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Supervised Learning:

data: (z,y) ~ D problem: 6* € arg min B y)~p U(x,y;0)
training data: ERM:
) ] —
(z1,91),++, (Tnsyn) ~ D Qzargmgng;a%%@)
0 works well on test data (z,y) ~ D but tails badly on adversarial examples

<
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Adversarial Learning:

data: (x,y) ~D problem: 6., € arg m@in )

training data: Robust-ERM:

A 1
(ZEl,yl), s . ,(xn,yn) ~ D f° € argmin — max €($Z + dwyz,@)
O ni= o[ <e

[Madry et al. 2017, Tsipras et al. 2018]
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Random Features Models

® Two-layer Neural Networks:

Random weights

RelLu

® Same setting as before: gaussian data, £2 adversarial perturbations

® The model is trained with robust-ERM
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