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Abstract: The speaker recognition system using vector quantization works by describing the different characteristics of the speaker’ s speech
features. When the number of speakers are large and training speech length is short the recognition rate of the system is not high.For the mod-
el is usually trained under the condition of pure speech the performance of the system will be poor when it is used in the actual environment.
In order to improve the recognition performance of the system we propose a method of speech recognition based on the combination of Au-
toEncoder deep belief network and vector quantization.It adopts the deep belief network to model and learn for speech data so speaker’s per—
sonality characteristics in speech can be better captured when the speech length is short.In the meantime it structures AutoEncoder deep belief
network which is effective on noise filtering for noisy speech data.The experiment show that the proposed method can improve the recogni—
tion rate greatly when there is only a small amount of speaker training data and speech is noisy.
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