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Motivation

stochastic gradient descent (SGD) is an efficient optimization method
behind the success of deep learning

SGD is beneficial to generalization: SGD prefers flat minima
N. S. Keskar et al., ICLR 2017

Understanding SGD is crucial for our understanding of deep learning

Many previous studies (if not all) assume that the SGD noise is uniform

It has been pointed out that anisotropy of the SGD noise is important
Z. Zhu, J. Wu, B. Yu, L. Wu, and J. Ma, ICML 2019
Z. Xie, |. Sato, and M. Sugiyama, ICLR 2021

Our work: SGD noise strength depends on the position in the parameter
space, which gives rise to the power-law escape rate from local minima
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continuoustime kn—-reR

1t6 stochastic differential equation (SDE)
do, = — VL(6,)dt + /26, - dW,

Q. Li, C. Tai, and E. Weinan, ICML 2017 2(9); SGD noise covariance matrix

S. L. Smithand Q. V. Le, ICLR 2018 W.: Wiener process (Brownian motion)
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e SGD prefers flat (i.e. small 4) minima with small effective dimension n
2

e stability condition n—2 h¥

experiment: binary classification of 5,000 samples from MNIST dataset using a FNN with 3 hidden

layers, each of which

(1) a minimum is found by 10* iterations of SGD update with fixed values of # = #, .. and B = B, .
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(2) set B = 8 and gradually increase # from a small value 0.001
(3) measure 1. at which the loss value will suddenly increase
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Conclusion

SGD noise covariance is proportional to the Hessian and the
loss value

SGD is described by a SDE with additive noise on the
logarithmic loss landscape

Power-law escape rate from minima crucially depends on the
effective dimension

SGD prefers minima that are flat and have a small effective
dimension



