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Incremental Learning with Support Vector Regression

ZHANG Yifan FENG Aimin ZHANG Zheng-lin
(College of Computer Science and Technology, Nanjing University of Aeronautics and Astronautics, Nanjing 210016, China)

Abstract In view of costly time-space complexity for support vector regression in dealing with large scale data, this pa-
per presented a novel algorithm named the L Incremental v Support Vector Regression (LISVR) by means of incremen-
tal learning, LISVR eliminates non-support vectors each iteration and then takes the support vectors as the training
samples with the weight factor. It reduces time-space complexity and enhances the regression results simultaneously.

Theoretically, this paper proved the convergence of the global optimal solution. The experiments on the artificial data

sets, UCI data set and airport noises show the effectiveness of the LISVR.
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BRI KR B, BREATBRBEARBA IR
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