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Internal Covariate Shift?

How Does Batch Normalization Help Optimization?
https://arxiv.org/abs/1805.11604
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Experimental results do not support the above idea.
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How Does Batch Normalization Help Optimization?
https://arxiv.org/abs/1805.11604

Experimental results (and theoretically analysis) support batch
normalization change the landscape of error surface.
and 12 of Appendix B.) This suggests that the positive impact of BatchNorm on training might be

somewhat serendipitous. Therefore, it might be valuable to perform a principled exploration of the
design space of normalization schemes as it can lead to better performance.
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To learn more. ......

FBESL Batch Normalization, ~2M—HY normalization,normalization 897528 —E M, ABXiLFES
TN,

Batch Renormalization
https://arxiv.org/abs/1702.03275
Layer Normalization
https://arxiv.org/abs/1607.06450
Instance Normalization
https://arxiv.org/abs/1607.08022
Group Normalization
https://arxiv.org/abs/1803.08494
Weight Normalization
https://arxiv.org/abs/1602.07868
Spectrum Normalization
https://arxiv.org/abs/1705.10941
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