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1 Introduction 5 Defenses Under Limited Computational Power

Self-supervised Vision Transformers trained with DINO learn
human interpretable features?.

Does it have enough representational power to increase
robustness only through fine-tuning?

Architecture Dataset

Reduced ImageNet

DINO VIT

MLP

311 classes -> 9 superclasses
93,600 training images

Frozen

97.3% classification accuracy on the reduced dataset

Are they more robust to Adversarial Attacks that
preserve input similarity?
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baseline classifier trained on the (reduced) ImageNet dataset.

4 Latent Space Analysis |
5 Conclusion
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The latent space may comprise enough information to linearly
separate adversarial samples without retraining the VIT.



