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What is observed ‘I
Double descent
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—

m Classical regime p <N

= Modern/Deep Learning/High dimensional regime N > n
Think N fixed, p increases, gamma=p/N
Training error = 0 (interpolation)
Test error decreases with p (or gamma)



What 1s observed |.
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= Double descent curves for the generalization error
Random Fourier Features (RFF)
RelU 2 layer networks (with random first layer weights)
Random Forests, TZ‘—Adaboost
Linear regression

m With and without noise



Double descent, the case p > N |.
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m Model y = <phi(x),beta >
m Large N (cover a compact data domain)
m Features random

m Min-norm solution beta*
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m The target function h* is (mostly) smooth
l.e. | |h*| | ggusis small

= p > N, no noise, hence h interpolates data

= Train to minimize | [h,| | subject to O training error

[

= Then | |h,|| will decrease with p!
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Boosted decision trees

Zero-one loss (%)
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Zero-one loss (%)

SVHN (n = 10, 10 classes)
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Classifrcalion
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