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Abstract : Based on the transmutation of least square support vector machine (L SSVM) , an extremely fast and smple
classfier —direct support vector machine (DSV M) is proposed. Compared with L SSVM , the classfier only needs to
calculate the inverson of a smaller scale matrix, which greatly reduces the computing amount and has no decreasing
classfication accuracy. The inverson of the matrix is guaranteed theoretically, and hence a unique classifying
hyperplane is existed. For linear classfication, the ShermanMorrison-Woodbury formula is employed to reduce the
dimension of the matrix and the computing complexity is decreased, o that the classfier can be applied to larger scale
dataset. Numerical experiments show that the classfier is easly operated and has the above advantages.
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