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Abstract- Recently RBF(Radial Basis Function)-based networks have been widely used because they can learn a strong non-linear
function faster and more easily by their local learning characteristics. However, it has no hidden units that can represent some
global information. Accordingly even if the knowledge obtained through the previous sets of learning is utilized effectively in the
present learning, the network has to learn from scratch. Then the present paper proposes a Gauss-Sigmoid neural network for
learning with continuous input signals. The input signals are put into a RBF network, and then the outputs of RBF network are put
into a sigmoid-based multi-layered neural network. After learning based on back-propagation, the localized signals by the RBF
network are integrated and an appropriate space for the given learning is reconstructed in the hidden layer of the sigmoid-based neural
network. The advantage was examined by the simulation of a supervised learning task that requires a discontinuous mapping. Itis
also confirmed that the Gauss-Sigmoid neural network shows better performance than sigmoid-based neural networks in the

reinforcement learning task in which instability was shown when the sigmoid-based neural network was utilized.

Keywords- RBF 0 0 00 00, Gaussiansoft-max OO0 0000, sigmoidbased DO D ODO0OOO,
Gausssigmoid D OO0 O0OODOO, 00O, 0000.
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Fig. 1 RBF network and Gauss-Sigmoid neural network.
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Fig. 2 An example which indicates the extrapolation ability
of Gaussian soft-max network in two dimensions of
input space using 4 RBF units.

YA QO : Gaussian unit

region A
Al| A2 | A3| training_ =1
O 0|0/ signa
O|0|0 g

X

region B
B1) B2 | B3 t(aining__l

signal
trained not trained

Fig. 3 An example case in which the generaization is not
effective in Gaussian soft-max network.
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Fig. 4  Comparison of the learning curves between some

networks.  Gauss-Sigmoid NN with 36 RBF units
learns fast and realize the best approximation.
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Fig. 5 Comparison of the output distribution after learning. The RBF-based networks cannot approximate correctly only by the
learning of two input patterns because it does not have internal representation.
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Fig. 8 Comparison of the learning curve in the hill-car task.
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