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Abstract SVM has been widely used in statistical classification and regression analysis, With the rapid development of
Internet of Things, SVM algorithms in various applications often need to address the challenges in the rapid processing
of large amounts of data. Firstly, this paper studied SVM algorithm parallelization and proposed a parallel CUDA-based
SVM algorithm scheme, and then further researched the massive data processing, raised a massive parallel data proces-

sing program. Finally, the performance of the parallel algorithm was compared via the experimental analysis comparing.
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