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Abstract

Pi-Sigma neural network is a feedforward neural network with summation neurons in hidden
layer and quadrature neurons in output layer, which has strong nonlinear mapping ability. Adding
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regular terms to the error function is a common optimization method for neural networks. Com-
pared with the traditional L; and L1/, regular terms, the Group Lasso regular terms can eliminate
unnecessary weights at the group level and have a good sparse effect. As is known to all, there are
two learning methods for weight update using gradient method: one is batch learning algorithm;
the other is online learning algorithm. This paper proposes an online gradient learning algorithm
with Group Lasso regularized terms to train Pi-Sigma neural networks. Finally, numerical results
show that the improved algorithm converges faster and has better generalization performance.
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Figure 1. Structure diagram of Pi-Sigma neural network
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Figure 2. Algorithm approximation diagram with L, regular term
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Figure 3. Algorithm approximation diagram with L, regular term
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Figure 4. Algorithm approximation diagram with Group Lasso regular term
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Figure 5. Error function diagram of three algorithms
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Figure 6. Norm of gradient graph of three algorithms
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