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Abstract: One of the authors has proposed a simple learning algorithm for recurrent neural
networks, which requires computational cost and memory capacity in a practical order O(n®)[1]. The
algorithm was formulated in the continuous time domain, and it was shown that a sequential NAND
problem was successfully learned by the algorithm. In this paper, the authors name the learning
“Practical Recurrent Learning (PRL)”, and the learning algorithm is simplified and converted in the
discrete time domain for simplicity. It is shown that sequential 3-bit parity problem as non
linearly-separable problem can be learned by PRL even though the learning performance is often
inferior to BPTT that is one of the most popular learning algorithms for recurrent neural networks.
Furthermore, the output of each neuron is observed in the learning process and the character of PRL

is shown.
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Fig.2 The example of the variable rj(t) transition.
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Table 1 Timing of inputs and the training signal of one pattern.

Table 2 The comparison result of learning success rate and

average number of iterations.

Timet | 0 0~4 5 6~14 15 16~20 20
Inputl | 1 0 0 0 0 0 training
Input2 | 0 0 0,1 0 0 0 signal is
Input3 | 0 0 0 0 0,1 0 given
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Learning Learning Learning Average number of
rate rate for success rate iterations
feedba_ck (/100times)
connections PRL BPTT PRL BPTT
1 0.001 75 100 133003 17494
0.003 81 100 119909 11393
0.01 62 100 107270 7929
0.03 26 96 119020 7710
0.1 30 1 108248 6033
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Fig.3 The transition of output in PRL and BPTT method.
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Fig.4 Connection weight from hidden neuron to output
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Fig.5 Output of hidden neurons when t=5
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Fig.6 Connection weight from input 1,2,3,4 to hidden20.
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Fig.7 The value of variable r from input 1,2,3,4 to hidden 20
in the case of PRL.
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