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Target function:


Empirical risk minimization:
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“Most of the regularization methods used 
successfully in practice are heuristic methods.” 


Abu-Mostafa et al., 2012.
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Regularization

[SMK15, GCK17, CP18, 

BMZ18, BKM19, SKM19]

Statistical 
Guarantees


[SMK15, MK18, BKM19, 
SKM19, G20, BMN21]
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Color Histogram [PPC10]
 Computer Graphics [LS18]


Statistical Inference


Generative Models [ACB17]
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Lemma 1. Let P = {Q 2 M(⌅) : Wc(Q, bPN )  "}. If c(⇠, ⇠) = 0

[MK18, ZG18, BM19, GK16, ZYG22]
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Lemma 2. Let L : R ! R be a convex and Lipschitz function.
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Then,
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If L is convex and Lipschitz, then
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Support Vector

Machine II

Support Vector

Machine

Logistic 

Regression
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Ideal

Classification
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