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Investigation of the influence of over training on CNN focusing on change of heat map which
brings interpretability
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Although Convolutional Neural Network (CNN) is used in many studies, the interpretability of CNN have been
considered problematic and various methods have already been proposed from related research. All of these methods
have been verified with selected models based on Early Stopping and are evaluated with only one model. However,
in the classification problem, it is reported that the accuracy increases due to over training, so it is not known
whether model selection by Early Stopping is appropriate. Therefore, in this research, the influence of this over
training is considered from the viewpoint of the explanability of CNN. As a result, for each learning period, we
found a dataset in which the value of the correct class and entropy of the output oscillate in the learning process.
And we found that it is possible to create a heatmap with different similarity from the heatmap created by Early

Stopping.
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200 4000

Epoch 50 100 400 2000
L norm 13.6 16.5 19.6 20.3 259 27.54
Train loss 0.1 0.03 0.02 0.002 | 107 [3-107°
Train error 4% 1.2% 0.6% | 0.07% 0% 0%
Validation loss 0.52 0.55 0.77 0.77 1.01 1.18
Validation error | 12.4% | 10.4% | 11.1% | 9.1% | 8.92% 8.9%

1: [Soudry 2018] & » #&R D5
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