We explain adversarial robustness from the holistic lens of training data

A Curious Case of Searching for the Correlation between Training Data and
Adversarial Robustness of Transformer Textual Models
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How do training data correlate to
adversarial robustness?

Can we estimate the adversarial
robustness before models are fine-

Propose an interpretation framework.
Introduce a robustness predictor.
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| Main Results

Result 1: Fine-tuning data have a strong
correlation with model robustness.

Result 2: Interpretation framework can
be used as a robustness predictor.
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Good performance in robustness prediction
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Models trained on data whose
embedding is denser are more robust

Runtime (seconds)

Boost robustness evaluation from 30x to 193x
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