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ABSTRACT

The error back-propagation(BP) algorithm is
widely used for finding optimum weights of
rr;ulﬁ—layer neural networks. However, the critical
drawback of the BP algorithm is its slow
convergence of error. The major reason for this
slow convergence is the premature saturation
which is a phenomenon that the error of a
neural network stays almost constant for some
period time during learning. An inappropriate
selections of initial weights cause each neuron to
be trapped in the premature saturation state,
which brings in slow convergence speed of the
multi-layer neural network.

In this paper, to overcome the above problem,
Micro—Genetic  algorithms(ui—-GAs) which can
allow to find the near—optimal values, are used
to select the proper weights and slopes of
activation function of neurons. The effectiveness
of the proposed algorithms will be demonstrated
by some computer simulations of two d.o.f planar

robot manipulator.
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