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Simonyan, Vedaldi, and Zisserman, “Deep Inside Convolutional Networks: Visualising Image Classification
Models and Saliency Maps”, ICLR Workshop 2014.
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Yosinski et al, “Understanding Neural Networks Through Deep Visualization”, ICML DL Workshop 2014.
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with permission.
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Girshick et al, “Rich feature hierarchies for accurate object
detection and semantic segmentation” , CVPR 2014.

Figure copyright Ross Girshick, 2015; source. Reproduced with
permission.
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