<k

TSR KR DL T E SR F R AT

R RBT FRAE ke FEREE IR

1. FREBEAE ER IR, Jba 100081;
t i#iflfEE, E-mail: zhaoyueso@muc.edu.cn

THE  HATR G NGRS PR R T IZ R, BARAF R BE R e e RS X A, HILELE
RHETCVE T A I i TR A - B T AR R O P 2 A AAE S o o SR, FA e A AU o 420 9 28 W7 LA phe b 1)
R EU R SRR AE AN B A 3 K A S A B R RN R A, IR BT DU B AL Si I MFCC R E R AT
GMM-HMM 72284, A SO FORHISURHE % e 5 MFCC (R S ) T i s 5 R M E & b, S
W, SR G RFE A T AT P Ao 446 I 4 I S O R B SR B 2 P ) R T

XA EOBRIPEIE: ESAET U RHNRA-BR D R R AL MURE ;s TR AR M 4%

FEZES TP391

Study on Continuous Speech Recognition based on Bottleneck Features for

Lhasa-Tibetan Dialect
ZHOU Nan!, ZHAO Yue" ', LI Yaogiang!, XU Xiaona!, CAIWANG Lamu!, WU Lichengt

1. School of Information Engineering, Minzu University of China, Beijing , 100081, China;

TCorresponding Author, E-mail: zhaoyueso@muc.edu.cn

Abstract At present, deep neural network has been widely used in speech recognition, although it has high
robustness and semantic distinction, but its posterior features cannot be used for GMM-HMM acoustic modeling
framework. However, the neural network with a narrow bottleneck can solve this problem, and its bottleneck features
not only have long term context-dependence and compact representation of speech signal, but also can replace the
traditional MFCC features for GMM-HMM acoustic modeling. In this paper, we study on applying bottleneck features
and its concatenated features with MFCC into Lhasa-Tibetan continuous speech recognition. The experimental results
show that the concatenated features of bottleneck features and MFCC achieved better performance than the posterior
features of deep neural network and mono-bottleneck features.
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Fig.1 BN-DNN Composition structure diagram
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Fig.2 Extraction of concatenated bottleneck feature
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Fig.3 The syllable structure of Tibetan language
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Table 1 Lhasa-Tibetan dialect phonemes and Latin Transliteration table
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Fig.4 GMM-HMM Model
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Table 2 Recognition results of models
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