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Acoustic Model Construction Method Based on Bottleneck Compound Feature

ZHENG Wenxiu,ZHAO Junyi, WEN Xinyi, YAO Yindi

(School of Communication and Information Engineering, Xi’ an University of Posts and Telecommunications,Xi’ an 710121, China)

[ Abstract] The Mel-Frequency Cepstral Coefficient ( MFCC) speech features cannot effectively reflect the effective
information between/consecutive frames. To address the problem , this paper uses deep neural network to extract bottleneck
features with long-term correlation and compactness of speech,and on this basis proposes a compound feature construction
method that combines the neural network bottleneck features and the MFCC feature, so as to improve the speech
characterization and modeling capabilities. The MFCC feature is extracted from the speech data as the input, and then
concatenated with the BN feature to obtain a new compound feature. On this basis the acoustic modeling of Mixture
Model-Hidden Markov Model (GMM-HMM ) is implemented. Experimental results on the TIMIT database show that
compared with the methods based on the single bottleneck feature and deep neural network posterior feature,the proposed
method can significantly increases the recognition rate.

[ Key words] Deep Neural Networks ( DNN) ; Mel-Frequency Cepstral Coefficient ( MFCC ) ; bottleneck feature;
compound feature ; Gaussian Mixture Model-Hidden Markov Model( GMM-HMM )
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Fig.3 / Training procedure of compound features
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Table 1
acoustic models with different numbers of neurons %

Performance comparison of composund features

Sy EZPTvga e i R R
256_BN + MFCC-GMM-HMM_39 15.46
512_BN + MFCC-GMM-HMM_39 14.38
1 024_BN + MFCC-GMM-HMM_39 13.75
2 048_BN + MFCC-GMM-HMM_39 13.87
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Table 2 Performance comparison of composund

acoustic models of different BN layers %
BN JZ i e~ 8 T R
1 024_BN + MFCC-GMM-HMM_20 13.86
1 024_BN + MFCC-GMM-HMM _30 13.81
1 024_BN + MFCC-GMM-HMM_39 13.75
1 024_BN + MFCC-GMM-HMM _50 13.82
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Table 3 Word error rate recognized by

different models %
AL 5 TR
MFCC-GMM-HMM 19.38
1 024_DNN-HMM 17.31
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