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Problems & Ideas

* Problems of the non-convergence of Adam

— Give a better solution to fix non-convergence issues of Adam
— Existing fix solutions can be further improved

* l|deas: Weighted Adaptive Algorithm
— Weighted Adaptive Gradient Method Framework (WAGMF)
— Applying the linear growing weighting strategy to WAGMF.
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Figure 1. The non-convergence
of Adam. As we can see, the
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Main Contributions

We provide a convergence analysis of WADA, and demonstrate that it can
achieve following weighted data-dependent regret bound
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 The experimental results demonstrate that our methods outperform
ADAM and its variants on training convex problems and deep neural
networks.
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Figure 2. Figures for the convergence of wada, the training loss on Softmax, the
training loss on ResNet.
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