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5% Harmonic-Net++Z2R 3 2, XIVAXZ tbR
7783 =a— I Ra—XOANKEEE LTAL
st h [10], R WORLD Fi#&E ¢t
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Z CUXEk L 7= PitchSpeech TDaHii H 1T - 7z, Pitch-
Speech (& ITA 22— %21 324 X% B2 2 5HE Tt A
_EiF7- SpeedSpeech 2 D 85 LL e LTINERL, &
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Harmonic-Net+ (Fig. 1(a)) & HiFi-GAN I 2 D
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Thttps://github.com/mmorise/ita-corpus

2https://ast-astrec.nict.go.jp/release/speedspeech_ja_2022/
download.html

*Harmonic-Net++: Fundamental frequency controllable fast neural vocoder with mel-spectrogram in-
put. by SHIMIZU, Sota’?, OKAMOTO, Takuma?, TAKASHIMA, Ryoichi’, TAKIGUCHI, Tetsuya',
TODA, Tomoki®*? and KAWAI, Hisashi? (*Kobe Univ, ?NICT, *Nagoya Univ)
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fo prediction network

‘Without f, conversion
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network A, =1[5,4,3,4]
GCI in training D Upsampling n th
or ¥ T.Conv block
R, T.Conv block [5x]
fo in inference

’ Transposed conv

‘ WORLD features H
Excitation | T.Conv block [4x] | PDCNN l ]
generator ‘ log fo + vuv log fo + vuv
MRF lcep + BAP
T.Conv block [3x] [\ ™ melcep +
\/\ iR fo conversion
\/\/\ IS n+1th Harmonic-Net+
\ T.Conv block [4x] Y T.Conv block conditioned on mel-spectrogram
Harmonic waves ‘-

Conv

_[.%

Waveform

(a) Harmonic-Net+ generator network

Transposed conv
PDCNN

Harmonic-Net+
conditioned on melcep + BAP

‘Waveform Waveform

(b) Proposed Harmonic-Net++

Fig. 1 Network architectures of (a) Harmonic-Net+ generator and (b) Harmonic-Net++.
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XH 572, Multi-stream HiFi-GAN [11] THWS
N3, BERABT Yy T U IEEREBIC
E A L7z MS-Harmonic-Net++ %4253 %,
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120 XEFHMiC AWz, f, OFlEEEE 1.045, 0.56F
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ZHW, EEOK - & f, flEGRICE T 250D
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WX, BrA 14 20 Fig (RECITATION324.001
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Table 1 {IZE I D real-time factor (RTF) 2R3,
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& Harmonic-Net+ & [FIFEDHEZZEK L, £ D5
f#C HN-uSFGAN Z K& < k3 Z VR E il
Harmonic-Net+ ¥ Harmonic-Net+-+E i€ 71 &
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Table 1 Results of real time factors for feature ex-
traction and synthesis with an Intel Xeon 6152 CPU.

Model Feature extraction |Synthesis |Total
WORLD WORLD [Harvest] [0.12 0.71
HiFi-GAN WORLD [Harvest] |0.31 0.90
HN-uSFGAN WORLD [Harvest] [3.67 4.26
Harmonic-Net+ |[WORLD [Harvest] |0.65 1.24
Harmonic-Net+ ||[WORLD [DIO] 0.65 0.88
Harmonic-Net++||mel-spectrogram  |0.75 0.75

+MS mel-spectrogram |0.44 0.44
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