Regularization properties of adversarially-trained linear regression
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How does adversarial training compare with other reqularization methods? Lasso and ridge regression: transition only in the limit Background: If data is generated as
Regularization methods: A — 07 = Mean square error — 0 y=x B+ o _¢
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v Lasso: Has the same property. It is the estimator: [4]

Cost function is convex. [t can be rewritten as: |2] Our result: map A < o0 for which the results are asymptotically equiva- Definition: Minimum [} - |.-norm interpolator:
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_ //\ / (a) Minimum £o-norm interpolator is solution to f-adv. training. Robust regression: [

(b) Minimum ¢1-norm interpolator is solution to f..-adv. training.
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Tailored solver: enableuse in high-dimensional applications (genetics).
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Nonlinear models: most results still hold for inputs in infinite spaces.




