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Uncertainty quantification (UQ) estimates how confident a model should be in its 
predictions.

Evidential Deep Learning (EDL) enables lightweight UQ via a Dirichlet distribution over 
class probabilities.

However, EDL can remain overconfident on out-of-distribution (OOD) and adversarial 
inputs.
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C-EDL is a lightweight post-hoc extension to EDL that measures prediction conflict 
across task-preserving transformed views of the same input.

When this conflict is high, it reduces evidential strength and increases predictive 
uncertainty.

Conflict-aware Evidential Deep Learning
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Measures how much evidence for each class varies 
across transformed views.

High 𝐶!"#$% means unstable class-wise evidence.

Where:
• 𝐾: number of classes
• 𝑇: number of transformed views
• 𝛼!

(#): Dirichlet parameter for class 𝑘 for transformed view 𝑡
• 𝜎(⋅) : standard deviation across the 𝑇 transformed views
• 𝜇(⋅) : mean across the 𝑇 transformed views
• ϵ: small positive constant for numerical stability

Intra-class Conflict
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Measures contradiction between competing classes 
within a view.

High 𝐶!"#1$ means multiple classes are strongly and 
similarly supported.

Where:
• 𝑗: index of a competing class
• 𝛽: scaling parameter controlling the sharpness of the penalty

Inter-class Conflict
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We combine 𝐶!"#$% and 𝐶!"#1$ into 𝐶.

Evidence is then scaled using 𝐶 to reduce overconfident 
predictions.

Where:
• 𝜆: asymmetric penalization weighting
• 𝛼!: aggregated Dirichlet parameter for class 𝑘 across transformed views
• 5𝛼!: conflict-adjusted Dirichlet parameter for class 𝑘
• 𝛿: adjustment sensitivity hyperparameter

Combined Conflict & Adjustment

6



C-EDL consistently improves abstention under OOD shift and adversarial attack across 
six dataset pairs, outperforming seven alternative techniques.

MNIST → FMNIST

Results

Method ID Acc (%) ID Cov (%) OOD Cov (%) Adv Cov (%)

EDL 99.96 96.61 2.52 52.21

R-EDL 99.96 96.27 2.34 49.05

DA-EDL 99.89 95.16 2.98 28.74

C-EDL 99.96 94.18 2.00 15.51

Here,

EDL: Baseline Evidential 
Deep Learning1

R-EDL: Relaxed Evidential 
Deep Learning2

DA-EDL: Density Aware 
Evidential Deep Learning3

7



Method ID-OOD AUROC ID-Adv AUROC

EDL

C-EDL

C-EDL consistently improves abstention under OOD shift and adversarial attack across 
six dataset pairs, outperforming seven alternative techniques.

MNIST → FMNIST

Results
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