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Short-term Forecasting of Chaotic Time Series by Simple
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School of Science for Open and Environmental Systems, Keio University

Abstract
Recently, we have proposed a structure which uses directly past histories in Elman’s
recurrent neural network. It is shown that learning is accelerated using the structure. Data
in the previous work is periodic, so past histories are important for learning time series. In
this work, it is shown that the structure is also useful for chaotic data. Moreover, we employ
the cross entropy method for fast learning. Using our method, it is shown that learning speed
attains 130 times faster without making generalization ability worse compared with Elman’s

method.
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