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# 1: VAE & MPVAE O4 5 ~)UIZxd B & DOEY.

Accuracy
VAE 82.02%
MPVAE(z1) 81.87%
MPVAE(z2) 82.09%
MPVAE(z1+22) | 83.02%
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# 2. B-VAE & B-MPVAE O%& 5 ~)LIZHT 5 ACC DL L2 T AT VT 5

ACC D4,

shape scale orientation posX posY mean

B-VAE 55.19% | 46.97% 7.37% 47.49% | 38.52% | 39.11%

B-MPVAE(z1=3) | 40.75% | 22.40% 3.37% 5.54% 7.24% 15.86%

B-MPVAE(z2=9) | 60.70% | 46.73% 8.91.% 72.07.% | 69.73% | 51.63%

B-MPVAE(z142z2) | 63.10% | 47.02% 8.86% 72.37% | 69.75% | 52.22%
%E%j[fﬁjﬁ Generative adversarial nets. In Advances in neu-
ral information processing systems, pp. 2672—
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