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Structure Pruning of Dynamic Recurrent Neural Networks
Based on Evolutionary Computations
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ABSTRACT

This paper proposes a new method of the structure pruning of dynamic recurrent neural networks
(DRNN) using evolutionary computations. In general, evolutionary computations are population-based
search methods, therefore it is very useful when several different properties of neural networks need to
te optimized. In order to prune the structure of the DRNN in this paper, we used the evolutionary pro-
gramming that searches the structure and weight of the DRNN and evolution strategies which train the
weight of neuron and pruned the net structure. An addition or elimination of the hidden-layer's node of
the DRNN is decided by mutation probability. Its strategy is as follows, the node which has minimum
sum of input weights is eliminated and a node is added by predesignated probability function. In this
case, the weight is connected to the other nodes according to the probability in all cases which can in-
teract to the other nodes. The proposed pruning scheme is exemplified on the stabilization and position
control of the inverted-pendulum system and visual servoing of a robot manipulator and the ef-
fzctiveness of the proposed method is demonstrated by numerical simulations.
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