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Learning Rules for Multi-timescale Recurrent Neural Networks
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Time series data, such as natural language text and music data, often have multiple time-scales. The conventional recurrent

neural networks can deal in time series but it is difficult to capture long term patterns because stocastic gradient descent
algorithms cannot propagate errors properly through long time gaps. In this study, we propose a hybrid method for time
series analysis using the reservoir computing and deep learning algorithms. We conducted experiments in a learning time

series which has multiple time-scales and showed our layered architecture can improve performances for these data.
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2.1 Reservoir Computing
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