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In recent years, complex machine learning models like deep neural networks play a central role in many real ap-
plications, due to their high predictive performance. Interpreting machine learning models is then considered to be
important since practitioners constantly need clues for improvement on such complex models, whose behavior is not
directly visible to human. In this paper, we focus on the inner workings of convolutional neural networks, visualize
them by a method called layer-wise relevance propagation, and report several findings from the visualization.
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1: MNIST CNN

H W D H W D

0 32 32 1 32 32 1 — —
1 32 32 1 28 28 10 5×5 1×1
2 28 28 10 14 14 10 2×2 2×2
3 14 14 10 10 10 25 5×5 1×1
4 10 10 25 5 5 25 2×2 2×2
5 5 5 25 2 2 100 4×4 1×1
6 2 2 100 1 1 100 2×2 2×2
7 1 1 100 1 1 10 1×1 1×1
8 Flatten 1 1 10 10 — —
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2: CIFAR-10 CNN

H W D H W D

0 32 32 3 32 32 3 — —
1 32 32 3 30 30 300 3×3 1×1
2 30 30 300 15 15 300 2×2 2×2
3 15 15 300 14 14 300 2×2 1×1
4 14 14 300 7 7 300 2×2 2×2
5 7 7 300 5 5 300 3×3 1×1
6 5 5 300 3 3 300 2×2 2×2
7 3 3 300 2 2 300 2×2 1×1
8 2 2 300 1 1 300 2×2 2×2
9 1 1 300 300 — —
10 300 100 — —
11 100 10 — —
12 Softmax 10 10 — —
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