
Distribution-Aware Feature Selection for Post-hoc
Out-of-Distribution Detection

Max Gutbrod1,2 , David Rauber1 , and Christoph Palm1,2

Regensburg Medical Image Computing (ReMIC)1 and Research Center of Health
Sciences and Technology (RCHST)2, OTH Regensburg, Regensburg, 93053, Germany

Abstract. Robust out-of-distribution (OOD) detection is crucial for
deploying deep learning systems in high-stakes settings such as medi-
cal imaging and autonomous driving. Post-hoc feature-based detectors
are attractive because they operate on pre-trained models, yet they of-
ten treat all feature dimensions as equally informative. We show that
OOD-discriminative information in deep feature representations is of-
ten concentrated in subsets of features and is frequently axis-aligned. To
exploit this structure, we introduce a distribution-aware feature selec-
tion strategy that ranks feature dimensions according to the discrepancy
between in-distribution (ID) and OOD feature distributions, using the
Wasserstein-1 distance as a principled metric.
To avoid the need for curated OOD validation data, we construct proxy-
OOD data based on cross-domain mixup and evaluate adversarial per-
turbations as an alternative. Our method is a lightweight, broadly ap-
plicable add-on to existing feature-based OOD detectors that requires
no retraining or changes to scoring functions. Evaluations across pub-
lic benchmarks spanning medical and natural image domains show con-
sistent performance improvements, while the reduced feature set lowers
computational complexity and enables substantially faster inference. Our
code is available at https://github.com/remic-othr/mfs-ood.
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1 Introduction

Out-of-distribution (OOD) samples – inputs drawn from distributions unseen
during training – pose substantial risks when Machine Learning (ML) models are
deployed in safety-critical domains such as autonomous driving and healthcare.
ML models typically assume in-distribution (ID) inputs, making them unreliable
under distribution shift [4, 36]. This challenge has long been recognized in ML
research and is now echoed in the European Union’s Artificial Intelligence (AI)
Act, which requires high-risk AI systems to be resilient to unforeseen scenarios
and to incorporate safeguards against undesirable behavior [1].

To allow fair comparisons among OOD detection methods, standardized
frameworks were developed. OpenOOD [93,98] provides benchmarks on natural
images, while OpenMIBOOD [29] focuses on medical imaging. Both frameworks
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contain three OOD settings: covariate-shifted ID (cs-ID), near-OOD, and far-
OOD, thereby providing a comprehensive basis for systematic evaluation.

OOD detection approaches can broadly be divided into training-based and
post-hoc methods. While training-based methods modify the learning objective
or model architecture, post-hoc approaches operate on a pre-trained network
without requiring retraining. Among post-hoc approaches, feature-based meth-
ods have emerged as a strong and widely adopted family, leveraging intermediate
representations of deep neural networks to distinguish ID from OOD samples.
These methods operate on high-dimensional representations, often treating all
feature dimensions as equally informative. However, prior work has shown that
feature dimensions contribute unequally to OOD detection, and that retaining,
reweighting, or projecting features can substantially improve performance [2,24,
42, 88, 91, 96]. These findings motivate studying how OOD-discriminative infor-
mation is structured in learned feature representations and whether this struc-
ture can be exploited to identify informative feature dimensions.

Similar to other works [19, 82, 96], our approach relies on marginal feature
selection (FS), which is most effective when OOD-discriminative signals are at
least partly axis-aligned. Batch normalization (BN) has been shown to promote
orthogonality and reduce correlations between feature directions in certain set-
tings in deep random networks, which may encourage less redundant representa-
tions [15]. At the same time, dimension-wise nonlinearities such as ReLU operate
independently on each feature and promote sparse activations [25]. While orthog-
onality alone does not imply axis alignment, the combination of decorrelation
and sparsity may encourage representations in which discriminative information
concentrates in a subset of features, which we investigate empirically.

To evaluate whether OOD-discriminative information is indeed concentrated
in individual feature dimensions, we perform a rotation study on features ex-
tracted from several pre-trained CIFAR-10 models across five architectures [11].
We compare OOD detection performance using AUROC in three settings: (1)
in the original feature space, (2) after applying our marginal FS (Sec. 4.1), and
(3) after applying random Haar orthogonal rotations [80] to the feature space
followed by marginal FS. These rotations preserve Euclidean distances and thus
leave the detector’s full-dimensional performance unchanged, while redistribut-
ing axis-aligned signals across multiple dimensions. Consequently, if AUROC
after marginal FS degrades under rotation, this suggests that the representation
relies on axis-aligned discriminatory structure. Figure 1 (left, top) provides em-
pirical evidence on the evaluated datasets that OOD-discriminative information
can concentrate in individual dimensions across several architectures. However,
such axis-aligned discriminatory features are not guaranteed to transfer across
OOD shifts and datasets. Therefore, in Fig. 1 (left, bottom) we evaluate AUROC
performance when features are selected using one OOD dataset and evaluated
on another. Supp. Sec. A describes the experimental setup in more detail.

The results indicate that OOD-discriminative information is often axis-aligned
and can partially transfer across distribution shifts, a structure our Wasserstein-1
distance (WD)-based FS strategy exploits to identify discriminative feature di-
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Fig. 1: Left (top): Marginal feature selection (FS) increases AUROC by retaining
the features that are most discriminative between ID and OOD for each OOD dataset.
Applying random orthogonal rotations before FS reduces AUROC, suggesting that
OOD-discriminative information is largely axis-aligned. Left (bottom): AUROC also
improves when features are selected on one OOD dataset and evaluated on another,
indicating that discriminative features can transfer across OOD shifts. ∆AUROC cor-
responds to AUROC after marginal FS minus AUROC obtained using all dimensions.
In all cases, CIFAR-10 was used as ID dataset. Right: AUROC comparison across nat-
ural and medical imaging benchmarks, averaged over cs-ID, near-OOD, and far-OOD
settings. Diamonds indicate methods using feature space transformations, while circles
indicate those without. The proposed marginal FS improves results in both domains.

mensions for OOD detection. Estimating such separability, however, requires ex-
amples of distributional shift. In practical deployment, the target OOD distribu-
tion is unknown and labeled OOD validation data is unavailable. Consequently,
post-hoc methods rely on proxy shifts for tasks such as threshold calibration and
detector tuning. We construct these proxies via cross-domain mixup [97], which
allows us to generate shifts of varying strength while using only a small cross-
domain pool. Importantly, our strategy is designed to be broadly applicable to
feature-based OOD detection methods, typically without requiring modifications
to the base approach. To assess its effectiveness across different OOD detectors
and data domains, we evaluated our FS strategy using three feature-based OOD
detection methods on three medical imaging benchmarks and two natural image
benchmarks. Figure 1 (right) shows that our WD-based marginal FS consistently
improves OOD detection performance across these benchmarks. Our contribu-
tions are as follows:

– We provide empirical evidence that OOD-discriminative information in deep
feature representations is often concentrated in a subset of feature dimensions
and that these dimensions can transfer across distribution shifts.
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– We introduce a distribution-aware feature selection strategy for post-hoc
OOD detection that measures separability between ID and OOD feature
distributions using the Wasserstein-1 distance.

– We propose a practical proxy-OOD validation strategy based on cross-domain
mixup and evaluate adversarial perturbations as an alternative.

– We demonstrate consistent improvements across natural-image and medical-
imaging benchmarks, while significantly reducing inference cost by removing
non-informative feature dimensions.

2 Preliminaries

OOD Detection Problem Statement. Let X = Rp denote the p-dimensional in-
put space, Y = {1, 2, . . . , c} the label space with c target classes, and D =
{(xi, yi)}Ni=1, with xi ∈ X and yi ∈ Y, the ID training dataset consisting of N
samples. Let fD : X → Y be a deep neural network (DNN) trained on D, com-
posed of an encoder hθ : X → Z = RD and a classifier gϕ : Z → Y, such that
y = f(x) = gϕ(hθ(x)). The latent feature representation is zi = hθ(xi) ∈ Z.

To perform OOD detection on x, a scoring function S : x 7→ R assigns a scalar
score. The binary classifier G separates ID from OOD using λ as threshold:

G(x;λ) =

{
ID S(x) ≥ λ,

OOD S(x) < λ.
(1)

For methods that operate on intermediate features, z is used in place of x.

OOD Scenarios. Standardized benchmarks such as OpenOOD [93,98] and Open-
MIBOOD [29] distinguish between three types of OOD scenarios, which provide
a principled basis for evaluating OOD detection methods across varying degrees
of distributional shift:

– cs-ID: Samples that retain the same labels but differ in input distribution,
e.g., images acquired with a different device compared to the ID data.

– near-OOD: Samples with different underlying labels, typically accompanied
by changes in input distribution.

– far-OOD: Samples from entirely different contexts, with both label changes
and pronounced covariate shifts [94].

3 Related Work

We first provide a brief overview of the two main families of OOD detection:
training-based and post-hoc approaches. We then review studies that transform
feature representations to improve OOD detection.
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Training-based Approaches. Training-based methods modify the model architec-
ture [18,89] or loss function [31,37] to explicitly account for OOD inputs. During
training, these approaches often require auxiliary OOD data, obtained from ex-
ternal datasets, adversarial generation, or data augmentation. Examples include
extending the network with OOD-specific branches [18] or with auxiliary output
classes [89]. In contrast, Hendrycks et al . [37] and Hein et al . [31] train with
real OOD samples in the loss, while Yang et al . [95] train with mixup-generated
samples [97] derived from ID data and additional affine transformations. While
effective, these methods come at the cost of increased training complexity and
require retraining before they can be implemented in existing systems.

Post-hoc Approaches. Post-hoc methods rely solely on outputs from a pre-
trained network. They require no retraining and thus preserve the performance
of the downstream task. These methods can be grouped into three categories:
classification-based, feature-based, and hybrid methods [29].

– Classification-based methods rely solely on logits or softmax probabilities
[8, 23,28,32,33,36,50,55,56].

– Feature-based methods use representations from the penultimate layer [21,
49,64,83,88,99] or combine information from all intermediate layers [49,76].

– Hybrid methods combine both types of information [19,53,54,81,82,88,92].

Among the feature-based approaches, three top-performing approaches across
medical- and natural-image benchmarks are MDSEns/MDS [49], MDS++ [64],
and kNN [83]. Lee et al . [49] compute the Mahalanobis distance score (MDS)
between a test sample and the nearest class-conditional Gaussian distribution
estimated from the ID training data on the penultimate layer. MDSEns ex-
tends this approach by incorporating intermediate layers, for which aggregation
weights are tuned using an OOD validation set, approximated with adversari-
ally perturbed ID data [26]. Mueller et al . introduce MDS++ [64], normalizing
features prior to MDS computation. Sun et al . propose kNN [83], adopting a
non-parametric approach using the k -th nearest ID neighbor distance as score.

Generative and unsupervised OOD detection. Generative and unsupervised ap-
proaches model ID structure without relying on classifier confidence, e.g ., through
likelihood-ratio scores, autoencoder-style reconstruction errors, or self-supervised
representation learning [5,70,77,84]. However, we omit this branch from our em-
pirical comparison since it is complementary to our focus on post-hoc feature-
based detectors for pretrained discriminative models.

Feature Space Transformation for OOD Detection. Prior work improves OOD
detection by transforming feature representations, including marginally selecting
informative subsets [19,82,96], jointly projecting features into lower-dimensional
subspaces [24,42,88,91,101], and reshaping features [69,81,92].

Woodland et al . [91] evaluate a class-agnostic MDS [49] in combination with
principal component analysis (PCA) in the context of medical imaging. Kamoi
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and Kobayashi [42] use PCA to select dimensions with the least explained vari-
ance. Ghosal et al . [24] propose a training-time subspace learning approach tai-
lored to kNN-based OOD detection. Since it requires retraining the backbone,
it is fundamentally different from our post-hoc setting and is therefore not in-
cluded in the empirical comparison. In [101], Zongur et al . separate the feature
space into task-relevant and residual subspaces. They then fuse a pruned energy
score from the task-relevant space with a similarity-based density estimate from
the residual components. Yuan et al . [96] use a discriminability score based on
inter-class similarity and variance to mask less informative dimensions. Residual
and ViM [88] project features into a subspace spanned by top eigenvectors of
the ID covariance, assuming deviations from this subspace indicate OOD sam-
ples. ViM continues to use features from this subspace to compute an energy
score based on logits. ReAct [81] clips features that show an abnormally high
activation based on given ID activations. Djurisic et al . [19] mask features based
on the lowest pth-percentile of feature activations. Instead of masking features,
Xu et al . [92] use the pth-percentile as a dimensionality-wise scaling parameter.
Similarly, Regmi [69] calculates an adaptive per-sample scaling parameter.

Although prior work has applied WD to OOD detection [21, 58, 90] and to
dimensionality reduction outside the OOD setting [13,14,20], to the best of our
knowledge, it has not been used for FS in OOD detection. In contrast to other
methods that employ WD, we use it to identify discriminative feature dimensions
rather than as an OOD scoring function. The resulting subset can then be used
with feature-based OOD detectors without modifying their scoring functions.

4 Methodology

In this section, we present our method to select the most discriminative feature
dimensions for OOD using the Wasserstein-1 distance (WD) (Supp. Sec. G) and
describe how we construct OOD validation data.

4.1 Wasserstein Distance-based Feature Selection

Effective FS for OOD detection should yield feature spaces in which ID and
OOD samples remain separable. Unlike dimensionality reduction (DR), which
constructs new representations, FS preserves a subset of the original dimen-
sions. Neither established DR techniques, such as PCA [39], stochastic neighbor
embeddings (t-SNE) [60], and uniform manifold approximation and projection
(UMAP) [61], nor existing FS strategies for OOD detection are explicitly op-
timized for this objective (cf. Sec. 3). To close this gap, we quantify ID/OOD
separability using the WD, a distributional discrepancy measure that captures
differences in feature distributions. It detects differences in spread, shape, or
multimodality, remains well-defined for non-overlapping supports, and avoids
strong parametric assumptions, making it well-suited for measuring separability.

Ideally, one would evaluate all joint combinations of feature dimensions that
provide the best ID/OOD separability, but this is computationally intractable
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Fig. 2: Illustration of our strategy for identifying features that best differentiate be-
tween in-distribution (ID) and out-of-distribution (OOD) data. Samples from the ID
dataset and synthetic samples, created via mixup [97] or adversarial perturbation [26],
are input to a DNN. Feature maps are spatially reduced using average pooling. The
resulting set of embeddings forms feature-wise distributions for both ID and synthetic
OOD samples. The Wasserstein-1 distance between these distributions is used to iden-
tify the top-k most discriminative feature dimensions for OOD detection. Credits:
Cancer cells, Dr. Cecil Fox, Public Domain; White Egret, Paul Brennan, CC0.

even for moderate feature dimensionality, as outlined in Supp. Sec. B. As a
practical alternative, we compute the marginal WD for each feature indepen-
dently. Let ρ and ν denote the empirical distributions of the ID and OOD fea-
ture representations in Z, respectively. For a given dimension d ∈ {1, . . . , D},
let {a(d)1 , . . . , a

(d)
N } and {b(d)1 , . . . , b

(d)
M } denote the corresponding ID and OOD

feature values. Sorting these values separately allows efficient computation of
the WD via the area between their empirical cumulative distribution functions
F

(d)
ρ and F

(d)
ν :

W
(d)
1 =

∫ ∞

−∞

∣∣∣F (d)
ρ (t)− F (d)

ν (t)
∣∣∣ dt. (2)

This calculation scales as O(D · (N logN + M logM)), dominated by sorting.
To ensure comparability of WD values across feature dimensions, we normalize
features using ID-based min-max scaling.

We pick the top-k dimensions Ik with the highest WD:

τ = argsort
(
W

(1)
1 , . . . ,W

(D)
1

)
in descending order, with Ik = {τ1, . . . , τk}.

(3)
This marginal feature selection (MFS) strategy retains the dimensions that

marginally contribute most to ID/OOD divergence, relying solely on the global,
class-agnostic structure of the feature space. By removing features that con-
tribute little to ID/OOD separability, MFS reduces noise in distance- and density-
based scores, thereby improving detector discrimination. Crucially, MFS is per-
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formed once as a preprocessing step. During inference, detectors operate on the
reduced feature space, which lowers computational cost. The retained fraction
α is chosen by hyperparameter search over a held-out OOD validation set, se-
lecting the value that maximizes validation AUROC. When no reduced fraction
improves over the full space, the search selects α=1.0, so the method falls back
to the full feature space and exactly preserves the original detector performance.
Such results are marked with a gray background in our result tables. Importantly,
our approach does not strictly require axis-aligned separability, but rather ex-
ploits it, when present. Because penultimate-layer dimensionality varies across
architectures, we tune the fraction of retained feature dimensions α and compute
k=⌊αD⌋ rather than selecting fixed dimensions. An overview of the method is
presented in Fig. 2.

4.2 OOD Validation Data

One component of our MFS strategy is the use of a validation distribution to
identify discriminative feature dimensions. Ideally, this distribution should re-
semble the types of OOD data expected during deployment. However, curated
OOD validation datasets are often unavailable.

A possible workaround is to generate adversarial samples from ID data, as
proposed by Lee et al. [49], using Fast Gradient Sign Method (FGSM) [26].
This approach avoids external datasets and relies solely on ID samples, but it
assumes that adversarial perturbations produce feature activations that reveal
separability between ID and OOD data. For models trained with adversarial
robustness in mind, however, changes in feature activations may be suppressed.
In this case, adversarial samples may provide weak separability signals, limiting
their effectiveness for MFS.

As a practical alternative, we construct proxy-OOD validation data using
mixup [97]. Mixup is commonly applied between ID samples, producing inter-
polations that remain close to the ID manifold in feature space. While this can
improve generalization, it may not induce sufficiently strong OOD shifts, partic-
ularly in models trained with mixup. To generate samples that move representa-
tions away from the ID manifold, we instead mix ID samples with cross-domain
data readily available in standard OOD benchmarks. As a cross-domain source,
we use natural images for medical models, and medical images for models trained
on natural images, which avoids semantic overlap with ID classes.

To induce a range of domain shifts, we generate mixup samples with a ran-
domly selected ID ratio r ∈ {0.25, 0.5, 0.75}, computing proxy-OOD samples as
xOOD,i = rixi + (1 − ri)mj , where x is the i-th sample in the batch, ri a ran-
domly selected ratio for the ID sample, and mj a randomly drawn sample from
the cross-domain pool.

Both adversarial samples and cross-domain mixup provide effective proxies
but induce different shifts. The most suitable proxy may therefore depend on
deployment conditions and model robustness. However, MFS does not need the
proxy to identify the feature subset that would be optimal for any particular
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Table 1: Performance comparison (AUROC↑/FPR@95↓) of all evaluated methods
averaged across benchmarks and OOD categories. Improvements over the respective
base OOD detector are bolded. Results for which α equals 1.0 have a gray background.
*OASIS-3 uses LUNA16 3D scans as proxy data (cf. Sec. 5). Results for our variants
are mean ± standard error (Supp. Sec. E). Best results for each column are underlined.

Method MIDOG PhaKIR OASIS-3* CIFAR-10 ImageNet1k Average
AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓ AUROC↑ FPR95↓

D
ir

ec
t

C
o
m

p
a
ri

so
n

kNN (2022) [83] 70.64 67.88 42.41 94.93 98.96 5.28 88.02 44.15 79.10 58.80 75.83 54.21
kNNMFS (Ours) 76.66

±0.140
60.68
±0.241

42.41
±0.000

94.93
±0.000

99.55
±0.015

2.82
±0.138

88.41
±0.001

42.93
±0.006

81.37
±0.023

55.64
±0.043

77.68
±0.028

51.40
±0.043

MDS (2018) [49] 70.91 69.73 61.33 79.65 97.49 7.86 84.54 52.35 64.60 76.11 75.77 57.14
MDSMFS (Ours) 76.16

±0.163
58.77
±0.206

62.74
±0.060

78.91
±0.141

98.52
±0.017

6.10
±0.082

84.79
±0.005

51.93
±0.012

68.78
±0.021

70.61
±0.035

78.20
±0.038

53.27
±0.049

MDS++ (2025) [64] 72.16 65.74 57.64 89.76 99.85 0.71 86.44 52.20 80.18 55.16 79.25 52.71
MDS++MFS (Ours) 76.78

±0.225
62.35
±0.534

57.23
±0.108

91.29
±0.149

99.84
±0.005

0.76
±0.053

86.82
±0.012

50.56
±0.044

81.38
±0.004

53.46
±0.016

80.41
±0.049

51.68
±0.107

S
u
b
sp

a
ce

Partial MDS (2020) [42] 71.88 67.58 62.18 79.49 97.43 7.92 82.66 56.56 64.01 76.74 75.63 57.66
Residual (2022) [88] 72.79 66.23 63.81 79.08 97.95 6.78 82.74 56.70 58.80 84.93 75.22 58.74
ViM (2022) [88] 72.16 66.24 50.27 94.77 94.47 14.52 86.69 50.39 80.37 54.73 76.79 56.13
PCA MDS (2024) [91] 73.56 63.90 66.01 76.35 98.69 4.85 81.83 57.46 55.60 87.21 75.14 57.95
ActSub (2025) [101] 69.94 70.83 52.15 81.98 91.19 26.98 80.70 64.27 86.12 44.76 76.02 57.76

M
a
rg

in
a
l

S
el

ec
ti

o
n ASH (2022) [19] 67.78 80.59 66.88 71.73 79.57 40.70 79.50 81.73 83.82 50.76 75.51 65.10

DICE (2022) [82] 62.59 87.83 43.66 91.53 23.95 94.32 81.44 72.99 79.86 62.26 58.30 81.79
DDCS (2024) [96] 69.97 76.45 49.27 81.63 63.81 62.92 81.03 73.30 80.91 57.64 69.00 70.39

F
ea

tu
re

S
h
a
p
in

g ReAct (2021) [81] 65.35 79.76 35.04 97.43 64.16 65.56 84.13 67.10 82.07 55.46 66.15 73.06
SCALE (2023) [92] 65.09 84.89 65.84 72.40 89.02 31.80 80.64 79.08 84.43 49.98 77.01 63.63
AdaScale-A (2025) [69] 60.48 82.40 61.65 88.38 93.72 28.21 82.00 75.46 86.17 44.86 76.80 63.86

U
n
re

l. SHE (2023) [99] 70.26 68.05 44.64 96.39 94.10 14.30 86.43 48.12 82.09 53.22 75.50 56.01
NCI (2025) [54] 69.71 69.74 52.28 81.83 66.55 57.18 85.32 57.35 83.05 52.59 71.38 63.74

unknown deployment OOD distribution but only to reveal features that are
broadly useful for separating ID from OOD.

5 Experiments and Results

This section describes the choice of the selected post-hoc feature-based OOD
detection methods and additional baselines, along with the experimental setup
and metrics. We then report and discuss the results.

Evaluated Methods. We extend three base OOD detectors with our MFS strat-
egy (Sec. 4.1), resulting in kNNMFS, MDSMFS, and MDS++MFS. Primarily, we
compare these methods to their original counterparts. Additionally, we compare
them against several families of OOD detectors. First, we include subspace-
based DR methods (Partial MDS [42], PCA MDS [91], ActSub [101], Resid-
ual [88], ViM [88]), which utilize joint projections of the feature space. Second,
we evaluate marginal FS approaches (ASH [19], DDCS [96], DICE [82]). Third,
we consider feature shaping methods (ReAct [81], SCALE [92], AdaSCALE-
A [69]) that modify activations without explicit dimension masking. Finally, we
include strong post-hoc baselines (SHE [99], NCI [54]) that are competitive but
methodologically unrelated to our contribution. COMBOOD [67] is not included
in our comparison as we were unable to match the reported performance (Supp.
Sec. E.1). Similar discrepancies have also been reported in previous work [40,79].
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Experimental Setup. We show the effectiveness of our MFS by evaluating two
natural image benchmarks and three medical imaging benchmarks from Open-
OOD [93] and OpenMIBOOD [29], respectively: CIFAR-10, ImageNet1k, MI-
DOG, PhaKIR, and OASIS-3. In total, this covers 16 natural [9,12,16,17,34,35,
38, 45, 48, 65, 68, 87, 88, 100] and 14 medical datasets [3, 6, 7, 10, 30, 41, 43, 44, 47,
51,62,66,72–75,85,86] as presented in Supp. Tab. C1. To ensure comparability,
we use the classification models provided by each framework, as listed in Supp.
Tab. C2.

For cross-domain mixup, we use the official validation splits of PhaKIR and
CIFAR-10 as auxiliary data. For the medical imaging benchmark OASIS-3, how-
ever, we deviate from the cross-domain setting as the underlying classifier op-
erates on 3D volumes. Mixing 2D natural images into volumetric data is ill-
defined: it would require either repeating a single image across slices or inserting
different images per slice, both of which introduce artificial structures unre-
lated to plausible domain shifts. Moreover, even small cross-domain contribu-
tions induce large distribution shifts, preventing the generation of samples span-
ning different OOD severities. Instead, we use the in-domain far-OOD dataset
LUNA16 [78], which consists of 3D lung CT scans and is not part of the OASIS-
3 benchmark. These proxy-OOD data are used only for the MFS preprocessing
step, i.e., to rank feature dimensions and select the retained feature fraction
α. All subsequent method-specific hyperparameter tuning follows the default
OpenOOD/OpenMIBOOD validation protocol.

Metrics. We evaluate all methods using two standard metrics: AUROC and
false positive rate (FPR). AUROC quantifies overall discriminability between
ID and OOD across all thresholds, with higher values indicating better perfor-
mance. FPR@95 measures the false positive rate when 95% of OOD samples are
correctly detected, with lower values indicating better performance.

5.1 Benchmark Results

The results for all evaluated methods and benchmarks are shown in Tab. 1.
We report the averaged results for each benchmark across the three evaluation
settings cs-ID, near-OOD, and far-OOD, and present detailed results in Supp.
Sec. E.

Comparison to Original Methods. Tab. 1 shows that the MFS variants consis-
tently improve their corresponding base detectors. This trend holds for both
kNN- and Mahalanobis-based methods and is reflected in higher AUROC and
lower FPR@95 values. Notably, augmenting the simple kNN detector with MFS
yields performance competitive with, and in some cases exceeding, recent state-
of-the-art methods, achieving the lowest overall FPR@95 across benchmarks.

Performance gains are particularly pronounced for MDS, suggesting that
MFS effectively suppresses noisy dimensions while preserving the covariance
structure required by the method. Further, even the strong MDS++ baseline
benefits from MFS, yielding the best overall detection performance across the



Distribution-Aware Feature Selection for OOD Detection 11

evaluated benchmarks. Notably, MDS++MFS is the only evaluated method that
decreases the FPR@95 to zero in the cs-ID regime for OASIS-3.

Besides these gains in AUROC and FPR@95, MFS reduces runtime on av-
erage by 58.89% (kNNMFS), 27.03% (MDSMFS), and 42.76 % (MDS++MFS)
compared to the original methods. For instance, by selecting only 1 % of the
feature dimensions, kNNMFS on MIDOG reduces runtime by ≈97%, while si-
multaneously improving AUROC by 5.74 percentage points (p.p.) and FPR@95
by 6.75 p.p. The runtime performance results can be found in Supp. Sec. E.2.

Comparison to Remaining Baselines. Across benchmarks, our MFS variants
outperform all remaining baselines on average, although a small number of indi-
vidual baseline results are competitive. Several baselines exhibit strong dataset-
dependent behavior, underscoring the importance of multi-benchmark evaluation
across domains. ActSub [101] and AdaScale-A [69] achieve outstanding perfor-
mance on ImageNet1k (IN1k), yet fail to maintain this performance level on other
benchmarks. Conversely, Residual [88] and PCA MDS [91] perform well in the
medical setting, but fail on IN1k. Among the three baselines using marginal FS
strategies, which are conceptually closest to our approach, only ASH [19] shows
comparatively robust performance across benchmarks. In contrast, DICE [82]
and DDCS [96] exhibit highly variable performance across benchmarks.

To ensure a controlled comparison, we additionally tune all marginal selection
and subspace baselines with the same proxy-OOD protocol used by our MFS
variants. In the main results, feature selection for our variants is based on proxy-
OOD data, while feature selection or subspace learning for the baselines uses real-
OOD validation data. Tuning the baselines on real-OOD data rather than our
proxy raises their AUROC by +0.65 points on average for subspace methods and
+3.04 for marginal-selection methods. Conversely, granting our variants the same
real-OOD validation set increases their AUROC by +2.41 (kNNMFS), +1.02
(MDSMFS), and +0.82 (MDS++MFS). The reported gains of MFS are therefore
conservative and would widen further if MFS also used real-OOD data for feature
selection. Further details are provided in Supp. Sec. E.4.

Performance on the PhaKIR Benchmark. The PhaKIR benchmark reveals a
failure mode of distance-based OOD detection in strongly anisotropic feature
spaces. The analysis of the feature space of PhaKIR’s classification model shows
that ID/OOD separability is distributed across many feature dimensions, yet
kNNMFS fails to identify a viable subset. This behavior can be explained by
variance dominance in the feature space. A large portion of the discriminative
information aligns with high-variance directions, dominating kNN distances and
suppressing contributions from ID/OOD separating low-variance components.
Consequently, validation AUROC increases steadily as more features are re-
tained, preventing subset selection (Supp. Fig. E5). Whitening removes this
dominance by equalizing variance across dimensions, allowing the distributed
discriminative signal to influence distances. The validation performance then sat-
urates early, enabling kNNMFS to select a subset and improve AUROC by ≈14
points. An analysis supporting this interpretation is provided in Supp. Sec. E.3.
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Fig. 3: Average test AUROC across cs-ID, near-OOD, and far-OOD settings for varying
retained feature fractions α (0.1, . . . , 1.0) on all benchmarks using MDSMFS. In each
benchmark, MFS selects a feature subset based on validation data (gray circles) at
or close to the performance optimum. Additionally, ten randomly selected subsets are
evaluated and averaged for each α for MIDOG, PhaKIR, and IN1k (dashed lines).

5.2 Influence of Retained Feature Fraction α

The sensitivity analysis in Fig. 3 examines the performance of MDSMFS across
different retained feature fractions α. For most benchmarks, AUROC remains
stable over a broad range of dimensionalities, indicating substantial redundancy
in the learned representations for ID/OOD discrimination. On MIDOG, per-
formance decreases as more dimensions are retained, suggesting that additional
features introduce noise rather than useful signal. OASIS-3 shows a similar but
weaker trend, with a slight decline toward higher dimensionalities. CIFAR-10
remains largely insensitive to α, demonstrating that strong reduction is pos-
sible without degrading detection performance. In contrast, PhaKIR improves
steadily up to α=0.7, confirming that separability is distributed across many
features and that aggressive reduction degrades performance significantly. No-
tably, in all cases, the selected α-value lies on or near the performance optima,
indicating that our MFS strategy consistently identifies viable subsets.

5.3 Marginal Selection Metrics and Proxy-OOD Construction

The proposed marginal FS requires (i) a feature-wise measure of distribution
shift and (ii) a proxy distribution that approximates OOD data, both of which
we evaluate in this section. To assess the influence of the proxy shift, we evalu-
ate adversarial perturbations and cross-domain mixup as OOD distributions for
MFS (Sec. 4.2). We also compare against random feature subsets to test whether
gains come from our MFS rather than merely reducing dimensionality.

Shift measures. We evaluate four feature-wise discrepancy measures: Jensen-
Shannon (JS) divergence [52], Maximum Mean Discrepancy (MMD) [27] with a
linear kernel, MMD with a radial basis function (RBF) kernel and the Wasser-
stein-1 distance (WD). JS is preferred over Kullback-Leibler (KL) [46] because
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Table 2: (a) AUROC comparison of feature-wise discrepancy measures –
Jensen–Shannon (JS), MMD with linear and RBF kernels, and Wasserstein-1 Distance
(WD) – for marginal FS and (b) proxy-OOD strategies: Adversarial (AD) and Mixup
(MU). Results are averaged across medical and natural image benchmarks.

(a) Measure comparison

kNNMFS MDSMFS MDS++MFS

Med. Nat. Med. Nat. Med. Nat.

JS 71.96 84.35 78.06 75.90 77.73 83.77
MMDlin 72.86 84.72 79.10 76.80 77.16 84.02
MMDrbf 72.90 84.73 79.11 76.72 77.42 83.96
WD 72.87 84.89 79.14 76.79 77.95 84.10

(b) Proxy-OOD comparison

kNNMFS MDSMFS MDS++MFS

Med. Nat. Med. Nat. Med. Nat.

AD 72.79 84.84 76.42 77.19 76.85 84.01
MU 72.87 84.89 79.14 76.79 77.95 84.10

it is symmetric and smooths KL using a mixture distribution, which yields a
stable measure that remains well-defined when supports do not overlap. The
linear-kernel MMDlin reduces to the difference between mean feature embed-
dings, whereas the RBF variant captures non-linear distributional differences.
The RBF’s bandwidth parameter is set using the median heuristic [63]. As shown
in Tab. 2a, all measures yield comparable performance, indicating that MFS
does not depend strongly on a specific shift metric. The near-identical perfor-
mance of WD and both MMD variants suggests that the ID/OOD shift may be
largely driven by location differences rather than more complex distributional
differences, such as multimodality. We favor WD due to its parameter-free for-
mulation and lower computational complexity; O(D · (N logN +M logM)) vs.
O(D ·(N+M)2) for MMDrbf. Nevertheless, MMDlin provides a computationally
inexpensive alternative if the one-time setup cost for MFS is critical.

Comparison to random subset selection. To verify that performance gains stem
from discriminative features rather than reduced dimensionality alone, we com-
pare MDSMFS to random feature subsets for MIDOG, PhaKIR, and IN1k. As
shown in Fig. 3, MFS consistently outperforms random subsets by a large mar-
gin on MIDOG and IN1k. On PhaKIR, however, random subsets in the range
between 0.1 and 0.2 slightly outperform MFS. This behavior reflects the interac-
tion between distributed separability and variance-dominated distance geometry
(Supp. Sec. E.3). Although informative low-variance directions exist for ID/OOD
separation, selected subsets still include high-variance components that dominate
kNN distances and suppress these informative features. In contrast, random se-
lection occasionally removes many dominant directions, allowing the informative
low-variance signal to influence the score. Comparing the distribution of the WD
across features between PhaKIR and IN1k (Supp. Fig. E3) suggests that both
the spread of discriminative information across features and its alignment with
high-variance components (Supp. Fig. E4) influence gains achievable with MFS.

Proxy-OOD construction. As shown in Tab. 2b, both proxies yield comparable
performance, with mixup providing a small advantage. This suggests that both
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constructions produce suitable proxy shifts for FS, indicating that the method
is not strongly dependent on the specific proxy-OOD generation strategy. How-
ever, cross-domain mixup offers a practical default because it induces distribu-
tion shifts independent of model robustness and common training procedures.
Importantly, gains across all OOD settings (cs-ID, near-OOD, far-OOD, Supp.
Tab. E1) confirm that both proxies can generalize effectively for FS guidance.
The proxy-stability analysis in Supp. Sec. F supports this, showing substantial
overlap between selected features across different cross-domain proxy datasets.

Overall, these results suggest that performance gains are closely tied to the
ability to identify informative feature dimensions, rather than to reduced di-
mensionality alone. Given its consistent performance across benchmarks, we use
WD-based MFS with mixup-based proxy data as our default configuration.

5.4 Comparing Marginal Selection and Joint Subspace Learning

While previous results suggest that OOD-discriminative information is largely
axis-aligned, such structure may also be distributed across combinations of fea-
tures. To examine this possibility, we evaluate a Wasserstein Discriminant Anal-
ysis-inspired [22] joint subspace learning (SL) approach that learns projections
maximizing ID/OOD separability. Full details on this approach can be found
in Supp. Sec. D. Because the SL approach mixes feature dimensions, strong
performance points to the presence of useful joint directions, whereas limited
gains suggest that separability is predominantly axis-aligned. As shown in Supp.
Tab. D2, MFS consistently improves performance across detectors and bench-
marks, while SL yields mixed results. While it occasionally improves performance
over its respective base detector, it often matches (α=1.0) or underperforms the
original feature space and rarely surpasses MFS. These findings further support
the interpretation that, for the considered benchmarks, discriminative structure
is predominantly axis-aligned, and that selecting informative dimensions is more
reliable than learning joint projections using a WD-based objective.

5.5 Generalization beyond Convolutional Backbones

Our evaluation focused on convolutional models, which are standard in the
OpenOOD and OpenMIBOOD frameworks. However, since our method oper-
ates post-hoc on extracted features, it is, in principle, architecture-agnostic. To
analyze the performance of MFS on a transformer architecture, we addition-
ally evaluate Swin-T Transformers [59]. For comparability, we use the publicly
available pre-trained checkpoint utilized in OpenOOD for IN1k, and the check-
point from [57] for CIFAR-10, as OpenOOD did not evaluate Swin-T on this
benchmark. The OpenMIBOOD benchmarks are not included due to the un-
availability of public transformer-based models. For the Swin-T architecture,
MFS yields consistent AUROC improvements over the base detectors (+0.21 for
kNN, +0.25 for MDS, and +1.71 for MDS++). These gains are primarily driven
by improved performance on CIFAR-10, whereas results on IN1k remain largely
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unchanged. Notably, the SL variants are competitive with MFS for this archi-
tecture, suggesting that Swin-T representations may contain more exploitable
joint discriminative structure than those of common convolutional backbones.
Results for all evaluated methods are shown in Supp. Tab. E2.

As a further preliminary check beyond discriminative backbones, we also ap-
ply MFS to representations from a generative Stable-Diffusion 2.1 VAE [71].
Despite having only four pooled channel dimensions, MFS still yields small AU-
ROC gains for MDS on both MIDOG (+0.22 AUROC points) and CIFAR-10
(+1.08 AUROC points). These results suggest that MFS may also benefit gener-
ative and low-dimensional representations, motivating a broader study in future
work. More details are shown in Supp. Sec. E.5.

6 Conclusion

We presented a distribution-aware marginal feature selection strategy for post-
hoc OOD detection that identifies feature dimensions maximizing ID/OOD sepa-
rability using the Wasserstein-1 distance. Extensive experiments across natural-
image and medical-imaging benchmarks show that discriminative information
is often concentrated in a subset of feature dimensions and can transfer across
distribution shifts.

The proposed method is broadly applicable, requires no retraining, and in-
tegrates seamlessly with existing feature-based detectors. By operating on a
reduced set of informative features, it improves detection performance while
substantially accelerating inference. For example, augmenting the kNN detector
reduces FPR@95 by 2.81 percentage points on average while lowering average
runtime by 58.9 %. Performance gains diminish when discriminative information
is broadly distributed or dominated by variance structure, suggesting benefits
from whitening or hybrid strategies in strongly anisotropic feature spaces. Over-
all, distribution-aware feature selection provides a simple, efficient, and broadly
applicable way to strengthen post-hoc OOD detection.
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