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HMM-based synthesis of singing voices using pitch adaptive training

Kercuro Oura, ™ Avamr Masg, ™! Yosurmiko Nankaku'!
and Kencur Tokupa !

In Hidden Markov Model (HMM)-based singing voice synthesis approach, the spec-
trum, excitation, and vibrato of singing voices are simultaneously modeled with context-
dependent HMMs and waveforms are generated from the HMMs themselves. HMM-based
singing voice synthesis systems are heavily based on the training data in performance be-
cause these systems are “corpus-based.” Therefore, pitches hardly ever appear in the train-
ing data cannot be well-trained. A technique using pitch-shifted pseudo-data is one solution
to this problem. However, there are various problems such as large computational costs.
Although data-level pitch normalization has also been proposed, there are still some other
problems such as the inconsistency between data and training. In this paper, we proposed
“pitch adaptive training” which make it possible to normalize pitch based on musical notes
in the training process. The experimental results demonstrated that the proposed technique
could alleviate the data sparsness problem.
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Fig. 1 The overview of the HMM-based singing voice synthesis system.
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Fig.2 The distribution of pitch in training data (10 songs).
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Fig.3 Comparison between data-level and model-level pitch normalization.
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Fig.4 Subjective evaluation results: 10 songs were used for training. The pitch range of the test songs was included in the

pitch range of the 10 training songs.
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Fig.5 Subjective evaluation results: 10 songs were used for training. The key of the test songs was transposed up to a half
octave.
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Fig.6 Subjective evaluation results: 60 songs were used for training. The pitch range of the test songs was included in the
pitch range of the 60 training songs.
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Fig.7 Log F\ sequences of synthesized singing voices.
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Table 1  Computation time for the HMM training.

oo oo ao0) 0o (60 0)
Baseline 900 150 8500 300
Conventional 2500 170 27300 580
Proposed 900 270 9300 000

© 2012 Information Processing Society of Japan



oooooooooo
IPSJ SIG Technical Report

o o o0 0

1) T.Yoshimura, K.Tokuda, T.Masuko, T.Kobayashi, and T.Kitamura, “Simultaneous Model-
ing of Spectrum, Pitch and Duration in HMM-based Speech Synthesis,” Proc.of Eurospeech,
pp-2347-2350, 1999.

2) J. Yamagishi, “Average-Voice-based Speech Synthesis,” Ph. D. thesis, Tokyo Institute of
Technology, 2006.

3) T.Yoshimura, K.Tokuda, T.Masuko, T.Kobayashi, and T.Kitamura, “Speaker Interpolation
in HMM-based Speech Synthesis System,” Proc.of Eurospeech, pp.2523-2526, 1997.

4) K.Shichiri, A.Sawabe, K.Tokuda, T.Masuko, T.Kobayashi, and T.Kitamura, “Eignvoices for
HMM-based Speech Synthesis,” Proc.of ICSLP, pp.1269-1272, 2002.

5) K.Oura, A.Mase, T.Yamada, S.Muto, Y.Nankaku, and K.Tokuda, “Recent Development
of the HMM-based Singing Voice Synthesis System — Sinsy,” Proc.of SSW7, pp.211-216,
2010.

6) A.Mase, K.Oura, Y.Nankaku, and K.Tokuda, “HMM-based Singing Voice Synthesis System
using Pitch-Shifted Pseudo Training Data,” Proc.of Interspeech, pp.845-848, 2010.

7) K.Saino, M.Tachibana, and H.Kenmochi, “An HMM-based singing style modeling system
for singing voice synthesizers,” Proc.of SSW7, pp.252-257, 2010.

8) K.Tokuda, T.Yoshimura, T.Masuko, T.Kobayashi, and T.Kitamura, “Speech Parameter Gen-
eration Algorithms for HMM-based Speech Synthesis,” Proc. of ICASSP, pp. 1315-1318,
2000.

9) S.Imai, “Cepstral Analysis Synthesis on the Mel Frequency Scale,” Proc.of ICASSP, pp.93—
96, 1983.

10) A.Kuramatsu, K. Takeda, Y. Sagisaka, S.Katagiri, H. Kawabara, and K. Shikano, “ATR
Japanese Speech Database as a Tool of Speech Recognition and Synthesis,” Speech Com-
munication, vol.9, pp.357-363, 1990.

11) K. Shinoda and T. Watanabe, “MDL-based Context-Dependent Subword Modeling for
Speech Recognition,” J.Acoust.Soc.Jpn.(E), vol.21, no.2, pp.79-86, 2000.

12) J.Yamagishi and T.Kobayashi, “Average-voice-based speech synthesis using HSMM-based
speaker adaptation and adaptive training,” Proc.of IEICE Trans., vol.E-90D, no.2, pp.533—
543, 2007.

13) H.Kawahara, M.K.Ikuyo, and A.Cheneigne, “Restructuring Speech Representations using
a Pitch-Adaptive Time-Frequency Smoothing and an Instantaneous-Frequency-based F Ex-
traction: Possible Role of a Repetitive Structure in Sounds,” Proc.of Speech Communication,
vol.27, pp.187-207, 1999.

14) K.Tokuda, T.Kobayashi, T.Chiba, and S.Imai, “Spectral Estimation of Speech by Mel-
Generalized Cepstral Analysis,” Proc.of IEICE Trans., vol.75-A, no.7, pp.1124—-1134, 1992.

15) H.Zen, T.Masuko, K. Tokuda, T. Kobayashi, and T. Kitamura, “A Hidden Semi-Markov

Vol.2012-MUS-94 No.15
Vol.2012-SLP-90 No.15
2012/2/4

Model-Based Speech Synthesis System,” Proc.of IEICE Trans., vol.90-D, no.5, pp.825-834,

2007.

© 2012 Information Processing Society of Japan



