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Motivation Adversarially trained networks exhibit significant similarities Adversarial training promotes the emergence of long-range
between adversarial and clean representations similarities between layers

The study focuses on three key research questions:

= RQ1: Is there anything special about the robustness of contrastive learning N A

representations?

= RQ2: How does the incorporation of label information affect the robustness
of contrastive learning representations?

= RQ3: How does adversarial training affect the learned representations in
supervised and contrastive learning?
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= Networks trained through adversarial training exhibit significant similarities Adversarial tra_unlng promOte_s Slmlla”ty in adversarial
between adversarial and clean representations. representations across various learning schemes

= Full AT significantly enhances long-range similarities and improves both
standard and adversarial accuracy in CL.

Incorporating label information into CL enhances the
robustness of representations
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= Slight differences in representations and performance are observed in the SCL
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