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Introduction

[ Motivation]

There is no convergence proof for TTUR
with constant learning rates.

For DNN training, there is a critical batch
size that is optimal for training in terms
of computational complexity. [Sha+19]

[ Contribution]
We provide convergence for TTUR with
constant learning rates.

We showed that there is a critical batch
size for training GANS.

We showed that the critical batch size
can be estimated.

Problem Setting

This paper considers the following LNE
problem with two players, a generator
and a discriminator [Heu+17]:

Problem Find a pair (6%, w*) € R® x RY
satisfying

VQLG(H*, w*) = 0 and VwLD(H*, w*
L : The loss function of the Generator for a

fixed w € RV

Lp : The loss function of the Discriminator

for a fixed @ € R®
For the convergence analysis, we use the
following variational inequality equivalent
to the above equation.
VO € R® Vw ¢ RV .
<9* — 0, VQL(;(H*, w*)> < 0,

0
(w* —w, Ve Lp(0*,w”)) <0.

) = 0.

Theoretical Analysis

[Convergence Analysis] (Theorem 3.1(ii) / Proof is in Appendix A 7)
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Numerical Results
[4.1 DCGAN / LSUN Bedroom dataset]
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[How to estimate critical batch size]

First, we back calculate 0t /€d, , the only
unknown, from the measured critical batch
size. According to the left figure, Adam’s
measured critical batch size is 2°, so from
Proposition 3.4(i), we can calculate

02 /e < T88.7.
Using this ratio, we can estimate other
optimizers’ critical batch size. Moreover, this
ratio can also be appropriated for another
GAN's training, as long as the model
adopted is the same. In fact, since both
models used in Sections 4.1 and 4.2 have a
DCGAN architecture, the ratios obtained
from DCGAN training can be used to
estimate the critical batch size for WGAN-
GP training.

However, BigGAN training cannot use the
ratios obtained in DCGAN training because
the model is different. Calculating the ratio
in the same way for BigGAN training, we

find that
02, /ee < 530303.8.

Table 3 shows a comparison of the estimated
and measured critical batch sizes.
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