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Background & Problem Setting Motivation 2

-SOTA text-classification model does not

-Comprehensively estimate uncertainty

Table 2: Accuracy of uncertainty scores shown by improvement of weighted F1 scores for the IMDb (CNN model)
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® Model Uncertainty

Table 6: Accuracy of uncertainty scores shown by improvement of macro F1 scores for the Amazon (XLnet)
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-Self-ensembling: Less feasible parameters
® Reduce Parametric Uncertainty

-Distinctive score: A testing sample’s

distance to a training set’s distribution
® [Estimate Epistemic Uncertainty

-Overconfidence: Sample Uncertainty for each
training sample 1s same due to one-hot labels.
-The negative correlation between the winning
score and sample uncertainty cannot be
guaranteed.

uncertainty and considering three kinds of
uncertainty simultaneously.
* The MSD 1s effective in three common

DNN including CNN, RNN and transformer.
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