Fast Certified Robust Training with Short Warmup
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_ . » Shorter ramp-up leads to harder optimization and more severe imbalance.
|t checks whether the model predicts correctly under the worst-case perturbation.
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Interval Bound Propagatlon (|BP) (I\/Ilrman et al., 2018; Gowal et al., 2018): = But BN was partly or fully missed in the models used by prior works. B A
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_ achieving the state-of-the-art verified errors with CNN.
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