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✓̂ works well on test data (x, y) ⇠ D but fails badly on adversarial examples
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Random Features Models

ReLuRandom weights
Trained weights

• Two-layer Neural Networks:

•The model is trained with robust-ERM

ŷ = hx, ✓iŷ = hx, ✓i

• Same setting as before: gaussian data,      adversarial perturbations `2
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