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Multi-Scale Least Squares Support Vector Machine for Time
Series Forecasting
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Abstract ; Least squares support vector machine achieves faster speed at the cost of loosing the sparseness. A new method, called multi-
scale sparse least squares support vector machine, was proposed to obtain the sparseness and interpretability. It was the very core of this
method that the multi—scale decomposition, modeling for the sub-systems and the integration is achieved adaptively. The multi-scale
decomposition for the original data was obtained by wavelet packet and the correlations among these scales are obtained by the way of
learning using multi—scale sparse least square support vector machine. Experiments in time series prediction demonstrate that multi—scale
sparse least squares support vector machine can achieve excellent performance and sparseness at one time. In addition, the effect of dif-
ferent scales for the output can be achieved. It improves the interpretability and gives another way for model evaluation.
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