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IEN{k (Regularization)
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O < (1 —w)b_1 — ag
s EERBENSE TS, WERRENL ¢, ENLERIRER
n ERASZMMATE (bW Adam) 1, WEREH 6, EMEFAREMN

[PDF] Fixing weight decay regularization in adam
| Loshchilov, F Hutter - arXiv preprint arXiv:1711.05101, 2017 - arxiv.org

L2 regularization and weight decay regularization are equivalent for standar
gradient descent (when rescaled by the learning rate), but as we demonstre
case for adaptive gradient algorithms, such as Adam. While common deep |
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