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T% 5.
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P L7z, BARENICIE, JVS 2 =82 8] 8] D HAGE
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HEtz, i, RO, BEFHAENIGIE T 5.
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FFIXERNC 22.05kHZ IV > TV 7 LT -
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%bu ) ;Elnnna%OD%nﬁﬁ‘%B%g@g%unné% E[Z!S £
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x7-.

TTS €7 /W& FastSpeech2 [2]' TH D, Fa—XKiZ
¥EEA HIF-GAN 1P 2fEH L. AJI7F X b
¥, HAEEIX pyopenjtalk 3T, FEIX eSpeak NG*
ZHOWTERICEIL .

FEE I DIABDRICEL D 1% 256, GMM DIEEE
Kix3 L7 Fig. 3i1and B, HWEaEEE

Thttps://github.com/Wataru-Nakata/FastSpeech2-JSUT
2https://github.com/jik876/hifi-gan
Shttps://github.com/r9y9/pyopenjtalk
4nttps://github.com/espeak-ng/espeak-ng
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%Rﬁﬁx%&i, B AHIEIE H 2 oW T 5 BB 21T -
PEREFHECE —2 (ZMicz 2%) ~+2 (Bt
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%. Fig. 4 ¥ Fig. 513, Fig. 3b) I/R”d, MRS
B2 BAME Rl oFHEiRE R CTH 5. “Mid” 1346
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mid-attribute-speaker-generation
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