
CUPID is a plug-in module inserted at any intermediate layer of a pretrained model to 
jointly estimate aleatoric uncertainty from a variance branch and epistemic uncertainty 
from prediction changes caused by feature perturbation.

• Plug-in formulation. Let 𝑀(𝑥) = 𝐹𝑙(𝐵𝑙(𝑥)) , where 𝐵𝑙  extracts the intermediate 
feature and 𝐹𝑙  maps it to the final prediction. CUPID model takes 𝑚𝑙 = 𝐵𝑙(𝑥) and 
produces (𝑚𝑙′, ො𝜎).

• Aleatoric uncertainty branch. The uncertainty branch models input-dependent 
noise with a heteroscedastic distribution. The predicted variance is used as the 
aleatoric uncertainty score. For training, CUPID predicts the log-variance for 
numerical stability.

• Epistemic uncertainty branch. The reconstruction branch learns a feature 
perturbation that changes the internal representation while preserving the final 
prediction. Epistemic uncertainty is measured by the discrepancy between the 
original output and the perturbed output.

• Joint objective. Both branches are optimized jointly in a single model. This lets 
CUPID estimate both uncertainty types without modifying or retraining the base 
predictor.
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RESULTSINTRODUCTION

Deep models can be overconfident, so reliable prediction requires understanding not 
only how uncertain a model is, but also why it is uncertain [1]. 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 [2]. Distinguishing them is important for trustworthy 
decision-making [3]. 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.

We propose CUPID, a lightweight plug-in module that can be inserted into a pretrained 
network to jointly estimate aleatoric and epistemic uncertainty without changing or 
retraining the base model. It also enables layer-wise analysis of how uncertainty evolves 
inside the network.

METHODS

We evaluate CUPID on three complementary settings: medical image misclassification detection, 
out-of-distribution (OOD) detection, and image super-resolution as a regression task. These 
experiments are designed to test whether CUPID can separate aleatoric and epistemic uncertainty 
across both classification and regression problems. We further include an ablation study on 
insertion location to analyze how uncertainty emerges across network depth. All experiments are 
repeated three times, and results are reported as mean ± standard deviation. The best model for 
each metric is in bold, and the second best is underlined. 

The ablation results provide insight into how uncertainty develops inside the network. As shown in 
Figure 4, aleatoric uncertainty is estimated more effectively when CUPID is placed closer to the 
output, whereas epistemic uncertainty benefits more from earlier insertion points. This trend 
suggests that the two uncertainty types emerge differently across network depth, and that CUPID 
can be used not only for uncertainty estimation but also for analyzing uncertainty propagation.REFERENCES
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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 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 ො𝑦 and the perturbed output ො𝑦’. 
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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.

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

Table 3: Performance on natural image datasets (Set5, Set14, BSDS100) and medical 
imaging dataset IXI (MRI scans). CUPID Aleatoric gives the best overall quantitative 
performance on the natural-image benchmarks, suggesting that reconstruction uncertainty is 
mainly driven by data-related ambiguity in this setting. On the IXI dataset, however, CUPID 
Epistemic becomes more informative, which is consistent with the larger domain shift from 
the training distribution.
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