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In recent years, predictions by machine learning and deep learning methods are utilized in various scenes of society.
A model trained with deep learning methods can predict the target with high accuracy, but can not consider the
predictive confidence sufficiently, and may predict high confident for extrapolated data which is hard to predict. In
this study, we applied ordinary deep learning methods and methods considering predictive uncertainty, proposed
in recent years, to an image classification task, and verified the robustness of trained models against extrapolated
data. Models trained with the ordinary deep learning methods predicted high confidence values for data having
characteristics not existing in the training data, but models trained with the methods considering uncertainty
predicted low confidence values for such data. By using methods considering uncertainty, it is possible to avoid
mispredictions for extrapolated data. Experimental results suggest the importance of uncertainty estimation in
deep learning.
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type filter size stride output size

convolution 3 × 3 1 28 × 28 × 64

convolution 3 × 3 1 28 × 28 × 64

max pool 3 × 3 2 14 × 14 × 64
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max pool 3 × 3 2 7 × 7 × 64
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Method Activation F1 score ECE

CNN Softmax 0.9947 0.0042

CNN Sigmoid 0.9947 0.0042

CNN + LS Softmax 0.9946 0.0625

CNN + LS Sigmoid 0.9948 0.0374

Evidential CNN 0.9642 0.0208

VDCNN Softmax 0.9948 0.0035

VDCNN Sigmoid 0.9951 0.0043

VDCNN + LS Softmax 0.9957 0.0656

VDCNN + LS Sigmoid 0.9954 0.0422

F1 score Expected Calibration Error
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