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Experimental results
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C) Visual results

Challenges Target
Domain

- Target domain is unsupervised ]
- Domain gap between the source and target datasets Testlng

! ! Target
Cross-domain consistency Domain

Input images Ground truth  Ours w/o L gpsis

Consistency
Loss

1

Source domain Target domain

Images of Segmentation .
different styles networks Input images Ground truth Ours W/0 L.qpsis Ours inputimages ~ Ground truth

Predictions

Ground truth  Ours w/o L, ,sis Ours



