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Survey of Unstable Gradients in Deep Neural Network Training

CHEN Jian-Ting, XIANG Yang

(College of Electronics and Information Engineering, Tongji University, Shanghai 201804, China)

Abstract: As a popular research direction in the field of machine learning, deep neural networks are prone to the phenomenon of
unstable gradients in training, which has become an important element that restricts their development. How to avoid and control unstable
gradients is an important research topic of deep neural networks. This paper analyzes the cause and effect of the unstable gradients, and
reviews the main models and methods of solving the unstable gradients. Furthermore, the future research trends in the unstable gradients
is discussed.
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Fig.6  Architecture of feed forward neural network experiment
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Fig.7 Process of feed forward neural network trained by gradient descent
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Fig.9 Unsaturated nonlinear activation
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Fig.11  Architecture of residual unit
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Fig.12 Architecture of DenseNet
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Fig.13  Unraveled view of residual network
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