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o We start with any subject-driven generation dataset.

o We visually alter (inpaint) specific parts of the subject in a controlled manner to mimic visual
Inconsistency.

e This produces image pairs with known visually consistent and inconsistent regions.

e We start by matching points semantically.
e For the semantically matched points, we compute the ratio of
visally matched points.
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e We use two trainable aggregation networks to extract semantic and visual features. VM :0.850 VH  i0.850 Vn  50.850
e Using our dataset, we pull together the features of visually similar regions and push apart 2
the features of altered regions. ) | e
0.2

e This produces representations that are sensitive to visual changes.



