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(a) sparse—fine densification

(b) super resolution

(c) Real mask & image
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Task Loss FID | accu | mloU
synthesis - 62.9
157.7 | 68.5 | 39.4
sparse—fine CE+VGG+L1 | 68.4 | 86.5 | 52.2
densification CE 70.7 | 86.1 | 42.1
CE+ VGG 71.1 | 85.8 | 37.9
CE+L1 68.2 | 86.2 | 44.3
- 78.1 | 84.2 | 57.6
super— CE+VGG+L1 | 65.4 | 93.8 | 65.2
resolution CE 69.2 | 93.3 | 69.5
CE+ VGG 65.5 | 93.7 | 65.1
CE+L1 66.4 | 93.7 | 70.6
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