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Influence of Weights of Mutual Coupling Part in Supervised Learning
of Recurrent Neural Networks using BPWT

Kazuma Yamamoto and Katsunari Shibata, Oita University

Abstract: BPTT is the most popular learning method for recurrent neural networks, but it is so
impractical that it has to trace back to the past for learning. BPWT (Back Propagation With Time) is
an alternative to solve this problem. By introducing the causality traces that hold past important inputs,
learning can be done using the error signals that propagate backward with time without interrupting the
flow of time. However, it was observed that the learning performance of BPWT becomes worse when

the self-feedback connection weights are decided randomly instead of setting a positive value.

Then

the two cases were compared referring to the case of BPTT, it was found that the hidden neurons’
outputs fluctuate frequently and the traces cannot represent the past input signals appropriately when

the self-feedback weights are decided randomly.
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(c¢) Error (backward) signal flow in BPWT

Fig. 1 The difference in propagation of error signal
between BPTT and BPWT
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Fig. 2 Learning of sequential EXOR using a RNN
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Table 1 Parameters used for learning

Random | Self FB(+)
number of neurons .
in each layer (input) 2-3-1 (output)
learning rate BPTT 3.0 10.0
(hidden - output)| BPWT 3.0 30.0
learning rate BPTT 3.0 1.0
(input - hidden) | BPWT 5.0 0.1
learning rate BPTT 3.0 0.1
(hidden - hidden)] BPWT 5.0 0.01
initial connection O
weight (self FB) rand[-2.0,2.0] 4.5
initial connection
weight (the others) rand[-2.0,2.0]

O
Table 2 The comparison of the rate of successful learn-
ing and average number of iterations for the success

Random | Self FB(+)
number of BPTT 129 176
successful learning | BPWT 41 173
average number BPTT 802 391
of iterations BPWT 1261 704
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Fig. 3 The change of Awéhz) for the input pattern [1, 1]
in the 1st episode
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Fig. 4 The temporal change of error signal 5:5? for the
input pattern [1,1] in the 1st episode
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Fig. 5 The temporal change of output x;}ft), causality

trace cgfit for the input pattern [1, 1] in the 1st episode
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