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Stability of Reinforcement Leaning Using a Gauss-Sigmoid Neural Network
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Abstract 0 Boyan has point out that the combination of reiforcement learning and sigmoid based neural
network sometimes leads instability of the learning. In this paper, it is proposed that a

gauss-sigmoid neural network, in which continuous input signals are put into a sigmoid based neural
network through a RBF network, is utilized for reinforcement learning. It is confirmed by a simulation
that the learning is faster and more stable when the gauss-sigmoid neural network is used than when

the sigmoid based neural network is used.
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