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Fig. 3 Result of real-time factors for inference by

increasing the number of CPU cores.

Table 1 Result of real-time factors for inference us-
ing an NVIDIA Tesla V100 or Intel Xeon 6152. (*)
denotes number of CPU cores or GPUs.

model RTF-CPU | RTF-GPU
WaveNet - 196 (1)
LPCNet 0.24 (1) | 0.22 (1)
Parallel WaveGAN | 0.41 (16) | 0.02 (1)
WaveGlow - 0.07 (1)
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