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Overview of the proposed ViT-EnsembleAttack framework. The models f3, ..., fy represent the N original surrogate ViTs. Unlike traditional ensemble-based attacks,
Q Q Q ViT-EnsembleAttack generates a set of augmented models using three strategies with parameters optimized by Bayesian optimization, and ensembles these augmented
models to produce adversarial examples.
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Key point 1: How to augment?

Tricks Experiments

There might be several ways. We choose to increasing
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Key point 3: How to control the random degree?
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Generate adversarial examples with the augmented it model
and attack models other than i. The better the attack effect,
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