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Abstract

To solve a class of nonconvex minimax optimization problems in machine learning, we propose a
new stochastic alternating gradient projection algorithm (SAGP). This algorithm is based on the
alternating gradient projection algorithm (AGP), which is updated with stochastic gradients in a
stochastic environment. Compared with the stochastic alternating gradient descent ascent algo-
rithm (SAGDA), the operation efficiency is greatly improved. Numerical experiments on Gaussian
distributed data sets show that the new algorithm is feasible and effective.
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Figure 1. The change process of the range of the random gradient norm of the discriminator on the Gaussian distribution
data set
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Figure 2. The change process of the value range of the random gradient norm of the generator on the Gaussian distribution
data set
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