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Related works: Singh et al. (2022); Bubeck & Sellke (2021); Ma & Ying (2021); Novak et al. (2018)
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Implicit regularization mechanism, at » At each layer, parameter gradient
each layer ¢: bounds growth of || Vfg||
Ofg Ofg » Implicit control on input
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1. Input Jacobian of ReLU networks
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3. At each training step:
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4. Overparameterization:

o faster interpolation — reduced
effective complexity H
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1. Overparameterization promotes
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Summary

2. Overparameterization accelerates
interpolation
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We extend our results to the loss landscape:

h
mE’DHvxﬁ(a)a X, y)H2 < EDHVQI,C(B’)(’)/)H

< Lmax(0)AL(O)



Loss landscape and overparameterization BMVC
Implications 2023

1. Cross-entropy loss is degenerate at
interpolation:

Vi L(0,x,y) = diag(p) — pp”




Loss landscape and overparameterization BMVC
Implications 2023

1. Cross-entropy loss is degenerate at
interpolation:

Vi L(0,x,y) = diag(p) — pp”
2. SGD is aligned with directions of
maximum curvature in loss

landscape (Thomas et al., 2020;
Ghorbani et al., 2019)



Loss landscape and overparameterization BMVC
Implications 2023

1. Cross-entropy loss is degenerate at
interpolation:

V7 L(6,x,y) = diag(p) —pp"

2. SGD is aligned with directions of
maximum curvature in loss
landscape (Thomas et al., 2020;
Ghorbani et al., 2019)

3. If top directions converge, SGD
follows the largest non-zero
eigenvalue



Loss landscape and overparameterization BMVC
Implications 2023
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