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Output the class indices with the highest lower and upper reachable probability, respectively.

qr; = Max (CILi' 1 - ZjiiQUj) ; qy; = min (qUi, 1 - ZjiiCILj)
"  Generalized Shannon Entropy for Uncertainty Quantification

H(Q) = maximize Y){ — q;log, q; st Y{q; = 1; qf.< q; < qp,

For H(Q), replace maximize by minimize.
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Model Space Target Space ¥ Model Space Target Space Y Aleatoric uncertainty (AU) and epistemic uncertainty (EU) are measured by H(Q) and H(Q) — H(Q), respectively.
Credal Set Prediction via Probability Intervals
" Generating Probability Intervals via Interval SoftMax N Experimental Validation
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A minimax game between a learner and an adversary. *  Weigh training outliers to simulate future differences in data Table 3. Test ACC (%, 1) and ECE (]) on ResNet50 architecture. o o o o
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while enable training do » EU quantification quality robust against different measures like generalized Hartley measure E
1. Compute CE(qu,, t,) and CE(qr,,, ) for each sample * Enhanced uncertainty quantification compared to deep ensembles that applied the DRO strategy or
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