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Fig. 1 A flow of proposed speech synthesis system
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BEFT. ) bIIAL T AEET. (by RENED/ A
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Fig.2 Bidirectional LSTM speech synthesis system
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Fig. 3 CycleGAN training

Z 1 5 ik Adversarial
Loss, Identity-mapping Loss Z AW TZFEH I N 5.

Adversarial Loss Z f/MbE$ 5 Z & THES# Gxy
i, #lifiy EXHTERWTF—REELT S, —F
il s Dy (22 OB 2 RAIT S5 L TERE N
72F—Rey BRHTBLIICEEINS. WA
IZDOWTHEBKTH S. Adversarial Loss (Z#EFHHE
bz 28R 0H 0, WEPEREIC X2 EFE S
ZRESEIRD D 5.

Loss, Cycle-consistency

TR U

- 1186 —
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Fig. 4 Parameters used by synthesis
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3.2.2 Mel-Cepstral Distortion
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