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Abstract The authors put forward a new SVM -GMM m ixed model to mprove the recognition rate of a speaker verification system

in the paper Support vectormachines (SVM ) and Gaussian m ixture model (GMM ) are widely applied to speaker verification. but

they both have disadvantages The new approach for speaker verification presented is based on their features The novel model intro-

duces the output of Gaussian m ixture model to support vectormachines n owder to adjust the probabilistic output of the support vector of

machines It can camplement support vector machines with probabilistic mformation The experments show that SVM -GMM m ixture

model can effectively enhance the recognition rate of a speaker verification system-
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