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Abstract - In this paper we present, following the Lainiotis
multi-partitioning control methodology, a new class of neural
networks based controllers. Moreover we investigate the perfor-
mance of the new class of controllers by extenslve simulations for
the case of linear and nonlinear problems. The results show that
the new controllers have excellent performance, achieving signif-
icant computational savings due to their massively parallel struc-
ture.

I. INTRODUCTION

In recent years, there has been a growing interest in the
understanding of the adaptive control problem [1]. This is a
problem of major theoretical as well as practical importance.
In many practical design situations, the designer does not have
at his disposal sufficient data to derive a complete mathemati-
cal model of the process he endeavors to control. Instead,
uncertainty may exist with respect to certain parameters in the
system description. Such systems have been termed “adap-
tive” in order to emphasize the uncertainty in the process
description. The control problem for such a system becomes
more difficult because the control input that minimizes the
performance criterion, may be functionally dependent on the
undetermined parameters. Various algorithms have been pro-
posed in the past to solve the adaptive control problem.
Among them the most notable the various Multi-partitioning
Adaptive Controls (MACs) introduced and studied by Laini-
otis [2]-[13].

Recently, neural networks [14],[15] have been applied to
linear and nonlinear control problems [17]-[19]. The applica-
tion of neural networks to the control problem is due to the
fact and mainly because they do not require a-priori know!-
edge of the model. Instead in contrast to previous methodolo-
gies, neural network controllers are trained rather than
designed by measurements and desired output pairs. As such,
neural network controls can be “designed” whether a dynami-
cal model is known or not. In many important control applica-
tions dynamical models of the underlying process are known
from physical considerations with uncertainty to specific
parameter values. In this paper we present, following the
multi-partitioning approach of Lainiotis, a new class of neural
network based multi-partitioning controllers. Moreover we
investigate the performance of this multi-partitioning neural
controllers by extensive simulations for the case of linear and
nonlinear problems.
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In the following section the neural algorithms and the con-
figuration of the networks are discussed. Simulation results
for linear and nonlinear models are provided in section III.
Finally, section IV summarizes the results of this work.

II. ADAPTIVE SYSTEM

In general,the state space model for an adaptive stochastic
nonlinear system in discrete time has the following form

x(k+1) = f(kx(k), u(k),0(k), w(k)) 0}
z(k) = h(kx(k),0(k),v(K) 2

where

x(k) is the n dimensional state of the system which the ini-
tial value x(0) is coming from a known probability den-
sity function

u(k) is the system’s deterministic input vector

z(k) is the system’s output vector (measurement)

f0, h() are in general arbitrary non linear functions

w(k), v(k) represent modelling errors and stochastic distur-
bances and usually assumed white Gaussian noises.

0 (k) is the unknown parameter vector, that summarizes the
uncertainty in the above system

The objective for the control designer in a system described
by equations (1)-(2) is to identify the system dynamics by a

neural estimator, and control it to track a state command sig-
nal x (k) using a per step quadratic performance index:

J(k) = E(Ux(k) +Ju(k)) 3)

Jx(k) = (x(k) —Z(K)) ‘A, (x (k) -%(K)) @

Ju(k) = (u(k-1) —a(k=1))'B,_, (u(k—1) - (k-1)) (5)

where E() denotes the mathematical expectation, and A,B
are symmetric positive definite weighting matrices, and Z (k) ,
X (k) are the desired control and state respectively.
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From the above state space model it can be seen that in a
discrete adaptive system there are two mapping for a neural
network to identify. One is the mapping f() which maps the
past system state and the inputs (deterministic and stochastic)
to the new state x(k+1). The second is mapping h(Q) which
transforms the state x(k) into the measurable output z(k).

HI. NEURAL CONTROLLER

The definition of the performance index implies that we
have to choose a control strategy such that the distance
between the actual and the desired trajectories decreases.
When multilayer perceptrons are used, the gradient descent
methodology is used to obtain the control law. The chain rule
is then used to calculate the impact of the control signal u on
the performance index J. The problem associated with this
approach is that the influence of the control input on the state
of the system is difficult to be determined analytically for arbi-
trary plants with unknown elements in the state space model.
In the bulk of the literature [17]-{19],a suboptimal approach is
used to identify the plant dynamics in the presence of
unknown parameters. The so called neural identifier is used to
compute an estimate of the systems state when the current
state and inputs are given. In the sequel the impact of the input
on the succeeding state is realized by applying the well known
backpropagation rule in a multilayer perceptron.

In this work, the partition methodology [2]-[11], [12]-[13]
of Lainiotis allow us to condition the plant on different values
of the unknown parameters in the model. In this way the
impact of the control signal can be calculated explicitly
through the actual plant model. Having determined the impact
of the control signal on the performance index the next step is
to calculate the control input u. It is assumed that the control
input is computed by a feed forward neural network, and mod-
ifications of the control signal can be obtained by modifying
the weights of a multilayer perceptron which we call neural
controller. Following the partitioning approach several neural
controllers are trained independently using different variations
of the actual adaptive model. Each one of the networks trained
with data pairs obtained using different parameter vectors
6 (k) in the nonlinear system that generates the data. Due to
this training methodology each network converges to a differ-
ent solution. When the training is over, a bank of different
neural controllers is available to be applied to the solution of
the problem. In the mean time another set of multilayer per-
ceptrons are used to provide one step ahead predictions of the
systems measurements [15],{20]-[22]. These neural emulators
are used to predict the succeeding measurement of the plant,
when the current state and control input are given. In the
actual operation phase a nonlinear selection mechanism is
used. The adaptive algorithm compares residuals between true
and predicted measurements to identify at every time instant

which neural controller minimizes the performance index.

The adaptive neural methodotogy described above uses the
Lainiotis partitioning theorem (3),{4], and it is an extension of
the Multi-partitioning Adaptive Lainiotis Control to neural
networks [2]-[13]. In this case however, a bank of trained
multi-partitioning neural controllers are used.The adaptive
neural control scheme integrates the robustness of the neural
controller with the effectiveness and attractiveness of the par-
titioning theory. In the next section simulation studies were
carried out to test the effectiveness of the new methodology.
To examine the feasibility of the adaptive neural scheme the
algorithm is used to provide solutions in a series of linear and
nonlinear problems. Moreover a comparison with the optimal
control when the parameters that specify the model is com-
pletely known is also provided.

Simulation I

In this first example a linear state space model with
unknown parameters is considered. It is assumed that two dif-
ferent variations of the model can be obtained using different
values for the parameter vector. More specific the equations of
the models are:

Model 1
x(k+1) = 0.6x(k) +0.5u (k) +w(k) (6)
z(k) = x (k) +v (k) ¢)]

Model 2
x(k+1) = 09x(k) +0.2u (k) +w (k) 8
z (k) = x(k) +v (k) 9

where w(k), v(k) are white Gaussian noises with variances
0.25 and 0.04 respectively and x(0) is considered Gaussian
with mean value 0.5 and variance 0.25.

The performance index to be minimized is given be the fol-
lowing equation:

J(K) = 1022 (k) +u® (k-1) 10)
In this experiment it is assumed that the actual model is Model
1. Following the adaptive neural algorithm discussed in sec-
tion IT a neural controller called matched neural controller is
trained using the correct Model 1, and another one called mis-
matched neural controller is trained using the erroneous
Model 2 and training data generated by it.Moreover one neu-
ral predictor is trained to provide one step ahead predictions
of the Model 1, and another one is trained to predict the mea-
surements of Model 2. In the actual. implementation phase the
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adaptive scheme selects the appropriate control law that satis-
fies the criterion of eq. (10). The resulting controller is called
adaptive neural controller. In order to justify the performance
of the proposed adaptive methodology a comparison with the
optimal controller is made. More specific, we compare the
neural controllers with the optimal statistical control obtained
using the linear separation theorem [2]-[13]. However, it must
be noted that if the model parameters are unknown, the opti-
mal stochastic controller cannot be designed and imple-
mented. In other words it is inaccessible to the designer.

The configuration of the neural controller as well as that of the
neural emulator is summarized below:

A. Neural controller

network topology:
« three input nodes: the current and the previous measure-
ments, and the previous control are used as input signals
« one output node: the control input for the next step.
» two hidden layers with 4-4 hidden nodes respectively.
learning parameters:
* learning rate: 0.1, momentum: 0.2
training procedure:
+ backpropagation training algorithm.
* the target vector during training is the desired control sig-
nal as specified from the performance index.
» the network tries to minimize the square error between
the current output and the target vector.
« each training set consists of S0 input/output pairs.
« the training procedure is terminated if the training error
tolerance is less than 0.01 or if the number of iterations
of the training set is more than 500.
« running each one of the candidate model a different train-
ing data set is obtained
s the test data record is generated using the Mode! 1,and
the control signal produced by the adaptive algorithm.

B. Neural emulator

network topology:
s two input nodes: the current and the previous measure-
ments are used as input signals.
« one output node: the one step ahead estimate of the mea-
surement.
« two hidden layers with 5-2 hidden nodes respectively
leaming parameters:
* learning rate: 0.1, momentum: 0.2
training procedure:
« backpropagation training algorithm.
+ the target vector during training is the actual measure-
ment which is generated running the equations of one
model.
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+ the network tries to minimize the square error between
the current output and the target vector.

» each training set consists of 50 input/output pairs.

« the training procedure is terminated if the training error
tolerance is less than 0.01 or if the number of iterations
of the training set is more than 1000.

The stability of the dynamics must be also known a priori,
and a training set must be carefully selected so all the impor-
tant nodes of the system are persistently excited.

Since there is no theoretical analysis to justify the perfor-
mance of the neural controller Monte Carlo techniques are
used to verify the controllers. The figure of merit used to com-
pare performance is the quadratic index of eq. 10 averaged
over 250 MC runs. Samples of the simulation results are
shown in Fig. 1-3.

Simulation II

To demonstrate the effectiveness of the propose methodol-
ogy we repeat the experiment using this time a nonlinear
adaptive state space model. The model has a partially known
plant equation and a nonlinear measurement equation. It is
assumed that two different variations of the model can be
obtained using different values for the parameter vector. More
specific the equations of the models are:

Model 1
x(k+1) = 0.6x(k) +0.5u (k) +w (k) (11)
2(k) = x(k) —0.12 (k) +v (k) (12)

Model 2
x(k+1) = 09x(k) +0.2u (k) +w (k) (13)
2(k) = x(k) + 0252 (k) +v (k) (14)

where w(k), v(k) are white Gaussian noises with variances
0.25 and 0.04 respectively and x(0) is considered Gaussian
with mean value 0.5 and variance 0.25. Once again the actual
model is Model 1 and the performance index to be minimized
is given in eq. (10). The configuration for the neural control-
lers and emulators is identical to that of Simulation I The
results of this experiment are summarized in Fig. 4-6.

Simulation III
In this last example a nonlinear state space model with

unknown parameters is considered again. It is assumed that
two different variations of the model can be obtained using



different values for the parameter vector. More specific the
equations of the models are:

Model 1
x(k+1) = 0.6x(k) + (-0.05) X (k) +0.5u(k) +w (k) (15)
z(k) = x(k) +v (k) (16)

Model 2
x(k+1) = 09x(k) +0.01x> (k) +02u(k) +w(k)  (17)
z(k) = x(k) +v (k) (18)

where w(k), v(k) are white Gaussian noises with variances
0.25 and 0.04 respectively and x(0) is considered Gaussian
with mean value 0.5 and variance 0.25. The performance
index to be minimized is the same as the previous two simula-
tions. The results from this last experiment are given in Fig. 7-
9.

IV. CONCLUSIONS

The problem of adaptive control via neural networks was
addressed in this paper. A new class of adaptive neural con-
trollers was proposed and applied in linear and nonlinear
problems. The neural controller provides reliable and consis-
tent solutions to the problem of controlling the state of a sto-
chastic model.The multipartitioning adaptive algorithm
successfully detected the actual data generation model, and
selected the appropriate trained neural controller. More over
the neural controller with its capability to provide accurate
solutions, and its massively parallel structure and high speed,
constitutes a new promising tool in systems theory.
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