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Abstract This paper discusses stochastic gradient descent (SGD) for solving empirical loss minimization problems that appear
in deep learning from the viewpoint of graduated optimization. The graduated optimization is a method for finding global optimal
solutions for nonconvex functions by using a function smoothing operation with stochastic noise. We show that stochastic noise
in SGD has the effect of smoothing the objective function, the degree of which is determined by the learning rate, batch size,
and variance of the stochastic gradient. Using this finding, we propose and analyze a new graduated optimization algorithm that
varies the degree of smoothing by varying the learning rate and batch size. We further show that there is a close relationship
between the degree of smoothing due to stochastic noise in SGD and the generalization performance of deep learning models.
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(b) sharpness vs learning rate
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