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List of codecs

Codec Type Band-
width

Bit-
Rate
(kbps)

G.711A Waveform Narrow 64
MELP Parametric Narrow 2.4
AMR-
NB

Hybrid Narrow 4.40

AMR-
WB

Hybrid Wide 23.85

G.728 Hybrid Narrow 16
G.729A Hybrid Narrow 8
G.729B Hybrid Narrow 8
PCM Waveform Narrow 128
ADPCM Waveform Wide 32
GSM-
8k

Hybrid Narrow 13

SPEEX Hybrid Wide 27.8

Details
1 Kaldi toolkit [Povey et al. (2011)].

2 ASR metric: Phoneme Error Rate (PER)

3 Codecs source: IT-UT standards, SoX,
SPEEX.

4 0-gram language model.

Acoustic Modeling Techniques (AMT)

1 Monophone based GMM-HMM (MONO)

2 Context-dependent triphone based
GMM-HMM (CD-TRI)

3 The Subspace Gaussian models with
boosted Maximum Mutual Information
(SGMM)

4 DNN with DBN Pretraining (DNN-DP)

5 DNN with state-level MBR
(DNN-DP-sMBR)
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Question

What are the best acoustic models across all the AMTs for various
coded speech?

8 Candidate Models: G.711A, MELP, AMR-NB, AMR-WB, G.728,
G.729A, G.729B, PCM.

8 development and 8 test datasets.
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development sets.
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PER decreases with the improvements in the AMTs.

Matched condition performs best across all the AMTs.
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Tandem Encoding-Decoding

Question

How do the top five acoustic models perform across all the AMTs for
tandem coded speech?

6 Candidate models: G.711A, AMR-WB, G.728, G.729A, G.729B,
Cocktail.

6 blind test sets: Combinations of ADPCM, GSM-8k, SPEEX.
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The average (standard deviation) PER (%) for 6 acoustic models and 5 AMTs across six blind

test sets

Results
PER decreases with the improvements in the AMTs.

Least PER for G.711A based acoustic model.

Cocktail acoustic model is comparable to the matched condition.
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Conclusion

Summary

Conclusions

1 Studied the codec induced distortion on the ASR performance.

2 G.711A, a narrowband high bit rate codec, results in the best
ASR accuracy.

3 If the pool of tandem topologies are known a priori, cocktail
acoustic model could be used.

Future works

1 Effectiveness of the best performing models along with language
models.

2 Compensation of the codec induced distortions to aid ASR.
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Conclusion

THANK YOU
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