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ABSTRACT
One of the mystery in deep learning is why deep learning generalizes well in spite of the large
number of parameters. The famous experiment of Zhang et al. has shown that the number of
parameters in deep neural networks is so large that the deep neural network can memorize
all the training dataset. This has aroused a lot of arguments on what could be the true reason
for generalization. It has also been shown that the stochastic gradient descent method has an
inherent property of regularization. However, since the stochastic gradient descent method is a
local search method, there still exists the question why it does not end up into a meaningless
local minimum but into a good minimum with enough generalization power. It is believed that
this is due to the fact that the local search is performed on a energy landscape constructed from
real data, so that the energy landscape has in fact a wide local minimum with generalization
property. In this talk, I summarize some of the important recent researches, and suggest that
for a better understanding we should work on the energy landscape which changes dynamically
according to the batch change.
LOCAL SEARCH WITH REAL DATA IN DEEP LEARNING
The generalization gap in machine learning is
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Here, R̂Sm [fA(Sm ) ] is the empirical risk of f , defined by R̂Sm [fA(Sm ) ] = m1 m
i=1 `(f (xi ), yi ),
where the function fA(Sm ) is learned from a dataset Sm of m data with an algorithm A, and f is
a true function
q which can ideally map an input x to a desired output y. The generalization gap is
bounded by N
, where N is the effective capacity, for which the number of parameters can be
m
used as an estimate. Normally, it is known that the effective capacity is vacuous for deep neural
network models, since the number of parameters N is too large. Several deep neural network
compression methods have been suggested that can compress the model so that the bound for
generalization gap can be reduced. It can be shown that the effective capacity reduces if the
weights in the neural network are updated by the following equation:
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and p, q, and t are the decomposed 1-D vectors of the 3-D convolution filters. This will reduce
the vacuous bound to a certain extend. The reason that this kind of simple first-order approximated gradient flow can find a good local minimum is that the noise in it is possible to escape
every saddle point in the landscape, and that the landscape itself is believed to be close to convex if the landscape is composed by data from the real world. However, in fact, the landscape
changes its shape for every batch in the training dataset. Therefore, even if the landscape is not
convex and the gradient computed from a particular landscape has the possibility to fall into
a bad local minimum, the gradient computed by the next landscape can help the gradient to
escape from this bad local minimum. This iterated gradient based update forces the solution to
result in a common minimum shared by all the landscapes. We will show some experiments
which supports these facts.
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