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Abstract
dependence and compact representation of speech signal, but also can replace the traditional MFCC features for

The bottleneck features extracted from deep neural network not only have long term context-

GMM-HMM acoustic modeling. The authors apply bottleneck features and their concatenated features with MFCC
into Lhasa-Tibetan continuous speech recognition. The experiments in Lhasa-Tibetan continuous speech recog-
nition show that the concatenated features of bottleneck features and MFCC achieve 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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Table 1 Lhasa-Tibetan dialect phonemes and Latin Transliteration table

IPA BT HE IPA BT HE IPA BT HE IPA L THE IPA PTHE
c gy nc jy o ky h h a: %
s hr j y nk gh K" g
1 1 $ lh m m n n i ng
n ny p p mp bh p" b r r
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(%} f o: fw i i i? ib 7 il
i jw o o o: ow u u u uw
y: yw y? yb y yu s s

il TPA J& E PR 45 International Phonetic Alphabet (K455 .
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Table 2 Recognition results of models
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Fig.4 GMM-HMM Model
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