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Abstract

We proposed an auto-tuning method of learning rate for performance improvement of
backpropagation algorithm. Proposed method is used a fuzzy logic system for automatic tuning of
learning rate. Instead of choosing a fixed learning rate, the fuzzy logic system is used to dynamically
adjust learning rate. The inputs of fuzzy logic system are Jand 4 and the output is the learning
rate. In order to verify the effectiveness of the proposed method, we performed simulations on a
N-parity problem, function approximation, and Arabic numerals classification. The results show that
the proposed method has considerably improved the performance compared to the backpropagation,
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the backpropagation with momentum, and the Jacobs’ delta-bar-delta.

Key Words : neural network; backpropagation; fuzzy logic system; delta-bar-delta; learning rate.
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Table 1. Fuzzy control rules.
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Table 3. The simulation result of the N=2

A
A Simulations | Successes verage
Epochs
BP 100 7 387323
BP with momentum 100 & 1297.35
Delta-bar-Delta 100 87 2711.02
Proposed method 100 100 14734
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Fig. 7. The sum squared error curves.
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Table 5. The simulation result of the N=b.

A
ahgubA] Simulations | Successes verage
Epochs
BP 100 76 4830.11
BP with momentum 100 & 157463
Delta-bar-Delta 100 2 72909
Proposed method 100 100 2315
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