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Abstract State-of-the-art speech recognition systems often depend on a lot of training data, but
perform poorly when limited data is available. In this paper, we study speech recognition systems
under low-resource condition. The subspace Gaussian mixture (SGMM) model is first applied to
reduce the number of parameters. The model is further enhanced by discriminative training based on
maximum mutual information criterion. The bottleneck features based on deep neural networks are
then studied to make robust feature extraction. The SGMM model and the bottleneck features are

finally combined to produce a novel speech recognition system under low-resource condition. On the
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standard OpenKWS 2013 evaluation corpus, experimental results show the combination of the two

technologies brings substantial relative improvement of about 12% over the baseline system.
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Table 4 Performance of SGMM system on Vietnam

speech recognition under low-resource condition
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Table 5 Performance of Vietnam speech recognition

based on DNN under low-resource condition
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