1981”), according
to which the inverse of hessian in kth cycle is estimated on the basis of its
previous value and the information of the changes of the weights and gradient.

The BFGS rule can be described as follows (" Gill et al., 19817)
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where the following notations have been used s, = W(k) — W(k—1) 1, =
g(k) — g(k — 1). Such update preserves the positive semidefiniteness of the
hessian and practically superlinear convergence of the algorithm.



Unfortunately the quasi Newton method is not practical at very large pro-
blems, when the size of vector W and the dimensions of hessian associated
with it, are very high. Such a case is very common at neural network problems,
where the number of weights often exceeds few thousands. The calculation of
the hessian entries is then extraordinarily long (the complexity of BFGS cal-
culations ("Battiti, 1992”) is of 0(n?), in which n is the number of optimized
weights) and prune to the rounding errors. At the same time the requirement
for the computer memory is too demanding from the practical point of view.
In such a case the best method, according to our experience, seems to be the
conjugate gradient approach, in which the hessian matrix is not generated in
an explicit way. The search direction in this algorithm is given as follows

p(k+1) = —glk+ 1)+ 5p(k) ()

in which p(k) is the last search direction and 3 is the conjugacy coefficient
adjusted in each step according to the Polak - Ribiere rule (" Gill et al., 19817)
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The conjugate gradient method is not as fast as the BFGS approach. Although
for a wide class of error functions the classical conjugate gradient method with
exact directional search and exact arithmetic is superlinearly convergent, its
implementation with finite precision computation is "nearly always linearly
convergent” (”Gill et al., 19817), but even then the number of steps is in
practice much smaller than that required by the steepest descent applied in
classical backpropagation algorithms.

In distinction to other second order learning algorithms applied before, after
getting the direction p, the calculation of the optimal learning rate n is per-
formed in each learning cycle. In developing it we have applied the efficient
mixed third and second order polynomial approximation (”Gill et al., 19817,
”Osowski, 1994”) of the energy function on the direction p, using the infor-
mation of the values of the energy function and its directional derivatives in
composition with the nongradient search techniques like golden search and
bisection, used in the directional minimization. Normally we apply the third
order polynomial interpolation method and only in exceptional circumstances,
when the cost function is very steep, the method is changed to bisection. Ac-
tually it is quite a complicated part of the program developed in such a way
that the protection against multimodality of the function, internal control of
the size of the step as well as some limitations on the number of steps at each
learning cycle are imposed. As a result the line search is done only to some
limited accuracy and in practice the directional minimization is performed in
a limited number of times; normally it is done two or three times in each cycle.



Even at limited accuracy of the search, the value of the coefficient 5 is close
to optimum at each cycle and provides quick convergence of the solution to
the minimum of the cost function.

This method of adjusting the learning rate has been proved to be extremely
efficient in comparison to the constant or adaptive way of choosing it. On the
basis of many simulations we can state that adjustment of the learning rate
using inexact line search is the key point of the efficiency of the proposed
method.

3 Generation of gradient using signal flow graphs

Both methods (BFGS and conjugate gradient) use the information of the
gradient of the energy function as the basic factor in the process of updating
the weights. The gradient VE, defined as the vector of derivatives of the energy
function with respect to the parameters (weights) of the system, can be easily
generated for the multilayer neural network using the signal flow graph (SFG)
technique and the notion of the adjoint signal flow graph (”Osowski, 1993”) It
has been shown that the gradient vector of the energy function with respect
to the gain of any branch can be evaluated as the product of one of the signals
in the original graph G and one in the adjoint one, G ("Osowski, 1993”) The
adjoint graph is defined as the original graph with all branches taken in the
reversed direction. The description of linear branch remains the same as the

original one; in the case of nonlinear branch f(x,k) (x is input signal, k - the
9

parameter) its adjoint counterpart is linearized with the gain equal to g = 3£

calculated at the operating point of the original flow graph.

If the ith node signal in the original and adjoint graph are denoted by V; and
V;, respectively, and the gain of the branch from jth to ith node is denoted
by W;j, then the gradient W;; may be described by the formula (”Osowski,
19937)

dFE

= ViV (7)

in which V} is the signal of the jth node of the original graph G at normal
excitations and V; means the signal of the ith node in the adjoint graph G. The
adjoint graph (i is excited at the former output nodes (now the input ones)
and the excitation signals are equal to the differences between the actual value
of yr and the target value dj.

The important advantage of the flow graph method is a simple way of taking
into account the shared values of the weights. If any weight appears many ti-



mes in the graph as the gain of different branches, the sensitivity and gradient
formulas with respect to this gain are the simple superpositions of the appro-
priate individual derivatives of each branch separately. To be more specific, if
the weight W appears twice in the network, say between the nodes i, j and
k, 1 (the second index means the node from which the branch in the original
network starts) and all node signals are donoted by V (normal system) and Y
(the adjoint system) with appropriate index, respectively, then the gradient
component with respect to the shared weight W is described by the sum of
two components, following from the fact that the weight W appears twice (be-
tween nodes i, j and k, 1). For this particular case the appropriate component
of the gradient is given by

oF A A
Pl = ViV, + VIV, (8)

It can be stated that this rule, coming out from the signal flow relations,
corresponds directly to the active constraints method of optimization (”Gill et
al., 19817), the most effective way of taking into account the linear constraints
in the optimization problem. Thanks to this strategy the equality constraints
of the type described above, do not complicate the learning process involving
the gradient, but just oppositely, reduce the problem complexity, by reducing
the number of effective variables appearing in the calculations.

Summarizing, to get the gradient vector in all cases we have to analyse two
graphs: the original one representing the flow of signals in the original system
and the adjoint one representing the opposite direction of signal flow.

These relations are especially simple in the case of the feedforward neural
network (multilayer perceptron), where the flow of the signals is unidirectional.
Fig. 1la represents the graph of the multilayer feedforward neural system and
Fig. 1b the graph adjoint to it. The number of layers of the net does not
complicate the computation of each component of gradient, because for any
layer it is calculated in the same way on the basis of the values of signals of
the neurons in normal SFG and the adjoint one. The number of neurons in
each layer is denoted by K; (j =1,2,---,m), while for the last, output layer
we assume K,, = M and the output signals v;m) = y;. The excitations of
the adjoint graph are the differences between the actual output signals y; and
target values d;. The nonlinear activation functions of the original system have
been substituted in the adjoint system by their derivatives % calculated in
the points @ = u; for each layer independently. Applying the general relation

(7) for gradient calculation, on the basis of these two graphs we get



Fig. 1. The graphs of the feedforward neural networks a) the normal graph. b) the
adjoint graph

— for the output layer
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— for the ktk layer (k = 2, 3, ..., m-1)
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— for the first layer
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As it is seen from the above expressions the relations describing the gradient
components are of the same form, irrespective of the layer.

The distinct advantage of this approach is its simplicity, the same direct rule
of generation of the component of the gradient, which is independent of the
numbering of layers as well as the easy way of taking into account the shared
weights of the neural network, corresponding to the active constraints strategy
in optimization.

The algorithms described above have been implemented in object oriented
C++ as the program NETTEACH and succesfully tested on many standard
numerical test problems.



4 The results of numerical tests

The comparison of the efficiency of the program to other existing ones will be
made on the examples of standard tests: parity, dichotomy, logistic map and
2-spiral problem. We will compare the variable metric BFGS method (VM)
with the standard backpropagation based on the steepest descent algorithm
(BP) and conjugate gradient implemented in standard way (CG) used in opti-
mization theory ("Gill et al., 1981”7) and scaled conjugate gradient (SCQ)
presented by the author of ("Moeller, 1993”). The comparison of the results
will be made on the basis of the number of learning cycles and (where ava-
ilable) the number of so called complexity units (cu) ("Moeller, 1993”). The
complexity unit is defined as the whole mathematical operations needed to be
done at one forward passing of all patterns in the training set. The complexity
unit is defined to enable the comparison of different learning algorithms, where
different number of function calls and mathematical operations are needed in
each learning cycle.

— The logistic map problem

The logistic map problem is the test of predicting the chaotic behaviour of the
system, where the learning task was to learn the recurrence relation

Tpyr = ra,(l —a,) (12)

for 0 < z, < 1 and r = 4. Similarly to the previously reported experiments
(" Battiti and Masulli, 1990”7, ”Moeller, 1993, ) the assumed network architec-
ture was 1-5-1, where the hidden neurons are sigmoidal and the output neuron
linear. The results of training the network on 10 example pairs (z,, Tn41), Si-
milarly as done by the author of ("Moeller, 1993”), have proved the efficiency
of our program. The experiments have been performed at different values of
the initial weights, but these values had no significant influence on the results.
The average results of 10 runs at different randomization radius (from 0.1
to 1.0) are presented in Table 1 (the criterion is defined as the accuracy to
which all outputs convert to the corresponding target values). The numbers
indicated in the table denote the number of learning cycles (nlc) and number
of complexity units (ncu) needed to converge the results to the approriate
destination. The table compares the number of learning cycles of our variable
metric (VM) and conjugate gradient (CG) methods, both using directional
minimization to find the optimum learning rate i, with the results reported in
("Moeller, 1993”) for scaled conjugate gradient method (SCG) and standard
backpropagation (BP). The obtainable results of ("Moeller, 1993”) are given
as the number of learning cycles. To get the number of complexity units we
have to multiply this figure by approximately 3 in the case of SCG and by 2
in the case of BP ("Moeller, 1993”).



Table 1

Criterion | nlc (VM) | ncu (VM) | nle (CG) | ncu (CG) | nle (SCG) | nle (BP)
0.1 25 126 157 349 107 1044
0.05 28 140 195 398 497 30408
0.03 32 156 234 497 683 57093
0.02 37 180 397 825 1011 241557
0.01 45 209 695 1208 4718 2548570

0.005 61 302 2042 4146 - -

The best results of ("Battiti et al., 1990”) at criterion equal 0.01 were 2638
cycles. Our results have outperformed all of the known reported results. It
should be pointed out, that the numbers indicated in Table 1 denote the
number of learning cycles and complexity units, the latter strictly connected
with the number of calling the error function. The relationship between the
number of error function calls and the number of learning cycles is close to
linear and the average linearity coefficient is close to 2.4 (2.4 error function
calls for one learning cycle in average).

It is worth to notice the increase of the efficiency of learning, especially at
high accuracy to which the output signal is fitted. This increase has only
little effect on the number of learning cycles in our variable metric method,
while it had a great influence in the other, already presented approaches. The
explanation of this very high efficiency of the training process seems to be in
the directional minimization at each cycle. On the basis of the experiments it
has been discovered that the coefficient  changes considerably in the learning
process and varies from about 44 to values close to zero. These changes have
been adjusted automatically by the program to provide the best progress in
the reduction of the error function from cycle to cycle.

Next the network was retrained on the example of 150 pairs (the number
of learning cycles was approximately 120 learning cycles) and then tested
on 500 pairs to check the generalization performance. The obtained results of
generalization score (root mean square prediction error divided by the number
of patterns) was equal 0.0000165. For each individual sample the maximum
error does not exceeds the value of 0.004.

— The parity problem

The parity problem has been learned at many different configurations and at
all of them our program was more efficient than any of the reported results
("Moeller, 1993”). For the network 5-5-1 after several runs we have got the
result of 253 learning cycles (1264 complexity units) compared to the best 642



cycles or 2131 complexity units of ("Moeller, 1993”), or 18451 iterations in BP
algorithm (”Moeller, 1993”). For the network 4-4-1 we got our results after
194 learning cycles (932 complexity units), compared to 494 cycles or 1727
complexity units of ("Moeller, 1993”) or 15373 of BP algorithm (”Moeller,
19937).

— The dichotomy problem

The problem consists in classifying a set of randomly generated patterns in

two classes. The set of N random 2-dimensional points has been classified using
N _
2

an average margin of 0.1 to the correct answer. The results compared with

the best reported results of (”Battiti et al., 1990”) are once again better. For
example at N=>5 our algorithm needed 24 learning cycles (/ 80 in (”Battiti et
al. 19907)), at N=20 — only 160 cycles (= 500 in (”Battiti et al., 1990”)), at
N=30 — only 255 cycles (a 800 in (”Battiti et al., 1990”)) and at N=50 — only
375 cycles (a2 1000 in (”Battiti et al. 19907 )). Checking the values of coefficient
n we notice once again its large variation in different cycles, providing in this
way the best progress in reducing the error function. Fig. 2 presents the change
of the learning coefficient 7 as a function of learning cycles for the dichotomy

the architecture 2 — 1. Correct performance is defined as coming within
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Fig. 2. The change of the learning coefficient 7 in the dichotomy problem of N=50

problem of N=50. Once again the dynamic range of changes of 7 is very large.
— 2-spiral problem

The 2—spiral problem belongs to the most demanding tests for neural network
learning algorithms. The architecture 2-50-1 with bipolar sigmoidal activation
functions of neurons has been assumed. The training has been started from
random values of initial weights. This time the learning process was extremely
hard and not all initial conditions lead to the proper solutions. At specially
selected radius of randomization (for example 0.3, 0.4, 0.5, etc.) and applying
the jogging of weights after performing some number of cycles, it was possible

10



to train the network succestully. The average number of training cycles after
10 runs was approximately 650 cycles only (3100 complexity units). Fig. 3
presents the learning curves corresponding to one of the cases for which the
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Fig. 3. The learning curves of the 2-spiral problem

number of learning cycles was below 400. The upper one is the error function
of learning cycles and the lower one presents the same function versus the
number of calling the error function. Two joggings of weights have been per-
formed (both with radius equal 0.4), the first one around 200 cycles and the
second one after additional 33 cycles. The training has been continued until
the discrepancy between the output signal and destination for each learning
pattern has dropped below the value of 0.05. The number of samples used in
the training was equal to 100, equally splitted into 2 classes. Although this
number was rather low, the generalization performance of the network was
reasonably good. Checking the network on 500 testing pairs we have got the
average rate of proper classification equal to almost 94%.

5 Applications

Although the results of the standard tests have confirmed good performance of
the developed learning methods, they indicate good properties of the program
only for a low number of weights. The next investigations have been done for
high dimensionality neural networks, with the number of weights exceeding
a few thousand. These investigations have been performed at the application
of the neural network to the deconvolution of the signal, the separation of
sources and the identification of the nonlinear dynamic plants.

11



5.1 Nonlinear deconvolution using neural network

In signal processing it often happens, that a perturbed version of the signals,
in which we are interested, are obtained. The general perturbation process

Noise w(n)

x(n
( )‘ System H(z) + yn)
Input signal L Measured signal

Fig. 4. The convolution model of the system

can be conveniently presented as shown in Fig. 4, where this perturbation is
understood as the noisy processing of the input signal by the system H(z). In
this figure x(n) represents the input signal, y(n) — the output signal, w(n) —
the noise corrupting the measurement, and H(z) the transfer function of the
system.

Thus the measured data y(n) can be considered as the convolution of the
undistorted signal x(n) with the impulse response h(n) of the system plus a
white noise. We can describe it in the general form as

o0

y(n) =Y @(i)h(n — i) +w(n) = z(n) * h(n) + w(n) (13)

1=—00

The perturbation described by (13) can be undone by appropriate processing
of the observed data y(n) with a linear time invariant system, whose impul-
se response g(n) is of such nature, that the overall impulse response of two
systems in cascade is an impulse 6(n), that is

h(n)* g(n) = é(n) (14)

This process is generally known as deconvolution, while the system described
by g(n) is called the inverse system. Although many linear deconvolution me-
thods are known, their performance is relatively poor, especially with band
limited data. The convolution process suppresses the high frequency compo-
nents and it is generally not possible to restore frequencies beyond the band
limit of the system H(z), when such a limit exists. The process is generally
quite sensitive to the noise in the input data and to the accuracy, to which
the response function is known. At high suppression of useful signals, the
signal-to-noise ratio is poor and the estimation in noisy environment is beco-
ming unstable ("Li, Bodruzzaman, Kuah, Szu and Telfer, 1993”) .

12



The use of neural network strategy allows to develop a different approach to
the deconvolution problem. The neural network is trained in the supervised
mode on the samples of the learning data, and then the trained network can
be used to deconvolve any input signal. The neural network developed for the
deconvolution of the signals should perform the inverse filtering g(), where

x(n) = g(y(n)) (15)

The network structure used for this purpose is a standard two layer neural
network. The input vector Y represents the convolved measured signals. The
output of the network delivers the original signals (arranged in vector X),
recovered by the neural network. The number of input and output nodes is
dependent on the complexity of the problem. The higher the order of the
system function H(z), the longer should be the input and output vectors. The
number of hidden neurons in the network should be higher than the number
of input nodes and is usually adjusted experimentally.

To train the network we have to generate a set of learning data. In the perfor-
med numerical experiments we have generated them by convolving the discrete
input sequence x(n) with the assumed impulse response h(n) of the system,
according to the relation (13). As the input signals the random generated
values have been used. The input sequence x(n) and the convolved output
sequence y(n) form the pair of learning data. At the length N of the input,
the training pairs are formed in the following way:

~ the input sequences

y(1) y(2) y(3)
y(2) y(3) y(4)
y(N) | vV | [y (N +2)

z(N) (N +1) (N +2)

The training of the network performed on many examples using the developed
program NETTEACH has resulted into good quality solution of the deconvo-

13



lution problem using neural networks. The results of one of the experiments

will be described below.

In the experiment, the digital Butterworth filter of the third order and 0.5Hz
cutoff frequency, as the convolution source has been used. The neural network
of the architecture 10-15-10 has been selected. Only the neurons in the hidden
layer have the sigmoidal activation function. The learning vectors of dimension
10 have been generated by applying the random sequence as the input data.
The number of training vectors have been adjusted in a way to provide good
generalization properties of the neural network. At the assumed architecture
the number of adjusted weigths was equal 325 and this number characterizes
also the Vapnik-Chervonenkis measure (VCdim). The number of training vec-
tors used in the experiments, equal 400, provides the number of training data
sufficient from the point of view of Vapnik-Chervonenkis measure of genera-
lization. The training of the network performed by NETTEACH has resulted
into optimal weights. The learning process has been performed until the value
of the error function dropped below 0.02. The number of training cycles did
not exceed the value of 540. Fig. 5 presents the results of testing the lear-

0.8

- target
- actua output

0.7
0.6
0.5r

041

x signals

031
02}

01

0

o B ®m % % % @ ® @
Fig. 5. The original and deconvolved cutes at the recall of the trained neural
network

ned network on the example of an exponentially damped, one pole sinusoidal
function. Although the network was never trained on the samples similar to
the applied input sequence, its response was almost perfect. Both curves, the
expected (dotted line) and actually obtained (solid line) coincide with each
other and confirm good generalization properties of the network.

5.2 Separation of convolutive mixtures of sources

The application of the principle of nonlinear deconvolution presented in the
previous section may be used in the signal separation problem. Instead of u-

14



nsupervised mode of training (for example Herault - Jutten approach (7 Jutten,
Nguyen, Dijkstra, Vittoz and Caelen, 19917)), the network is trained on the
samples of a known time series and then used in the recall mode to separate
any signals delivered to the input nodes.

The simplified model of convolutive mixtures of two sources is presented in
Fig. 6 ("Jutten et al., 19917). The transfer functions Aq2(z) and Asi(z) are of
a rational form. In this paper we have investigated more demanding IIR trans-

€]

Y

X, . Ve
Fig. 6. The model of the convolutive mixture of the signals

fer functions only. Instead of the unsupervised generalized Herault - Jutten

approach for deconvolution of signals, we propose the multilayer feedforward

neural network with one hidden layer. The structure of the neural network is

identical to that of previous experiment, with the input and output signals
X4 Y,

being the combination of both signals, and , respectively. The

X, Y,

learning pairs are now arranged as follows:

— the target sequences

] e ] [as) ]
x1(2) x1(3) x1(4)
c1(N1) c1(N1+1) c1(N1+2)
2 | | 2202) o 223) ’
x2(2) x2(3) x2(4)
22(N2) | [e2N241)| |e2(NV2+2) |
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~ the input sequences

y1(1) y1(2) y1(3)

y1(2) y1(3) y1(4)

y1(N1) yL(N1 +1) y1(N1 +2)

21 | | y202) 20) ’

y2(2) y2(3) y2(4)
y2(N2) | |w2AN2+1) | | y2(N2+2) ]

Once the network has been trained on the example of some chosen sequences,
it is ready to perform the deconvolution of any pairs of input sequences applied
at the input of the network.

In the numerical experiments, presented here, we have used the Butterworth
filter (transfer function A12(z)) in one branch and the Chebyshev filter (trans-
fer function As1(z)) in the second one, both of the third order. For the training
purposes the random sequence convolved with the sinusoidal signal have been
used. The length of the vectors Xy, X5, Y; and Yy have been assumed to be
10. The applied neural network architecture was 20-24-20. The total number
of optimized weigths of the net was equal to 1004 and the number of training
pairs (each of the length of 20) was assumed to be 400. Training of the network
using NETTEACH was a complex problem and required around 1200 learning
cycles and a few hours on PC486. The learning was continued until MSE drop-
ped below 0.1, at which the fitting of the learned curves was almost perfect.
After adjusting the weights of the network the generalization properties have
been checked by applying on the input of the trained neural network different
convolved sequences, corresponding to the unknown sources x; and z5. Fig. 7
and 8 present the results of separation of different types of sources, where the
solid lines represent the given curves and the dot lines - the actually obtained
ones. As it is seen the expected and actually obtained curves are close to each
other, especially if we take into account that the network was not trained on
them.

5.3 Identification of the nonlinear dynamic plant

The identification of the nonlinear dynamic plant is the task to construct a
model that displays the same input-output behaviour as the original system.
Once the nonlinear domain is entered the problem becomes more complex.
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