]
W Durham

University

OPENWORKS

FEVER-OOD: Free Energy Vulnerability Elimination
for Robust Out-of-Distribution Detection

ILLV

0CT13-23, 2025

Results: FEVER-OOD achieved SOTA in OOD detection for both tasks

Method|  FEVER-OOD Average
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Motivation: Free-Energy Score

FEVER-OOD: Mitigating the Vulnerabilities
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Null Space Vulnerabilities (NSV)
If v= h(x), then it can be decomposed in
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dominated by v, which may lie in the ID space. i | S LB
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\ S Least Singular Value Regulariser (LSVR) Conclusions:
* #.’ jHi#?—i\( _1 Vulnerabilities: NSV (overlapping ID—-OOD scores) and LSVV (energy similarity).

Lisy = Opin (Weis)
Conditioning Number Regulariser (CNR)

Approach: Extra layer with CNR, compact features with LSVR and CNR regularizers
for clearer score separation and stable energy.
Results: 10.13% | FPR, +1.6% 1 AUROC on Dream-OQOD (ImageNet-100), new SOTA.
Generalization: Works across varied detection architectures.
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