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B H: https://medium.com/@souvik.paul01/pruning-in-deep-learning-models-1067a19acd89
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Han, S., Pool, J., Tran, J., & Dally, W. (2015). Learning both weights and
connections for efficient neural network. Advances in neural information
processing systems, 28.
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(a) Normal weight decay. (b) Centripetal constraint.

Ding, X., Ding, G., Guo, Y., & Han, J. (2019). Centripetal sgd for pruning very deep convolutional networks with complicated structure.
In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition (pp. 4943-4953).
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“Interpretability of DNN is the ability to provide explanations in
understandable terms to a human.” (F Doshi-Velez & B kim,2017)
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Selvaraju R R, Cogswell M, Das A, et al. Grad-cam: Visual explanations from deep networks via gradient-based localization[C]//Proceedings of
the IEEE international conference on computer vision. 2017: 618-626.
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Ribeiro M T, Singh S, Guestrin C. Model-agnostic interpretability of machine learning[J]. arXiv preprint arXiv:1606.05386, 2016.
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Ribeiro M T, Singh S, Guestrin C. Model-agnostic interpretability of machine learning[J]. arXiv preprint arXiv:1606.05386, 2016.
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