3-P-20

RINZARAL
OUIFHIE 2, FATIE?, FEE—,

BEHUIBITZ7 74 X 7ot
RERM 2, EHEd

FEESE 2, e 2

(RE R, 2 RIS, © AR

1 LIS

AR, FEZAH (Voice Conversion: VC) i [1]
DREREL, REO7 7V r—rayTHHwLRT
W5, Kz, FECEIGERE (Non-AR) O RANEZE
#4 (Sequence-to-Sequence:S2S) €7 /L [2] 1X, Cycle-
GAN B] REEZR—RE LT L =N, T —A
HREEY, FHECHEELHIE TR, amERLfz

ERTCHREIC L7z, Non-AR S2S E7 WV 2¥E T 57
DITIE, V—AFBEER X —7y MEEEHREO T
FARXY MRENT 208N D 5. Fastspeech2 [4] %
BT VC ET AL LT FS2-VC TRALREE L
JZARETADHENNOT FA4 XY M RERT 5. L
L, ARETNLDT 74 X2 FDREESLHNZ AR £
FAEFZETZNEND 27 DRSS S, Mono-
tonic alignment search (MAS) [5] %\ % Align-
ment module ZfffH 32 Z & THEEETNLOEE L[H
RRC7 94 X v ¥ TcE 32702 LT, JETS-

C [6] ® AAS-VC [7] R DR S 7z, MAS Tid
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Fig. 1 Network architectures of (a) FS2-VC-MAS and (b) MAS.
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