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ABSTRACT

In this paper, we propose an i-vector based language recognition system to identify the spoken language of
the speaker, which uses multiple discriminative deep neural network (DNN) models analogous to the multi-class
support vector machine (SVM) classification system. The proposed model was trained and tested using the
i-vectors included in the NIST 2015 i-vector Machine Learning Challenge database, and shown to outperform the

conventional language recognition methods such as cosine distance, SVM and softmax NN classifier in open-set

experiments.
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