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Interpretation of ResNet by Visualization of Preferred Stimulus in
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Abstract: The Deep Convolutional Neural Network (DCNN) is the de facto standard in the image classi-
fication task. By deepening the hidden layers of Convolutional Neural Network (CNN), the DCNN greatly
improves its expressive power of features. The architecture of the CNN is inspired from a model of the pri-
mary visual cortex of mammals. On the other hand, there is a model called Residual Network (ResNet) that
has a skip connection, which comes from the viewpoint of efficient learning. Thus, ResNet is an advanced
model in terms of the learning method, however, it has not been interpreted from a biological viewpoint. In
this research, we investigate the preferred stimulus in receptive fields of ResNet neurons, which is designed
for on the classification task with ImageNet dataset. We find that ResNet has orientation selective neurons
and double opponent color neurons. In addition, we suggest that some inactive neurons in the first layer of
ResNet affect the classification task.
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Fig. 1 Overview of receptive field. Each black boder rectangle
is a neuron. The area inside the blue border on input is
the receptive field and corresponds to the blue neuron
in feature map 1. The area inside the red border on
input is the receptive field and corresponds to the red

neuron in feature map 2.
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Fig. 2 Samples of the top 16 preferred stimulus images of chan-
nel 18 in ResNet34.
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Fig. 3 First convolutional filter and mean preferred stimulus

images of channel 18 in ResNet34.
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Fig. 4 Samples of the top 16 preferred stimulus images of chan-
nel 19 in PlainNet34.
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Fig. 5 First convolutional filter and mean preferred stimulus

images of channel 19 in PlainNet34.
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Fig. 6 Examples of visualizations by activation maximization
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Table 1 Count of the inactive neurons and effect of the inac-
tive neuron in first max-pooling layer for validation
dataset in ResNet34 and PlainNet34.

ETN AR AL ALpna
ResNet34 13 1.26962e +0  2.40560e — 2
PlainNet34 2 | —1.66893e — 6 —8.34465¢ — 7
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