
1

Eliminating Sharp Minima from SGD with Truncated
Heavy-tailed Noise

Xingyu Wang∗, Sewoong Oh†, Chang-Han Rhee∗

Northwestern University∗, University of Washington†

ICLR 2022



2

Intro: Generalization Gap and Flat Minima

Generalization Mystery of Stochastic Gradient Descent (SGD)

Training Set Test Set

a

Image Source: https://www.flickr.com/photos/mrsdkrebs/9728631593

https://www.flickr.com/photos/mrsdkrebs/9728631593


2

Intro: Generalization Gap and Flat Minima

Generalization Mystery of Stochastic Gradient Descent (SGD)

Training Set

Test Set

a

Image Source: https://www.flickr.com/photos/mrsdkrebs/9728631593

https://www.flickr.com/photos/mrsdkrebs/9728631593


2

Intro: Generalization Gap and Flat Minima

Generalization Mystery of Stochastic Gradient Descent (SGD)

Training Set Test Set

a

Image Source: https://www.flickr.com/photos/mrsdkrebs/9728631593

https://www.flickr.com/photos/mrsdkrebs/9728631593


3

Intro: Generalization Gap and Flat Minima

Generalization Mystery of Stochastic Gradient Descent (SGD)

Nonconvex Landscape, Numerous Local Minima

Q: SGD prefers flat minima?

Image Source: Visualizing the Loss Landscape of Neural Nets, Li et al., 2018

https://papers.nips.cc/paper/2018/file/a41b3bb3e6b050b6c9067c67f663b915-Paper.pdf


3

Intro: Generalization Gap and Flat Minima

Generalization Mystery of Stochastic Gradient Descent (SGD)

Nonconvex Landscape, Numerous Local Minima

Q: SGD prefers flat minima?

Image Source: Visualizing the Loss Landscape of Neural Nets, Li et al., 2018

https://papers.nips.cc/paper/2018/file/a41b3bb3e6b050b6c9067c67f663b915-Paper.pdf


3

Intro: Generalization Gap and Flat Minima

Generalization Mystery of Stochastic Gradient Descent (SGD)

Flat minima (as opposed to sharp minima) generalize better. (Jiang et al., 2020)

Q: SGD prefers flat minima?

Image Source: Visualizing the Loss Landscape of Neural Nets, Li et al., 2018

https://papers.nips.cc/paper/2018/file/a41b3bb3e6b050b6c9067c67f663b915-Paper.pdf


3

Intro: Generalization Gap and Flat Minima

Generalization Mystery of Stochastic Gradient Descent (SGD)

Flat minima (as opposed to sharp minima) generalize better. (Jiang et al., 2020)

Q: SGD prefers flat minima?

Image Source: Visualizing the Loss Landscape of Neural Nets, Li et al., 2018

https://papers.nips.cc/paper/2018/file/a41b3bb3e6b050b6c9067c67f663b915-Paper.pdf


4

Intro: Heavy-tailed SGD Prefers Flat Minima

S

GD Xj = Xj−1 − η

(

∇f (Xj−1)

+

Zj

)Traditional Assumption: Light-tailed↘

↖ Heavy-tailed

Heavy-tailed Assumption: EZj = 0,

Heavy tails in deep learning: Srinivasan et al. (2021); Garg et al. (2021);

Why heavy tails arise: Hodgkinson & Mahoney (2020);

Heavy-tailed SGD prefers flat minima: Simsekli et al. (2019)

Our Work: Complete Elimination of Sharp Minima
Stays longer here

↓
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Theoretical Results

Xj = Xj−1 − φb

(
η∇f (Xj−1) + ηZj

)
; φb(x) = min{b, ∥x∥} · x
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Tail Inflation and Truncation in Deep Learning

X : current weights; gY : stochastic gradient under method Y.

Our Method: X ← X − φb

(
η · gheavy(X )

)
where

gheavy(X ) =∆ gSB(X )+“Heavy-tailed Noise”

Flatter geometry & Improved generalization performance

Requires both heavy-tailed noise and truncation
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Tail Inflation and Truncation in Deep Learning

CIFAR10-VGG11 SB + Clip Our 1 Our 2
Test Accuracy 89.54% 90.76% 90.45%
Expected Sharpness 0.167 0.085 0.096
PAC-Bayes Sharpness 1.31× 104 9× 103 104

Maximal Sharpness 1.66× 104 1.29× 104 1.22× 104

CIFAR100-VGG16 SB + Clip Our 1 Our 2
Test Accuracy 56.32% 65.44% 62.99%
Expected Sharpness 0.857 0.441 0.479
PAC-Bayes Sharpness 2.49× 104 1.9× 104 1.98× 104

Maximal Sharpness 2.75× 104 2.12× 104 2.16× 104

More training techniques: Data augmentation, learning rate scheduler.
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Conclusion

Theoretical Contribution

Rigorously established that truncated heavy-tailed noises can eliminate sharp minima

First exit time analysis and metastability for heavy-tailed SGD

Algorithmic Contribution

Proposed a tail-inflation strategy to find flatter solution with better generalization


