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» GAN challenges to visual forensics due to its increasingly appealing quality. ~ Accuracy | Eigenface 5398 )
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> Model fingerprints: We define the model fingerprint per GAN instance as a reference vector, || — || corr( gl gy )
such that it consistently interacts with all its generated images. E.g., parameters of the final [ &xBx256 ] Les(I,y) = —log tm> ~ mod/_
fully-connected layer in an attribution classifier network. 03T ] Downsample  Res- CelebA LSUN > gey corr(Fi, o)
> Image fingerprints: We define the fingerprint per image as a feature vector encoded from factor olution  L-f H-f L-f H-f mage real Colebh  ProGAN  SNGAN  CramerGAN  MMOGAN
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» Existence: GANs carry distinct model fingerprints and leave stable fingerprints in their e 16 ]2 6744 7874 63.80 8058
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> Uniqueness: Even minor differences in GAN training can result in different fingerprints, which | | ¥ | I
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» Superiority: Comparisons also show our learned fingerprints consistently outperform several From B = -
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