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Abstract :

flow to predict future signals from present signals. On the contrary, a bi-directional computing

Most studies on time series prediction have been used uni-directional computation

architecture, consisting of two mutually connected subnetworks for future and past prediction, is
adopted in this article and applied to several prediction tasks. Since the coupling effects between
the two subsystems promote the model’s ability, bi-directionalization of the computing architecture
makes it possible to improve its performance. Furthermore, in order to investigate the acquired signal
transformation, one of the famous chaotic time series proposed by Mackey and Glass is adopted. As
a result of computer simulations, it has been found experimentally that the future-past information

integration gives the bi-directional model an advantage over the uni-directional one.
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Fig.1 A bi-directional neural network model.
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Table 1  Results of computer simulations with the Mackey-Glass chaotic time series.

Bi-directional model Uni-direct. model | Uni-direct. model | Uni-direct. model

Prediction || future pred. past pred. (rate) |future pred. (rate) | future pred. (rate) | past pred. (rate)

index width system system system system (II) system

1 0.884 0.474  (10/10) 0.999 (10/10) 0.999 (10/10) 0.992 (10/10)

2 0.989 0.620  (10/10) 1.000 (10/10) 1.036 (9%10) 0.997 (10/10)

3 1.040 0.563  (6/10) 1.103 (1/10) 1.185 (3/10) 1.000 (10/19)

4 1.997 0.700 (%) 2.062 (9%10) 1.992 (9%10) 1.000 (10/10)

5 2.929 0.774 (%) 2.969 (9/10) 2.880 (9/10) 1.000 (10/10)

Note : “Future prediction system (II)” in the seventh column indicates the future prediction system

with 18 neurons in each hidden layer.
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(b) responses in the past prediction system

Fig.8 Responses of the input and the output neurons in the bi-directional neural network model (trial #1)

after 4,948-epoch training.
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Fig.9 Prediction quality with the trained networks
(trial #1) — future prediction mode.
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