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Abstract

Reliable uncertainty quantification (UQ) is crucial for de-
ploying deep learning models in safety-critical domains. Ex-
isting UQ methods often either rely on multi-pass infer-
ence, which increases computational cost, or restrict ex-
pressiveness by using only final-layer embeddings. In this
work, we propose a lightweight evidential metamodel that
leverages multi-layer feature fusion from a pretrained back-
bone, capturing both low-level features and high-level seman-
tics to better estimate uncertainty. To further enhance epis-
temic fidelity, we integrate maximum weight-entropy (Max-
WEnt) regularization, which encourages hypothesis diver-
sity without altering the base network or adding test-time
overhead. Experiments across two benchmark settings, med-
ical (BACH, HAM10000, BreakHIS, DIV2K) and natural
(ImageNet, SVHN, Fashion-MNIST, ImageNet-C) datasets,
demonstrate consistent improvements in AUROC of out-of-
distribution detection compared to prior post-hoc UQ meth-
ods. Our findings show that combining multi-layer eviden-
tial modeling with Max-WEnt provides a robust, efficient,
and practical framework for trustworthy AI in high-stakes ap-
plications. The metamodel adds only 0.8M parameters and
trains in under four hours on a single 48GB GPU, making it
practical for real-world deployment.

Introduction
Deep neural networks achieve expert-level accuracy in vi-
sual recognition tasks, but remain overconfident in erro-
neous predictions. In safety-critical settings, this lack of cal-
ibrated uncertainty is a critical limitation, as knowing when
to defer is as important as predicting what.

Most post-hoc UQ methods rely solely on the final-layer
embedding of the classifier. However, our analysis reveals
that important uncertainty cues are distributed across the ac-
tivations of the network: early layers capture texture-level
ambiguities, mid-level layers detect structural inconsisten-
cies, and deeper layers encode semantic confidence. Ignor-
ing these hierarchical features limits robustness under distri-
bution shift.

Post-hoc UQ is especially valuable in deployment scenar-
ios, since it preserves the original accuracy of the pretrained
classifier by avoiding any change to backbone weights, and
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it also requires single-pass inference. This makes post-hoc
UQ methods preferable in medical imaging, autonomous
driving, and other safety-critical workflows where retraining
or architectural changes are not feasible, for instance, due to
a prior regulatory approval given to model that need to be
frozen.

Post-hoc approaches such as ensembles (Lakshmi-
narayanan, Pritzel, and Blundell 2017), Monte Carlo
dropout (Gal and Ghahramani 2016), and temperature scal-
ing (Guo et al. 2017) improve reliability, but these meth-
ods incur high inference cost. Our work improves upon the
line of research on single-pass UQ models, such as Evi-
dential deep learning (EDL)(Sensoy, Kaplan, and Kandemir
2018), Post-hoc Uncertainty Learning(Shen et al. 2023), and
our prior work BAY-MED (Bala, Chauhan, and Sethi 2025)
which predict Dirichlet parameters to capture both aleatoric
and epistemic uncertainty.

Motivation. We hypothesize that reliable post-hoc UQ re-
quires (i) leveraging multi-layer features of a frozen back-
bone to capture both texture and semantic signals, and (ii)
encouraging diverse contributions from these features. To
this end, we propose a lightweight evidential metamodel
with Max-WEnt as a regularization. Our goal was to develop
a practical, single-pass framework that improves UQ perfor-
mance, while remaining lightweight for real-world deploy-
ment.

Proposed Approach
Multi-layer evidential metamodel. Figure 1 illustrates our
framework. The pretrained backbone (left) is kept frozen. In-
stead of relying only on its final-layer embedding, we extract
intermediate features from multiple depths: early layers cap-
ture fine textures, while deeper layers capture semantic in-
formation. These features are resized and aligned before be-
ing passed into a lightweight evidential metamodel (center),
implemented as a small MLP. The metamodel is trained us-
ing only in-distribution data. No out-of-distribution (OOD)
samples are required; instead, noisy in-distribution(ID) vari-
ants are used to encourage the model to express uncertainty.
The metamodel outputs parameters of a Dirichlet distribu-
tion (right), enabling estimation of both aleatoric (data) and
epistemic (model) uncertainty.

Max-WEnt regularization. Within the metamodel, we
adapt Max-WEnt regularization (de Mathelin et al. 2025).
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Figure 1: Proposed pipeline: Features from multiple layers
of a frozen base classifier are resized and fused in the meta-
model. Max-WEnt regularization balances feature contribu-
tions, yielding improved uncertainty estimation.

Each feature stream is assigned a learnable scaling weight,
normalized into probabilities pℓ. To prevent the metamodel
from over-relying on a single layer, we maximize the en-
tropy

H(p) = −
∑
ℓ

pℓ log pℓ,

Ltotal = LELBO(α; y) − λH(p), (1)

encouraging balanced contributions from all layers. This
simple addition promotes hypothesis diversity and improves
epistemic calibration.

Results
We evaluated our method on medical datasets (BACH as
ID; HAM10000, BreakHIS, DIV2K as OOD) and nat-
ural datasets (ImageNet as ID; SVHN, Fashion-MNIST,
ImageNet-C as OOD) using different metrics. We found that
our method consistently improves post-hoc UQ:
• Higher AUROC of OOD detection across all bench-

marks, often by wide margins over both the base model
and prior methods (e.g., BAY-MED).

• Lightweight and practical: adds ∼0.8M parameters,
trains in <4h on a single GPU, in a single pass.

Tables 1 and 2 summarize these improvements across the
medical and natural-image benchmarks.

Ablations. On HAM10000, removing multi-layer fusion
reduced OOD detection by up to 8 points. Additionally,
comparing against BAY-MED (our prior work without Max-
WEnt) shows that Max-WEnt regularization provides fur-
ther improvements across all metrics.

Discussion
Our framework demonstrates that combining multi-layer
feature with Max-WEnt in the metamodel substantially im-
proves uncertainty estimation while maintaining efficiency.
Early layers capture texture variations linked to aleatoric

Model Metric OOD Datasets

DIV2K HAM10000 BreakHIS

Base Model Entropy 69 71 44
Max-P 64 67 51

BAY-MED D-Ent 73 78 36
MI 79 87 53
Entropy 62 58 38
Max-P 62 58 43

Our Model D-Ent 76 88 98
MI 80 95 67
Entropy 75 86 99
Max-P 81 96 87

Table 1: AUROC(%) of OOD detection on medical-imaging
benchmarks, using ResNet-18 trained on BACH.

Model Metric OOD Datasets

SVHN Fashion-MNIST ImageNet-C

Base Model Entropy 88.2 84.1 95.3
Max-P 85.6 82.5 91.1

Our Model D-Ent 90.1 82.2 97.0
MI 99.3 91.6 99.9
Entropy 84.0 79.1 88.6
Max-P 91.4 84.1 77.4

Table 2: AUROC(%) of OOD detection on natural-image
benchmarks, using ResNet-18 as base model on ImageNet.

noise, while deeper layers encode semantic cues tied to mis-
classifications. Max-WEnt further prevents the fusion pro-
cess from collapsing onto a single dominant layer, typically
the deepest one; thereby maintaining diversity among fea-
ture contributions and improving epistemic sensitivity un-
der distribution shift. Since the backbone remains frozen,
all these gains arise solely from the metamodel, making the
overall approach lightweight, easy to deploy, and well-suited
for trustworthy AI applications.

Limitations & Future Work
Our method represents an incremental extension of prior ev-
idential metamodels, and therefore we do not include com-
parisons with heavier UQ baselines (e.g., deep ensembles)
or report additional calibration metrics such as ECE, NLL,
Brier score, or reliability diagrams. The approach demon-
strates comparatively lower performance on natural-image
OOD detection, indicating an opportunity for further im-
provement in this setting. Additionally, the metamodel is
trained using noisy ID data as a surrogate for uncertainty,
as no OOD samples are used during training.

Future work includes developing a more principled ID-
only training strategy to enhance generalization, examining
the theoretical basis of Max-WEnt based feature fusion, an-
alyzing metamodel training dynamics, creating more com-
pact variants via better pretrained feature selection, and ex-
tending the framework beyond vision tasks.
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