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VISUALIZING THE LOSS LANDSCAPE OF NN

VGG-56 VGG-110

without skip connections

Renset-56 Densenet-121

with skip connections

Li H, Xu Z, Taylor G, et al. Visualizing the loss landscape of neural nets[C]//Advances in Neural Information Processing Systems. 2018: 6389-6399.
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http://ruder.io/optimizing-gradient-descent/index.html
https://medium.com/towards-data-science/types-of-optimization-algorithms-used-in-neural-networks-and-ways-to-optimize-gradient-95ae5d39529f
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https://www.jeremyjordan.me/nn-learning-rate/
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Cyclical Learning Rates
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*Don't Decay the Learning Rate, Increase the Batch Size
>https://openreview.net/pdf?id=B1Yy1BxCZ
> Accurate, Large Minibatch SGD: Training ImageNet in 1 Hour

>Warmup
>https://arxiv.org/abs/1706.02677
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https://www.quora.com/What-exactly-is-momentum-in-machine-learning
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Batch Normalization
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BSHINK

¥ W #-3% % (Grid Search)
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Important parameter Important parameter

Grid and random search of nine trials for optimizing a function f(x,y) = g(x) +h(y) =
g(x) with low effective dimensionality. Above each square g(x) is shown in green, and
left of each square /(y) is shown in yellow. With grid search, nine trials only test g(x)
in three distinct places. With random search, all nine trials explore distinct values of
g. This failure of grid search is the rule rather than the exception in high dimensional
hyper-parameter optimization.
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21

Zhang C, Bengio S, Hardt M, et al. Understanding deep learning requires
rethinking generalization[J]. arXiv preprint arXiv:1611.03530, 2016.
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EM 1L (regularization )
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