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Abstract

In this paper, we proposed an indirect learning and di-
rect adaptive control schemes using neural networks, i.e.
composite adaptive neural control, for a class of continuy-
ous nonlinear systems. With the indirect learning method,
the neural network learns the nonlinear basis of the system
inverse dynamics by a modified backpropagation learnng
rule. The basis spans the local vector space of inverse dy-
namics with the direct adaptation method when the indi-
rect learning result is within a prescribed error tolerance, as
such this method is closely related to the adaptive contro}
methods. Also hash addressing technique, similar to the
CMAC functional architecture, is introduced for partition-
ing netwok hidden nodes according to the system states,
so global neuro control properties can be organized by the
local ones. For uniform stablility, the sliding mode control
is introduced when the neural network has not sufficiently
learned the system dynamics. With proper assumptions
on the controlled system, global stability and tracking er-
ror convergence proof can be given. The performance of the
proposed control scheme is demonstrated with the simula-
tion results of a nonlinear system.
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& AHE3lglTh o] 719l & vle] 43D Geid4s] Ad, A2
Zlgo2 QYA Heg A (quantization)dte] segment
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= (Wg+WHd(z, W) +e + €f (9)
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2 — ke — kpé — oo — kyy eV

= (M - KTe (18)

v

It

A7lA e = x — x,2A Add$ 23t Gehhe, kT =
[ky kg« ko) p8 Laplace ¥ig=2ta o}, I(p) = p 4
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u=g(zl" —kTe) + f 2 Alg s A% A299 x5
4& % gol "t

e = —kTet+ (I-g7'g)a™+5'(f-f)  (19)
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