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Figure 2: The CUPID pipeline. Aleatoric uncertainty is estimated using a dedicated Uncertainty Branch, while epistemic uncertainty is captured by measuring
the variance between the original model output yො and the perturbed output yො’.

Table 1: Performance of misclassification detection (misclassified samples as positive).
CUPID Aleatoric achieved the best performance on GLV2, while CUPID Epistemic
performed best on HAM10000, suggesting different dominant sources of uncertainty across
datasets.

Table 2: Performance of OOD detection (OOD samples as positive). PAPILA and ACRIMA
share the same research problem (glaucoma detection) with the ID dataset while CIFAR10 is a
general classification dataset. CUPID Epistemic performs best on PAPILA and ACRIMA,
suggesting that it is more sensitive to subtle distribution shifts within related clinical domains. In
contrast, CUPID Aleatoric performs best on CIFAR-10, showing stronger response to extreme
domain mismatch.

Figure 1: CUPID uncertainty estimation on a 1D regression toy problem. CUPID is inserted into an MLP-based predictive model. CUPID
captures both aleatoric (blue) and epistemic (red) uncertainty.

Deep models can be overconfident, so reliable prediction requires understanding not only how uncertain a model is, but also why it is
uncertain. Uncertainty in deep learning mainly comes from two sources: aleatoric uncertainty, caused by noise or ambiguity in the data,
and epistemic uncertainty, caused by limited model knowledge or insufficient training coverage. Distinguishing them is important for
trustworthy decision-making. Existing methods often estimate only one uncertainty type, or they require modifying and retraining the base
model. This increases computational cost and limits compatibility with pretrained systems.

Results
Figure 3: Comparison of visual results between error and uncertainty maps. CUPID Aleatoric
shows the best texture alignment and highest correlation with error maps.

Figure 4: Performance of CUPID inserted at varying locations: misclassification detection (Left)
and super-resolution (Right).
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