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1. Problems 3. RepMix Design 4. Experiments

Image Attribution is the process of detecting If an image Is synthetic,

Baseline Comparison

Raw images Perturbed

and If yes, which synthesizer generates that image.

.‘ _ e Table 1: Performance of RepMix and other baselines on a control set and Attribution88 test set
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* The needs of a new benchmark for model architecture attribution instead of
model instance attribution.
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