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∗1
Shimizu Hiroki

∗2
Komiyama Junpei

∗2
Toyoda Masashi

∗1
Graduate School of Information Science and Technology, the University of Tokyo

∗2
Institute of Industrial Science, the University of Tokyo

This paper aims to verify robustness of covariance matrix adaptation evolution strategy (CMA-ES) optimization
for neural networks (NN). We added label noise to the training dataset. Unlike stochastic gradient descent (SGD),
which is the state-of-the-art optimizer of NN, a CMA-ES based optimization was robust against label noise.
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[%] CMA-ES ADAM SGD

0 0.918 0.924 0.922

5 0.918 0.915 0.913

10 0.918 0.910 0.910

15 0.917 0.906 0.903

20 0.916 0.899 0.900
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