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Results

We successfully demonstrate that a wide variety of
perceptual similarity metrics are susceptible to such b lover ey

imperceptible adversarial perturbations. i “ i R

Motivation

How robust are perceptual similarity metrics against 1.
imperceptible adversarial perturbations?

Perceptual similarity metrics measure the similarity
between two 1mmages and are widely used 1n many real- ||2.
world applications. Thus, having a robust metric 1s critical.

We attack the widely adopted LPIPS using the spatial
attack stAdv to create adversarial examples and use them
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2. Analysis of more advanced adversarial perturbations. C . . L 1 L PGB0 = tady  tAQYPGD(0)

learned perceptual similarity metrics may not be more : e = il =

We focused our efforts on (2), 1.e. adversarial attacks, as it
has not received considerable attention.

Attack Methods
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robust than traditional ones.

Furthermore, we demonstrate the reverse of our attack
(make the less similar distorted 1mage more similar to the

Conclusion
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